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Abbreviations and Selected Terms 

• Algorithm Refit: The default LR and GridSearch with cross validation refit options in sklearn use 

all the folds in turn – to train the data, then test on the last remaining fold. This generates k-

numbers of score metrics. The best model is retained and refitted on all the data. All refit results 

are thus (tuned) training metrics. 

• Balanced Accuracy: mean of recall for the classes (in binary cases, mean of sensitivity and 

specificity) – especially useful for an unbalanced dataset. In unbalanced datasets, the accuracy is 

an overestimate of the algorithms performance and bias algorithms can have impressive simple 

accuracies. The balanced accuracy mitigates this to some extent. (Brodersen, Ong et al. 2010) 

• Baseline/Naïve benchmark: the metric expected if a dummy algorithm predicts the majority 

class target for every case, all the time, irrespective of input (e.g., temporal lobe as it occurs 

most frequently). This helps set the benchmark to beat, especially in highly unbalanced datasets. 

i.e., this is the expected accuracy from naïve (biased) predictions.  

Univariate tests are also used to set univariate metric benchmarks for algorithms to be 

compared to.  

• C(E)S: cortical (electrical) stimulation 

• CL: contralatersl 

• Cross-validation (CV) metric: outside of the context of hyperparameter tuning, these metrics 

represent a much better estimate of the model performance on external data. If training metrics 

improve but cross-validation metrics fall, there is overfitting (high variance) and the model is not 

generalizable.  

• DomH: dominant hemisphere 

• DRE: drug resistant epilepsy 

• EHR: Electronic Health Record 

• Epileptogenic Zone (EZ): Region of brain when resected, renders the patient entirely seizure-free 

(ILAE 1 at all follow-up years). We have restricted this to a binary temporal-lobe vs involving 

extratemporal lobe(s).ESF: entirely seizure-free (ILAE 1 at all documented follow-up years) 

• ET: Epilepsy Topology 

• EUD-Loc: Estimate of Unbiased Distribution of Localisations 

• F1-macro: this is a useful summary performance metric combining (in binary classification) the 

sensitivity, specificity, PPV and NPV using the unweighted mean of the F1-scores for each class. 

F1-scores themselves, per class, are the harmonic mean of their recall (sensitivity) and precision 

(PPV). 

F1-score mean is the best metric for Step 1 (EZ prediction) in our opinion, due to the imablance 

in the dataset where temporal lobe resections exceed extratemporals by 4-5 : 1 (entire data set 

or just the ground truths). In this scenarios, F1-macro is lower than the simple accuracy metric.  

• FDZ: Functional Deficit Zone 



• FL(E): Frontal Lobe (Epilepsy) 

• GBM: Gradient Boosted Machine 

• Ground Truth, training-set, ESF: location of epileptogenic zone (EZ) with near certainty. Patients 

who become seizure free entirely (ILAE 1) at all follow up years (without even an ILAE 2 

outcomes) clearly had EZ which lay within the resected region. n=126 patients. This is sometimes 

also referred to as patients who are entirely seizure-free (ESF) or the “training set” for training 

algorithms on EZ-localisation. 

• HS: hippocampal sclerosis 

• Interactions terms: polynomial order 2 expansion of binary features (Semiology ± EZ and HS).  

• IPSI: ipsilateral 

• IZ: Irritative Zone 

• LOA: Loss of awareness 

• LOC: Loss of consciousness 

• LR: Logistic Regression 

• LZ: Lesional Zone 

• Matthews Correlation Coefficient (MCC): performance metric for binary predictions that 

combine true/false positives/negatives such that it may be more useful for unbalanced datasets 

than simple accuracy. -1 to +1, 0 representing random and +1 perfect prediction.  

• Metric (Performance): scoring metric. Accuracy, Sensitivity, Specificity, PPV, NPV, F-1 Score, F1-

macro, Balanced Accuracy, AUROC, Average Precision. 

• MRI: Magnetic Resonance Imaging 

• mTL: mesial temporal lobe 

• NonDomH: non-dominant hemisphere 

• NSF: had epilepsy surgery, but not ESF 

• PPV: positive predictive value (precision) 

• RFECV: Recurrent Feature Elimination with cross-validation. Only uses CV to select the optimal 

number of features to select. It then uses regular RFE (on the entire set) to actually preform 

selection. At each iteration of RFE, a number of features that have the lowest significance (in 

logistic regression, the lowest log-odds coefficients) are removed. This is set by the “step” 

argument e.g. step of 1 means the single least significant feature is excluded at each step before 

refitting the classifier on the data again and iterating. 

• Semiological Glossary and Descriptions can be found here (including file named “Semiology 

Descriptions v171.xlsx”): https://github.com/thenineteen/Semiology-Visualisation-

Tool/tree/master/resources  

• SoS: set of semiology. The clinical seizure manifestations including symptoms (auras) and signs 

(limb or other body movements). See also merged semiology.  

https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/master/resources
https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/master/resources


• SOZ: Seizure-Onset Zone  

• SPECT: Single Photon Emission Computed Tomography Statistical testing: all statistical testing 

were performed at three-levels of significance: at the Type I alpha=0.05 (* level 1), 0.005 (** 

level 2) and 0.0005 (*** level 3). Corrections for multiple comparisons are performed where 

stated.  

• SVM/C: Support Vector Machine / Classifier 

• SVT: Semiology-to-Brain-Visualisation Tool 

• SLL: Semiology lateralisation and localisation of the Epileptogenic Zone 

• SZ: Symptomatogenic Zone 

• Temporal (T) vs Extratemporal (ET): for the purposes of this thesis, especially utilised in chapter 

2, temporal-EZ means a resection limited to the temporal lobe and ET is the label given to any 

resection not entirely confined to the temporal lobe.  

• Test-set, out-of-sample: Patients who are not entirely seizure-free (i.e. not ground truth 

patients). Also referred to as out-of-sample (with respect to the algorithm) patients. 

• Theil’s U: entropy coefficient or mutual information measure. Asymmetric normalized mutual 

information (NMI) represents the proportion of bits of data in the target variable that can be 

predicted by the feature/model predictions. The averaged NMI represents the  

• TLE: temporal lobe epilepsy 

• Training metrics: if there is no improvement in performance metric with increasing samples or 

features, then there is high bias. Insufficient features may be present or more complex models 

may be required. 

• Train-test-split: for more generalizable metrics than cross-validation, before the model is trained 

on the training set, a proportion of the data is set aside for testing. (Also avoids data leaks and 

refitting pitfalls.)   

• Unbalanced dataset: the target variable being predicted has a very commonly occurring state 

(e.g., temporal lobe >80%) and other uncommon state(s) (extratemporals <20%). 

 

  



Abstract 
Background 

Eight million individuals have focal drug resistant epilepsy worldwide. If their 

epileptogenic focus is identified and resected, they may become seizure-free and 

experience significant improvements in quality of life. However, seizure-freedom 

occurs in less than half of surgical resections.  

Seizure semiology - the signs and symptoms during a seizure - along with brain 

imaging and electroencephalography (EEG) are amongst the mainstays of seizure 

localisation. Although there have been advances in algorithmic identification of 

abnormalities on EEG and imaging, semiological analysis has remained more 

subjective.  

The primary objective of this research was to investigate the localising value of 

clinician-identified semiology, and secondarily to improve personalised 

prognostication for epilepsy surgery. 

Methods 

I data mined retrospective hospital records to link semiology to outcomes. I trained 

machine learning models to predict temporal lobe epilepsy (TLE) and determine the 

value of semiology compared to a benchmark of hippocampal sclerosis (HS).  

Due to the hospital dataset being relatively small, we also collected data from a 

systematic review of the literature to curate an open-access Semio2Brain database. 

We built the Semiology-to-Brain Visualisation Tool (SVT) on this database and 

retrospectively validated SVT in two separate groups of randomly selected patients 

and individuals with frontal lobe epilepsy. 

Separately, a systematic review of multimodal prognostic features of epilepsy 

surgery was undertaken. 

The concept of a semiological connectome was devised and compared to structural 

connectivity to investigate probabilistic propagation and semiology generation.  

Results 

Although a (non-chronological) list of patients’ semiologies did not improve 

localisation beyond the initial semiology, the list of semiology added value when 



combined with an imaging feature. The absolute added value of semiology in a 

support vector classifier in diagnosing TLE, compared to HS, was 25%. Semiology 

was however unable to predict postsurgical outcomes. To help future prognostic 

models, a list of essential multimodal prognostic features for epilepsy surgery were 

extracted from meta-analyses and a structural causal model proposed.  

Semio2Brain consists of over 13000 semiological datapoints from 4643 patients 

across 309 studies and uniquely enabled a Bayesian approach to localisation to 

mitigate TLE publication bias. SVT performed well in a retrospective validation, 

matching the best expert clinician’s localisation scores and exceeding them for 

lateralisation, and showed modest value in localisation in individuals with frontal lobe 

epilepsy (FLE).   

There was a significant correlation between the number of connecting fibres between 

brain regions and the seizure semiologies that can arise from these regions.   

Conclusions 

Semiology is valuable in localisation, but multimodal concordance is more valuable 

and highly prognostic. SVT could be suitable for use in multimodal models to predict 

the seizure focus. 
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The methods utilised to quantify the value of semiology provide epileptologists with 

more objective feedback on the importance of the semiological features that their 

localisation is based on, benchmarked for clinicians (imaging feature of hippocampal 

sclerosis). Such methods are widely applicable, and the performance enhancements 

https://github.com/thenineteen/Semiology-Visualisation-Tool
https://meldproject.github.io/


by combining clinical, imaging, and neurophysiological features can be similarly 

quantified in future.  

The data-centric method used to collect semiology and localisation information from 

the published literature for Semio2Brain, whereby we labelled them based on how 

patients were selected for the study and approximated these as conditional 

probabilities, can form the basis of data-centric algorithms. The future of AI in 

medicine is limited more by the quality of data than the available algorithms and 

hardware, and as such, detailed labelling of data sources can provide a flexible 

Bayesian framework.  

 

Prognostication of outcomes 

Seizure-free outcomes have not improved over decades of surgery and accurate 

prognostication has eluded algorithms. The assembled list of multimodal population-

invariant prognostic features and proposed structural causal model may serve as a 

foundation for statistical adjustments of plausible confounders for use in high-

dimensional models. 
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1. Introduction to thesis 
 

1.1 Background 

Epilepsy affects 50 million people worldwide and a third are refractory to medication. 

If a discrete cerebral focus or network can be identified, neurosurgical resection can 

be curative. Temporal lobe resections are the most common operations and are 

more likely to result in seizure-freedom than extratemporal resections. However, less 

than half of patients undergoing surgery remain entirely-seizure-free at all follow-up 

years. Localising the epileptogenic focus and individualised outcome predictions are 

difficult, requiring detailed evaluations at specialist centres.  

In this introduction, I begin with a general and gentle introduction to epilepsy and its 

semiological manifestations, then introduce the spectrum of focal drug-resistant 

epilepsy, before highlighting the role of epilepsy surgery and outlining clinical 

methods to optimise surgical outcomes in individuals with Drug-Resistant Epilepsy. 

Subsequently, I summarise the value and limitations of semiology in lateralisation 

and localisation. This completes the major background to the motivations for this 

work, wherein machine learning models and clinical decision support tool (CDS) 

were developed to help localise the epileptogenic focus and improve surgical 

outcomes. I briefly touch upon inherent assumptions in the relationship between 

localising a seizure-focus, resecting the focus, and assumed better seizure-free 

outcomes. Finally, I introduce the chapters of this thesis. 

Drug-Resistant Epilepsy is epilepsy that is refractory to two or more appropriate 

antiseizure drugs resulting in recurrent seizures and impairment of quality of life. 

Neurosurgical resections in focal Drug-Resistant Epilepsy may be curative and 

improve health status (Wiebe, Blume et al. 2001, Téllez-Zenteno, Dhar et al. 2006, 

Engel, McDermott et al. 2012). The Epileptogenic Zone (EZ) is defined as the region 

that when resected, renders the patient seizure-free. The seizure-onset zone (SOZ) 

is the seizure focus, which may be clinically silent, or symptomatic, prior to seizure 

propagation. The symptomatogenic zone (SZ), is an area of activated cortex 

producing the initial symptom or sign. Understanding the symptoms, signs and 

semiology (chronological clinical seizure manifestations) at the onset of seizures is 

key to determining the site of seizure onset in the brain; but this may be imprecise 

(Tufenkjian and Lüders 2012). Despite an extensive literature on semiology, imaging 



and electroencephalographic (EEG) features for EZ-localisation, no definitive method 

exists to determine the EZ (Luders 2008). Concordance is sought with brain imaging: 

MRI, functional imaging (single-photon emission computerized tomography, SPECT; 

positron emission tomography, FDG-PET); scalp EEG video-telemetry and 

neuropsychology. Prior to resection, the results are discussed in a clinical 

multidisciplinary team (MDT) conference, to maximise benefits, localise the EZ, and 

minimise risks. Table 1.1 shows definitions of the EZ and related zones.  

 

Table 1.1: Definitions of various epileptogenic and related regions 

Zone Description Localising Method 

Seizure Onset Zone 
(SOZ) 

Region where the clinical seizure originates Neurophysiology, e.g., EEG, sEEG 

Ictal SPECT 

Symptomatogenic 
Zone (SZ) 

Region of cortex generating the initial seizure-
symptoms 

Semiology 

Lesional Zone (LZ) Structural lesions causally related to epilepsy MRI 

Functional Deficit 
Zone (FDZ) 

Region of abnormal brain cortex in the interictal 
period, as shown neurologically, 
neuropsychologically, on neurophysiology, or 
functional imaging.  

Neurological examination 

Neuropsychological evaluation 

fMRI, FDG-PET or inter-ictal SPECT 
imaging 

Irritative Zone (IZ) Region of cortex generating interictal 
epileptiform discharges 

Interictal EEG, MEG 

Epileptogenic Zone 
(EZ) 

Region of brain that is necessary and sufficient 
for epileptogenesis, such that its resection or 
removal renders the patient seizure-free. 

Postsurgical seizure-freedom 
(retrospective) 

Eloquent Cortex Region of cortex that is crucial to specific high-
level function 

Cortical electrical stimulation 

fMRI 

Table 1.1 Descriptions of various epileptogenic and related regions with examples of localizing 
methods, adapted from (Rosenow and Lüders 2001). 

 

The clinical intentions of an epilepsy multidisciplinary meeting (MDT) for presurgical 

workup include the following inter-related objectives: 

1. To identify patients with unifocal Drug-Resistant Epilepsy (diagnosis) 

2. To localise and lateralise the EZ (localisation/lateralisation) 

3. To maximise postoperative seizure-freedom (outcomes) 

4. To minimise risks of neurological deficits from surgery, by avoiding eloquent 

cortex  



Despite extensive review at MDTs, many patients do not become entirely-seizure-

free after surgery (De Tisi, Bell et al. 2011). Data from our centre shows 

approximately 40-70% of patients are not entirely seizure free postoperatively, 

depending on the precise definition of seizure-freedom (more on this in 0 & Error! 

Reference source not found.).  

Therefore, despite the many investigations and features, if a patient is not seizure-

free, the EZ in its entirety was not excised. In this case, if all available clinical 

features could be used in machine learning algorithms for better EZ localisation, one 

would expect outcomes to improve. If outcomes do not improve with efforts to refine 

lateralisation and localisation, then there may be several reasons: 

• Diagnostic: there may be multifocal or generalised rather than unifocal 

epilepsy (i.e. there never was a single EZ suitable for resection)  

• Data-related: 

o lax criteria for the EZ label, e.g. considering the resected brain region 

the EZ even though the patient had a typical seizure 6 months post-

operatively.  

o data may have been noisy from the inadequate capture of palliative 

procedures for multifocal epilepsies, e.g. in a corpus callosotomy for 

astatic generalised epilepsy, the resection was never intended, nor 

expected to, result in complete seizure-freedom 

If we only include patients whom, after epilepsy surgery, are entirely-

seizure-free (ESF) at all follow-up years, then we eliminate this source 

of error.  

o omitted informative features (whether clinically available or hidden e.g. 

polygenic).  

• Conceptual: incomplete theory of prognosis linked to EZ in unifocal epilepsy. 

Because the EZ is axiomatically assumed to be a contiguous anatomical 

brain region, there may be a problem with the concept of a static 

anatomically-confined SOZ at the heart of the EZ. By this I mean that, in 

some cases, seizure propagation through brain networks may also involve an 

undefined region or network distal to the SOZ, short of being frankly 

multifocal or generalized. This may be summarised by using a term such as 



non-contiguous EZ, reflecting a required “two-hit” or more extensive resection 

for seizure-freedom.  

 

1.2 Aims and Objectives of Thesis 
My ultimate aim is to improve seizure-free outcomes for patients who have epilepsy 

surgery with curative intent. There are three research objectives related to this 

clinical aim that will be addressed in this thesis:  

 

Objective 1: Can we aide the presurgical process of EZ-localisation and 

lateralisation? Providing automated or semi-automated clinical decision support 

tools for localisation can expedite presurgical evaluations. If successful, these will 

need to be investigated for effects on increased capacity for patient evaluations, and 

for any effects on outcomes.  

Objective 2: a) Can we predict seizure-free outcomes (prognosis), and b) can 

assisting the localisation of the EZ improve outcomes? Seizure outcomes are 

measured using the ILAE and Engel Classifications (2016). 

Objective 3: What is the value of semiology in determining a) the EZ and b) 

outcomes?  This question is a subset of both previous questions, evaluated from 

the perspective of semiology. 

 

 

1.3 Seizure 

A seizure is a transient occurrence of signs and/or symptoms due to abnormal 

excessive and/or synchronous neuronal activity in the brain (Fisher, Boas et al. 

2005).  

The first known descriptions and attempts to define and classify seizures are 

attributed to Babylonian stone inscriptions over 3000 years ago. Subsequently, and 

before the advent of electrophysiology and imaging, the only tools available to study 

seizures were direct observation of seizures and post-mortem brain pathological 

examinations (Gowers 1966), with publications from the mid-nineteenth century 



discussing prognosis and curative treatments in Europe (Herpin 1852). During this 

time, Todd had posited electrical activity underlying seizures and later Hughlings 

Jackson referred to the main process behind seizures as a “discharging lesion”.  

Seizures can be focal (old term: partial) or generalised in onset (Fisher, Boas et al. 

2005), and classified at three-levels of seizure-type, epilepsy-type, and epilepsy 

syndrome, in parallel with comorbidities and aetiology (



A Appendix Figure A.2) (Scheffer, Berkovic et al. 2017). The ILAE first devised 

classification systems in 1981, and most recently revised these in 2017 for seizures (



A Appendix Figure A.1) and epilepsies (



A Appendix Figure A.2) (Fisher, Cross et al. 2017). There are, however, valid 

criticisms of the latest ILAE classification systems for both seizures and epilepsies 

(Lüders, Akamatsu et al. 2019). There is also a four-dimensional classification of 

epilepsy: Semiology, (integrated) EZ-Localisation, Aetiology, and Comorbidities 

(Lüders, Vaca et al. 2019).  

 

1.4 Seizure Propagation and Emergence of Semiology 
Hughlings Jackson described olfactory, gustatory, epigastric auras, automatisms, 

and impairment of consciousness as seizure manifestations. These were the first 

semiological descriptions of seizures after the discovery of electricity, framing 

symptoms as arising from both excess and reduced activity within a hierarchy of 

neuronal representation. The more complex the nervous tissue, e.g., brain cortex, 

then the wider its field of influence and control over other neuronal and anatomical 

regions. Thus, negative symptoms could arise from loss of cortical control, and 

positive symptoms from emergence of excess activity in the highest and lowest 

levels of the neuronal hierarchy respectively (Reynolds 2001, Hogan and 

Kaiboriboon 2003, York III and Steinberg 2011). Thus conceivably, the paroxysmal 

discharges in epilepsy could manifest in complex combinations e.g., automatisms 

and reduced awareness from lack of cortical activity to tonic-clonic seizures from 

excess generalised discharges.  

The Jacksonian march – in which seizures spread through a body part, such as from 

the fingers up the arm, shoulders, head, and neck – were noted to originate in the 

primary motor cortex and spread in such a manner that the symptoms arouse as the 

discharges arrived at the corresponding homuncular region in the brain. This 

highlights one of the earliest methods of the identification of the seizure-focus in 

focal epilepsy and of the concept of cortical seizure propagation. The paroxysmal 

depolarisation propagates via neurotransmitter release to interconnected neuronal 

networks, giving rise to the semiology of the seizure. The symptomatogenic zone 

(SZ) can thus be different and remote from the SOZ, especially useful when the 

latter is not conspicuous.  

Propagation is the spread of seizures from the seizure-onset zone to sequential 

other symptomatogenic zones, resulting in semiology sequences that vary between 



seizures and between individuals (So 2006). The combination of the regions through 

which seizures spread can be described as a network, whereby the propagation 

occurs through edges and the regions are nodes (Sinha, Johnson et al. 2022), this 

describes a structural network (Chauvel and McGonigal 2014). Therefore, semiology 

may not be consistently related to SOZ, but rather propagation through nodes, of 

which the SOZ is just one such node (Bonini, McGonigal et al. 2014, Sinha, Johnson 

et al. 2022).  

However, in addition to propagation through structural networks, semiology can also 

emerge from dynamic network connectivity (Chauvel and McGonigal 2014, 

McGonigal, Bartolomei et al. 2021) such that the sequence of semiology is related to 

structural and functional connectivity, for example as seen in cortical electrical 

stimulation studies (Foldvary-Schaefer and Unnwongse 2011, Mazzola, Mauguiere 

et al. 2017). 

With the advent of neurophysiology and imaging, the nature of seizures, their origin 

in the brain (discharging lesion) and their unfolding in space and time became more 

penetrable to the scientific method. However, to this day, direct observation still 

remains a crucial pillar of the clinical evaluation of epilepsy.  

 

1.5 Epilepsy as an Enduring Predisposition to Seizures  
The International League Against Epilepsy (ILAE) defines epilepsy as a disorder of 

the brain characterized by an enduring predisposition to generate epileptic seizures 

and by its neuro-biological, cognitive, social, and psychological consequences. The 

ILAE definition gives a practical clinical definition of enduring predisposing to 

(unprovoked) seizures, as being defined by any of the following conditions: “(1) At 

least two unprovoked (or reflex) seizures occurring >24 h apart; (2) one unprovoked 

(or reflex) seizure and a probability of further seizures similar to the general 

recurrence risk (at least 60%) after two unprovoked seizures, occurring over the next 

10 years; (3) diagnosis of an epilepsy syndrome” (Fisher, Acevedo et al. 2014). 

Epilepsy is more complex than a simple imbalance of activation and inhibition within 

neuronal networks, given other intrinsic neuronal properties, such as oscillatory 

networks (Akiyama, Chan et al. 2011). High-frequency oscillations (HFO; >100Hz, 

<1 sec) increase synchronicity of neuronal firing and facilitate network-wide synaptic 



transmission. Although the mechanism is not fully understood, HFOs are thought to 

arise from normal inhibitory post-synaptic potentials (GABA neurones) and has 

physiological roles including memory consolidation and navigation (Bragin, Engel Jr 

et al. 2010). HFOs can be defined in the gamma range (40-80Hz), ripples (80-

200Hz) or fast ripples (>200Hz). Fast ripples are thought to occur in the seizure-

onset zone (SOZ), ripples in the irritative zone and normal brain regions, and gamma 

frequencies near epileptogenic or symptomatogenic zones (Akiyama, Chan et al. 

2011). These HFOs represent in the frequency domain what neurophysiologists 

would classify as spike-wave, sharpened, or poly-spikes in the raw (time-domain) 

EEG. HFOs are however considered independent from spike-wave generation. 

Support for HFOs occurring at the EZ is also provided by reports that removal of ictal 

HFO regions predict good postsurgical outcomes (Allen, Fish et al. 1992), e.g. 

removal of frontotemporal regions, with HFOs preceding and during spasms, 

resulted in seizure freedom from spasms (Akiyama, Otsubo et al. 2005). HFOs can 

occur physiologically during slow-wave sleep and learning, and there have been 

suggestions that pathological HFOs may be associated with 3Hz slow waves rather 

than <1Hz slow-waves seen in physiological cases, and that HFOs co-localising with 

spike-waves are even more useful for SOZ-localisation (albeit sensitivities of around 

50% for a given specificity of 98%) (Frauscher, Bartolomei et al. 2017). However, a 

systematic review did not find better seizure-freedom rates when HFOs were 

resected (Nevitt, Staba et al. 2017) (Chapter 3).  

Besides the combined roles of excitatory, inhibitory and oscillatory networks, there 

are other factors involved in epileptogenesis and seizure propagation:  

• EEG decorrelations occur before and during propagation from the SOZ 

(Schindler, Leung et al. 2007),  

• inter-neuronal and inter-glial gap junction blockers diminish HFOs,  

• astrocyte specific gene mutations predominantly manifest as seizures (GFAP, 

Alexander’s disease),  

• neuronal interactions with glia may determine generalised seizure 

propagation. 



These examples highlight the ever-growing roles of HFOs, glial cells, genetics, and 

neuronal cytoarchitecture in epileptogenesis (Mylvaganam, Ramani et al. 2014, 

Patel, Tewari et al. 2019, Verdugo, Myren-Svelstad et al. 2019).  

The underlying aetiology for epilepsies can range from genetic (channelopathies, 

synaptic mutations, intracellular pathways), developmental (gene and environment 

e.g. in utero drug exposure), traumatic (gliosis, haemorrhage and irritation), 

inflammatory (sclerosis, infective) to lesional (cortical dysplasia, cavernomas, cysts, 

infiltrative gliomas and lymphomas, and displacing metastases and meningiomas) 

(Alentorn, Hoang-Xuan et al. 2016). Lesional aetiology has collectively been referred 

to in the literature as “symptomatic epilepsy” i.e. from a known injury or lesion (Engel 

Jr J 2007), or “cryptogenic” if from a presumed undetectable lesion (Shorvon 2011), 

but these terminologies on aetiology were changed in the 2017 ILAE position paper 

to “structural” and “unknown”, respectively (Scheffer, Berkovic et al. 2017). 

 

1.6 Focal Drug-Resistant Epilepsy  
Drug-resistant epilepsy – also referred to as refractory or pharmaco-resistant 

epilepsy – is defined clinically as ongoing seizures despite two or more appropriate 

anti-epileptic drugs at sufficient doses for a suitable period. In this thesis I mainly 

discuss refractory focal epilepsy because localising the EZ for resection and 

improving postsurgical outcomes is most relevant to this cohort of individuals.  

The underlying mechanisms that may result in seizures becoming refractory, e.g. 

kindling – whereby repeatedly induced seizures result in increasing durations of 

seizure manifestations – are not discussed but could be important for understanding 

refractory focal epilepsy and future preventative and therapeutic developments 

(Bertram 2007). 

Drug-resistant temporal lobe epilepsy (TLE) and its resections are the most common 

focal Drug-Resistant Epilepsy resulting in the best postsurgical outcomes. TLE is 

often dichotomised into mesial temporal lobe epilepsy (mTL) and lateral neocortical 

TLE. The hippocampus is implicated in mTLE and hippocampal sclerosis (HS) is a 

common finding on MRI. The role of HS in seizure genesis is considered primary 

(Sloviter 2008) and could be as SOZ given it is highly interconnected as a cognitive 

map (O'Keefe 1976), and oscillatory, given the presence of fast ripple HFO in CA1 



neurones (Buzsaki, Horvath et al. 1992). HS may also be associated with certain 

genetic mutations or injuries, such as febrile convulsions or hypoxia, and is also 

sometimes considered syndromic (Baulac 2015).  

Any injury involving any region of the brain, such as trauma or vascular ischaemia, 

may result in focal epilepsy. There may be a latent period between focal injury and 

epilepsy, highlighting the complexity of epileptogenesis. Once a focal seizure occurs 

and recurs, chances of future seizures increase, and patients who don’t respond to 

two appropriate medications are less likely to respond to further antiepileptic drug 

therapy (Brodie, Barry et al. 2012).  

However, not all focal epilepsies are lesional and not all lesions are epileptogenic; 

lesions could be entirely incidental. EEG changes can be physically distant to, and 

the EZ can be distal in the network propagation from lesions, as in the case of extra 

temporal (ET) lesions in patients with TLE on EEG and who subsequently do well 

post mesial temporal (mTL) resections (for example in a report of 15 patients, eleven 

seizure-free outcomes) (Alsaadi, Bateman et al. 2003). The type of lesion(s) can 

determine both the risk as to whether it is likely to be epileptogenic (e.g. focal cortical 

dysplasia, FCD, hippocampal sclerosis and atrophy), and the extent of its pathology 

may determine where it lies on the focal-to-generalised spectrum. For example, 

astrocytic inclusions may on interictal recording have a mixture of diffuse slow waves 

and polyspikes and be more likely to present with periodic spasms in children, 

compared to FCD (based on a comparison between a small sample of 6 astrocytic 

inclusions and 27 FCDs (Alshafai, Ochi et al. 2014)). Low-grade, slow-growing 

tumours are more likely to be both epileptogenic (van Breemen, Wilms et al. 2007) 

and refractory than higher-grade lesions (Hildebrand, Lecaille et al. 2005). 

Stereotactic EEG (sEEG) using depth electrodes are most accurate for localisation 

compared to scalp or subdural grid electrodes, but can suffer from sampling bias as 

few regions are sampled (Kahane, Minotti et al. 2003).  

 

1.7 Presurgical Evaluation of Focal Drug-Resistant Epilepsy  
Epilepsy surgery is considered in patients with focal drug-resistant epilepsy who 

have frequent and/or disabling seizures, with the goal of seizure-freedom. The main 

objectives of presurgical evaluation are the diagnosis of focal Drug-Resistant 



Epilepsy, localisation and lateralisation of the EZ, minimisation of postsurgical 

deficits and prognostication of surgical outcomes. 

Localisation of all zones (SZ, SOZ, IZ, LZ, FDZ) are important for EZ localisation. 

Patients are assessed at presurgical workup with medical history (symptoms), 

physical examination and neurological examination (signs), interictal and ictal scalp 

video–electroencephalography (semiology and EEG), magnetic resonance imaging 

(MRI), and neuropsychological testing to determine these zones. If the EZ is still not 

confidently localisable, further testing is performed, such as positron-emission 

tomography (PET), SPECT (Single Photon Emission Computed Tomography), and 

invasive intracranial EEG recordings using either subdural grids or depth electrodes 

(sEEG). These further tests are not performed for all patients for various reasons. 

For example, invasive EEG recordings are not performed for all patients, because 

they carry possible risks of trajectory damage to vessels and eloquent cortex, 

infections, haemorrhage, and neurological deficits (Alomar, Jones et al. 2016). 

Studies such as SPECT are limited by the required imaging technology, rapid 

administration required, and poor inter-observer agreements for interpretation of 

images (kappa < 0.4) (Elwan, Wu et al. 2014).  

In addition to ictal semiology during a focal seizure, which help localise the SZ and 

approximate the SOZ, post-ictal neurological deficits can occur with their own clinical 

correlates. For example, post-ictal (Todd’s) paresis or post-ictal aphasia, can have 

important lateralising value due to the brain hemisphere that has been inhibited after 

seizure activity. Besides ictal and post-ictal manifestations, inter-ictal psychological 

or personality differences may provide a clue towards localisation (even in the 

absence of signs of clear neurological deficits). As an example, a diagnosis of 

interictal dysphoric disorder (IDD), although non-specific and disputed (Arnold, 

Baumann et al. 2007), can be found in mesial temporal lobe epilepsy; it is diagnosed 

in the presence of at least three of eight major symptoms: depressive moods, inertia, 

paroxysmal irritability, pain, insomnia, euphoric moods, anxiety, and fear. The 

determination of eloquent cortex is important to minimise risks of postsurgical 

morbidity, by avoiding invasive sampling and balancing risks of its resection with 

potential benefits. 



Patients with non-lesional epilepsy often have prolonged, complicated, and 

expensive presurgical evaluations (including a variety of intracranial EEG recording, 

PET, and SPECT imaging). Conversely, congruent semiological, neurophysiological, 

and imaging findings, e.g. in temporal lobe semiology with TLE on EEG and HS on 

MRI, result in shorter duration of investigations and better outcomes.  

Outcomes can be stratified based on ILAE classes at a set time after resection, 

where ILAE 1 signifies entirely-seizure-free (ESF), and ILAE 2 indicates no further 

convulsive seizures but ongoing auras (subjective seizure manifestations). The 

Engel outcomes Ia and Ib correspond to ILAE 1 and 2, respectively (2016). I used a 

strict criterion of ILAE 1 to signify seizure-freedom in my datamining and machine 

learning study for EZ-localisation and outcome prediction (Chapter 2), because 

detailed outcomes were available (De Tisi, Bell et al. 2011). Data collection from the 

literature in Chapter 4 was carried out according to several ground truths, one of 

which was postsurgical seizure-freedom, defined for this purpose as ILAE 1 or 2 (or 

Engel I) for a minimum of 12 months post-operatively, because most publications did 

not identify the Engel I subclass.  

Pertinent points of epilepsy surgery for focal Drug-Resistant Epilepsy:  

• Epilepsy is a spectrum, from unifocal and multifocal to generalised epilepsy. 

Epilepsy surgery has the best outcomes for unifocal epilepsy 

• A proportion of focal Drug-Resistant Epilepsy can be treated with surgical 

resection of the EZ. Data from history, examination, semiology, imaging, 

electrophysiology, video-telemetry EEG, and neuropsychology are used in 

conjunction 

o The SOZ can propagate discharges distally to connected networks 

faster than adjacent brain regions, so simply being anatomically nearby 

is not necessarily sufficient  

o If there is a low clinical confidence regarding the localisation, further 

imaging and more detailed invasive recordings from the brain are 

utilised e.g. with sEEG 

o Semiology has its own role only within this broader context of 

multimodal investigations, and helps determine the EZ by proxy of the 

SZ. Studies confirm that good, detailed semiology is probably as good 



as good scalp ictal/inter-ictal EEG and MRI for localisation (Elwan, 

Alexopoulos et al. 2018)  

• Lesional epilepsy and temporal lobe resections usually have the best 

outcomes 

o Residual lesions can result in poor postsurgical outcomes (Blume, 

Wiebe et al. 2005)  

o Persistent postopearative seizures can arise from the region of 

resection, associated with residual (unresected) lesions. Alternatively, 

seizures may recur from the same region of resection or distal to it, 

representing multifocal seizures, or due to a disruption in the network 

with the emergence of new seizure foci, or altogether because of an 

incorrect localisation of the previous EZ (Awad, Nayel et al. 1991)  

• Lesions may, however, be incidental, and may not affect local and/or distal 

brain regions’ seizure thresholds in a manner in which resections not involving 

the lesion may be successful 

• For epilepsy surgery to be successful, there needs to be high confidence in 

the lateralisation and localisation of the EZ (removal of which has the highest 

likelihood to render the patient seizure free) and the benefits of surgery need 

to outweigh its potential risks.  

Thus far in this introduction I have reviewed only the pertinent backgrounds to 

semiology, focal Drug-Resistant Epilepsy, epilepsy surgery, and the aims and 

objectives of this thesis to set the context of the chapters that follow. Although each 

chapter has its own introduction to further contextualise the work, here I summarise 

the value of semiology (section 1.7) and its limitations (section 1.8) before 

introducing the chapters of this thesis (section 1.9).   

  



1.8 Value of Semiology in Lateralisation and Localisation 
Seizures manifest through symptoms (patient’s subjective experience) and signs 

(clinical examination findings, e.g. neurological deficit, behavioural changes or 

tachycardia). Semiology refers to the constellation and order of symptoms and signs 

during a seizure, which forms an integral part of presurgical evaluation, and in turn 

may overlap with the EZ (section 1.1 Table 1.1). Brain regions can lead to specific 

or non-specific semiological phenotypes of epilepsy. Initial semiology has lateralising 

and localising value for SZ-localisation and vice versa (Kellinghaus and Lüders 2008, 

Rona 2008). 

A natural observation is that semiology could be thought of as the inverse of 

observations from direct cortical stimulation; rather than observe the effect of 

stimulation, the source of neural activity resulting in the observed semiology is 

sought. It is likely that these mappings are not one-to-one, due to the differing effects 

of activations and inhibitions in brain hierarchy (section 1.4). Semiology evolves in 

both space (brain and body) and time. The nature of semiology depends on the 

spatial location (lateralisation and localisation) of neural electrical activity and the 

frequency of discharge: whereas high gamma can inhibit normal function, slower 

theta may mimic physiological function (Chauvel and McGonigal 2014). 

Whereas the chronological evolution of semiology is useful in estimating seizure 

propagation (Manford, Fish et al. 1996) and lateralisation (Tufenkjian and Lüders 

2012), a snap-shot of semiology in time may lose information on seizure propagation 

and localisation due to lack of sequence information. 

Two SOZ regions that are spatially very close do not necessarily have similar ictal 

activation patterns in time, as seizures can propagate large distances in a short 

period of time before becoming manifest (Kellinghaus and Lüders 2008, Rona 2008). 

For example, cingulate seizures can propagate anteriorly to primary motor, premotor 

and prefrontal cortices as well as parietal cortex prior to spread to other cingulate 

sEEG contacts within 15mm of the origin (Alkawadri, Gonzalez-Martinez et al. 2016). 

The SZ is thus not necessarily in close anatomical proximity to the SOZ or EZ. Due 

to this delay in propagation from SOZ to SZ, the ictal pattern of sEEG at onset of 

symptoms can be misleading, even when fast gamma activity is involved (Bragin, 

Engel Jr et al. 2010). These highlight the importance of prior knowledge of network 



connectivity and connectomics to precisely localise semiology, which are all but 

unavailable for most patients (Chauvel and McGonigal 2014). 

In a study of 73 patients, Elwan et al concluded that semiology is on par with 

ictal/inter-ictal scalp EEG and MRI for lateralisation and localisation of the 

epileptogenic zone for the purposes of resective epilepsy surgery with curative 

intent. Collectively, they reported that seizure semiology was correctly lateralizing in 

74% and correctly localizing in 77% of patients, probably as good as scalp ictal/inter-

ictal EEG and MRI for localisation (Elwan, Alexopoulos et al. 2018).  

Despite its limitations (more below in section 1.9), semiology has stood the test of 

time in the clinical evaluation of epilepsy. Two specific examples follow. Semiology 

can be more valuable than complex investigations such as SPECT scans, e.g. when 

resection of the SZ (mTL) resulted in seizure-freedom whereas the SPECT showed 

hyperperfusion in the posterior cingulate (FDZ). In this case the temporal lobe is, by 

definition, the EZ, however, temporal resections may be merely disrupting network 

connectivity (Chassagnon, Namer et al. 2009). As the second example, despite MRI 

evidence of extratemporal lesions in 15 patients (LZ: ET), auras and automatisms 

were found in all 15 (classical SZ: mesial TLE) and temporal discharges were seen 

in ictal and/or inter-ictal EEG recordings (IZ: TLE), and subsequently there was 

Engel Ia/Ib outcomes post-mesial temporal resections (Alsaadi, Bateman et al. 

2003). Although these case reports are supportive of the clinical utility of semiology 

(SZ) in surmising EZ for the purposes of resection, the converse has also been 

noted (see Sutton’s law in section 1.9). 

1.8.1 Lateralising value 

Lateralisation is defined with respect to the laterality of the semiology, or by 

hemispheric dominance. Tingling, a dystonic posture of the left arm, or an epileptic 

visual aura in the left visual field, all usually imply the presence of a contralateral 

SOZ. Aphasia (ictal or post-ictal) is usually associated with a dominant hemispheric 

focus, if this is clearly defined in the patient.  

Estimating the lateralisation of the SOZ from semiology has good agreement 

between clinicians (e.g. kappa=0.68), and excellent agreement with EEG (SOZ) 

lateralisation (96% concordant), highlighting its value in lateralisation (So 2006). 

Taking the sequence of semiology into account further increases its lateralising 



strength, especially if considering concordant semiologies: e.g. concordant ictal 

motor sequences with Positive Predictive Value (PPV) > 80% improve PPV to 100% 

when assessing the SOZ in secondarily generalised seizures (Marashly, Ewida et al. 

2016). 

In a large cohort of 391 patients with Drug-Resistant Epilepsy from France between 

1991-2013, 323 underwent epilepsy surgery and the following lateralising data were 

reported from seizure free cases (Dupont, Samson et al. 2015):  

• Dystonia: ~95% contralateral (n=117) also specificity of ~90% 

• Head/Eye Turns: ~70% ipsilateral (n=114) 

• Clonus: ~80% contralateral (n=19) 

• Eye blinking: only 1 unilateral ipsilateral case 

• Tonic posturing: contralateral in 75% (n=8); all were seizure free 

• Hypokinesia: 100% contralateral (n=7) 

• Post-ictal nose wiping: 75% ipsilateral (n=35) 

• Only post-ictal aphasia was statistically significant for localising to the left in 

TLE (>80%)  

Other lateralising semiologies include (So 2006): 

• Ictal limb paresis: PPV 100% (contralateral) 

• Todd’s paresis: PPV > 80% (contralateral) 

• Asymmetric clonic ending: PPV>85% (ipsilateral) 

• Automatisms: PPV 90% (ipsilateral) 

• Postictal dysphasia: PPV 90% (dominant hemisphere) 

Orgasmic experiential auras have been found to mainly lateralise to the non-

dominant hemisphere. This is an exception in the auras, as contrary to most other 

auras, it may have lateralising value (Janszky, Szücs et al. 2002, Janszky, Ebner et 

al. 2004).  

Unilateral, but not bilateral, ictal piloerection has ipsilateral lateralising value (3 of 5 

with ipsilateral temporal resections were seizure free) (Loddenkemper, Kellinghaus 

et al. 2004). 



Other examples of semiologies with lateralising value are shown in Table 1.2 

(Rosenow and Lüders 2001).  



Table 1.2: Lateralising semiology  

Symptom 

Location of the 

epileptogenic 

zone Specificity Frequency References 

Forced head-version (<10 

s) before secondary 

generalization  Contralateral  >90%  TLE 35%  Wyllie et al., 1986,   

      ETE 40%  

Bleasel et al., 1997, 

Kernan et al., 1993, 

Chee et al., 1993 

lateral ictal dystonia  Contralateral  90–100%  TLE 35 %  

Kotagal et al., 

1989,  

Bleasel et al., 1997  

      ETE 20%  

Steinhoff et al., 

1998  

Ictal speech  Non-dominant  >80%  10–20%  Chee et al., 1993  

Preserved consciousness 

during ictal automatisms  Non-dominant  100%  Rare, 5%  Ebner et al., 1995  

Postictal dysphasia  Dominant  >80%  

20% (depends 

on the testing)  

Steinhoff et al., 

1998  

        Chee et al., 1993  

Postictal nosewiping  Ipsilateral  80–90%  TLE 40–50%  Geyer et al., 1999  

      FLE 10%  

Hirsch et al., 1998, 

Leutmezer et al., 

1998  

Unilateral eyeblinking  Ipsilateral  80%  Rare, 1.5%  

Benbadis et al., 

1996  

Ictal vomiting  Non-dominant  >90%  Rare  Kramer et al., 1988  

Figure of four (asymmetric 

tonic) Contralateral  90%  

65% of patients 

with sGTCSs  

Kotagal et al., 

2000  

Table 1.2 Summary of lateralising values of selected semiologies, from (Rosenow and Lüders 2001) 

 

1.8.2 Localising value 

Studies have looked at early or prominent semiology, and then localised this using 

scalp EEG, depth electrodes, electrical stimulation, MRI lesions, FDG-PET, SPECT, 

postsurgical seizure freedom and, some articles, even on clinical features alone 



(recursive logic). Early initial semiology can have strong associations with brain 

regions, such as visual aura arising from the occipital lobe, somatosensory auras 

from the parietal and epigastric auras from the mTL.  

mTLE is the most common localisation-related epilepsy. The following have been 

described as “cardinal” semiologies of mesial temporal lobe seizures (Blair 2012): 

prodrome, aura, altered consciousness, amnesia, automatisms (dacrystic, gelastic 

and leaving-behaviours defined as part of automatisms). mTLE semiology also 

includes rising epigastric sensation, déjà vu, affective emotions (fear, sadness), 

experiential auras (psychic), unilateral or bilateral motor movements (automatisms, 

head turns), and autonomic phenomena. Blair describes mTLE as usually 

commencing with automatisms (oro-alimentary or manual), whereas lateral 

neocortical TLE usually begins with the individual staring (without epigastric auras or 

automatisms) (Blair 2012). Other studies have suggested that network connectivity 

produce the auras (Gloor 1990). Mesial temporal (hippocampal) sclerosis represents 

more than 80% of the aetiology of TLE. Familial mesial temporal lobe seizures are a 

heterogeneous syndrome with similar mTL semiology (Andrade‐Valença, Valença et 

al. 2008), an example that localising semiology can be independent of aetiology.  

Tonic posturing can occur with frontal or temporal-onset seizures; the amygdala is 

more likely to be the SOZ than the hippocampus and the former is more likely to 

generalise (Du, Usui et al. 2015). 

Frontal lobe epilepsy (FLE) constitutes the second most common localisation in focal 

epilepsy. Auras in frontal lobe seizures may be non-specific and may be exclusive. 

Specific semiologies of FLE include bipedal bicycling movements (hypermotor) with 

a PPV value of 95% in localising to the frontal lobe (So 2006, Blair 2012). Table 1.3 

shows the different semiologies associated with frontal subregions (O'Muircheartaigh 

and Richardson 2012).  



Table 1.3: Frontal lobe epilepsy localisations and associated semiology  

Site of seizure 
onset 

Typical seizure semiology 

Primary motor 
cortex 

Contralateral tonic or clonic movements according to somatotopy, speech arrest and swallowing with 
frequent generalisation. Ipsilateral leg involved in paracentral seizures 

SMA Simple focal tonic seizures with vocalisation, speech arrest, fencing postures, and complex focal 
motor activity with urinary incontinence 

Cingulate Complex focal motor activity with initial automatisms, sexual features, vegetative signs, changes in 
mood and affect and urinary incontinence 

Frontopolar Initial loss of contact, adversive and subsequent contraversive movements of head and eyes, axial 
clonic jerks, falls and autonomic signs with frequent generalised tonic-clonic seizures 

Orbitofrontal Complex focal motor seizures with initial automatisms or olfactory hallucinations, autonomic signs and 
urinary incontinence 

Dorsolateral 
(premotor) 

Simple focal tonic with versive movements and aphasia and complex focal motor activity with initial 
automatisms 

Opercular Mastication, salivation, swallowing and speech arrest with epigastric aura, fear and autonomic 
phenomena. Partial clonic facial seizures may be ipsilateral and gustatory hallucination is common 

Table 1.3 Summary table of frontal lobe regions and their associated semiologies, from 
(O'Muircheartaigh and Richardson 2012). In this 2012 article, “complex focal” is pre-2017 ILAE 
position paper (Scheffer, Berkovic et al. 2017) reference to focal seizure with impaired awareness.   

 

Dystonic posturing (p = 0.034), tonic posturing (p = 0.07), and version (p = 0.0038) 

occur earlier in extratemporal seizures than in temporal seizures, which is expected 

from a propagation perspective and emphasises their localising values (Bleasel, 

Kotagal et al. 1997). However, TLE is so frequent, such that dystonic posturing more 

commonly represents TLE. This is a counter example of a one-to-one mapping from 

SOZ/EZ to SZ (non-injective surjective, section 1.9 Figure 1.2). This inverse-

problem is the basis of the “topological studies” label in Semio2Brain which enables 

bias-mitigation (chapter 4) and the Bayesian inference in SVT (chapter 5). 

Nothing can quite express the localising value of symptoms and signs, as well as the motor 

and sensory homunculi within the precentral and postcentral gyri, whereby each cortical 

region is responsible for a different limb or body region. Similarly, correlated semiology 

patterns, correlate with brain topography (Figure 1.1 taken from (Bonini, McGonigal et 

al. 2014)). For example, distal stereotypies are associated with the most anterior 

prefrontal localisations, whereas proximal stereotypies are purported to localise more 

to posterior prefrontal regions (Bonini, McGonigal et al. 2014). 



Figure 1.1: Hierarchical semiological and anatomical co-clustering from (Bonini, 

McGonigal et al. 2014) 

 

 

Figure 1.1 Bonini et al’s hierarchical semiological and anatomical co-clustering, from their study of 54 
patients investigated with sEEG. Green is negative correlation, red positive, stars indicate chi-squared 
p<0.05. Brain regions were clustered based on reciprocal distance and semiology based on 
cooccurrence correlation. BA=Brodmann area. Neighbouring regions as well as neighbouring 
semiology occur more frequently together than distant ones (Bonini, McGonigal et al. 2014). 

 

Further lobar and sublobar localisations have also been described, cementing the 

value of semiology in localisation (So 2006, Luders 2008, Vendrame, Zarowski et al. 

2011, Tufenkjian and Lüders 2012).  



1.9 Limitations of Semiology in Lateralisation and Localisation 
There are several limitations of semiological lateralisation and localisation in focal 

Drug-Resistant Epilepsy, including that semiology may not always be able to 

simultaneously lateralise and localise, as well as the following (So 2006, Tufenkjian 

and Lüders 2012). 

1.9.1 Multifocal epilepsy 

Semiology is not always able to definitively distinguish between focal or multifocal 

epilepsy, for example in loss of awareness (dialeptic episodes) without other 

features, or if the initial focal semiology is vague and not recollected prior to 

secondary generalisation. Semiology can therefore be misleading. 

1.9.2 Age dependence   

Semiology can change with age, especially during the early years of brain 

development. These changes in semiology usually reflect brain maturations and/or 

shifts in propagating networks. Children’s semiologies can therefore differ from 

adults, as exemplified by: 

• FLE: Hypermotor and complex motor semiology may be absent under 7yrs 

(Fogarasi, Janszky et al. 2001), and develop over time between the ages of 4 

and 13 years (Fauser, Huppertz et al. 2006)    

• There are also differences in TLE semiology in children (Brockhaus and Elger 

1995, Ray and Kotagal 2005)   

• Under the age of 7yrs, epileptic spasms, behavioural changes, clonus and 

tonic motor semiology may be more common  

• Conversely, over the age of 7yrs, there are more reports of automatisms, 

dystonia, unresponsiveness, and secondarily generalised seizures 

1.9.3 Recall 

Individuals may have no recollection of their auras due to amnesia or concomitant 

loss of awareness (So 2006). As auras are experiential and may not have objective 

correlates, they may go unnoticed. Therefore, an aura before a focal seizure with 

impaired awareness may not be recalled by the patient. It is also possible that only 

the most prominent aura amongst many may be reported, and these may have 

poorer concordance with video-telemetry classifications especially in children 

(Hirfanoglu, Serdaroglu et al. 2007) 



Witnesses may also report semiology that has poor concordance with that observed 

on video-telemetry. The use of patient and witness histories by epileptologists for the 

diagnosis of TLE carries a specificity of 50% (So 2006). 

1.9.4 Semiological chronology and sequence 

There are inconsistencies as to when the semiology-of-interest occurs within a 

seizure sequence, which can affect its value. For example, some may define the 

initial semiology, others the entire sequence, and yet others a specified threshold 

time since seizure onset. 

Although it is presumed and reported that the initial seizure symptom holds the most 

localising value, automatisms were reported to never occur as the first semiology in 

seven patients with posterior temporal lobe epilepsy and automatisms (Duchowny, 

Jayakar et al. 1994). The value of initial symptoms and chronological seizure 

evolution has wide variation (Manford, Fish et al. 1996). Nevertheless, collect as 

much information from the initial semiology and its evolution increases the probability 

of accurately localising seizure-onset, for example, the value of epigastric auras 

evolving to automotor seizures is greater than either alone in differentiating TLE from 

extratemporal epilepsy (Henkel, Noachtar et al. 2002). 

1.9.5 SOZ vs SZ vs EZ 

Even semiology that reliably localises the SZ may not be valuable in determining the 

EZ for resection. For example, somatosensory (parietal) and epigastric (mTL) 

semiology may arise from a distant (asymptomatic) SOZ (e.g., insula and cingulate) 

after rapidly spreading to the SZ. 

1.9.6 Network connectivity, seizure propagation, and the inverse problem 

The SOZ can propagate to both near and distal to its origin and thus semiological 

lateralisation and localisation isn’t as much about SOZ/EZ localisation as it is about 

network propagation from the SOZ to the SZ (Chauvel and McGonigal 2014). In 

Chauvel and McGonigal 2014 they state:  

“Therefore, limiting study to patients cured by surgery, in whom essentially the region 

of seizure onset has presumably been removed, does not allow conclusions to be 

drawn regarding the cerebral substrate of semiologic features, since the distributed 

brain networks involved in producing ictal signs will in many if not all cases involve 

structures distant from the zone of seizure onset. This fact can help to explain the 



seemingly incoherent results obtained from such “pure cultures,” where semiologic 

patterns do not seem consistently related to seizure onset in a specific region but 

presumably reflect patients' individual propagation pathways” (Bonini, McGonigal et 

al. 2014).  

Although cortical seizures may be stable and reproducible from neurophysiological 

and semiological perspectives (O'Muircheartaigh and Richardson 2012), shown as a 

non-injective surjective mapping in Figure 1.2, marked variations can exist between 

patients. Dense connections result in rapid seizure propagation within and between 

cerebral hemispheres, leading to highly variable semiology and provide a theoretical 

upper bound to the value of semiology (O'Muircheartaigh and Richardson 2012). 

Therefore, each mapping from a cortical region can propagate through different SZs.  

 

Figure 1.2: Mapping from cortical region (SOZ) to semiology (SZ) 

 

 

 

 

 

 

 

 

Figure 1.2 Non-injective surjective mapping function (not one-to-one). Set of SOZ represents the brain 
regions e.g., 1 occipital lobe, 2 is insula etc. Set SZ represents initial or most prominent semiology. 
Cortical stimulation may be thought of as correlating a small brain region in SOZ to one semiology in 
SZ. However, more than one semiology may arise due to e.g., silent propagation from region 2 to 
region 3, triggering the same semiology, C.  Yet the reverse is not true; the same semiology (C) can 
arise from different SOZs (2, 3, or 4).  

 

To describe the inverse problem concretely, I use the example of two patients who 

became seizure free after pure temporal lobe resections that highlights the difference 

between a nearly one-to-one cortical-stimulation-to-semiology mapping, and early 

semiology that localises to different cortical regions based on early seizure 

propagation (Duchowny, Jayakar et al. 1994). Early behavioural arrest associated 
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with simultaneous visual hallucinations were reported with EEG changes and/or 

lesions in the posterior temporal region extending to occipital lobes (Duchowny, 

Jayakar et al. 1994). Even though they experienced early visual hallucinations, 

presumably from occipital lobe activity, they became seizure free after pure temporal 

lobectomies, suggesting a rapid propagation from the TL to the occipital lobe. 

These propagating networks and cortical connectivity may differ between individuals 

and with different aetiologies of epilepsy, making semiology sequences and their 

SOZs unique and less generalisable, further diluting the localising value of 

semiology.  

Propagation may be unidirectional, emphasising the value of sequences over sets, 

e.g., Bonini et al found caudal spread from prefrontal but not vice versa (Bonini, 

McGonigal et al. 2014). Therefore, early propagating networks are key in linking the 

EZ and SZ.  

Additionally, propagation of seizure semiology may be probabilistic within the same 

individual even given one SOZ, producing different semiologies from the same SOZ. 

This topic is further discussed in chapter 7. 

Semiology may be less relevant when there are clear lesions (Sutton’s law); e.g. 

seizures can arise from lesions contralateral to the presumed SZ and even seizure 

discharges (resection of ganglioglioma of the right insula aborted ictal and interictal 

EEG seizure activity arising from the left temporal lobe (Mortati, Arnedo et al. 2012)). 

This can be interpreted as a testament to the limitations, of not only the semiological 

lateralisation of SZ and interpreting this to be the EZ, but similarly of the limitations of 

the SOZ as estimating the EZ. Alternatively, such examples are indicative of the 

value of the LZ in the determination of the EZ.  

1.9.7 Inconsistent values 

Unilateral upper limb automatisms are reported to have an ipsilateral seizure onset 

on some studies (Marks and Laxer 1998, So 2006) and no lateralizing value in 

isolation in others (Bleasel, Kotagal et al. 1997).  

1.9.8 Semiological classification and terminology 

Ascribing values to individual semiological occurrences may be misleading, 

depending on the numbers of patients in the study, proportion of TLE, and laterality. 

A PPV of ~100% for dystonic value in lateralisation compared to PPV of 40-67% for 



tonic semiology may overestimate the relative value of dystonia in lateralisation, 

considering the poor interobserver reliability for tonic seizures (kappa=0.4, 3 

observers) which suggests more complex heterogenous semiology (Bleasel, Kotagal 

et al. 1997). This also alludes to another important limitation of the value of 

semiology – especially relevant between centres and over time – of how the 

observing clinician classifies the seizure-manifestation and changes in terminologies.  

Many equivalent terms are used to refer to the same conceptual entity, whether it be 

semiology or brain region, e.g. epigastric aura, butterfly-like feeling and rising 

abdominal sensation. Other terms are a group, which certain terms are a subset of, 

e.g. automatism (class) and lip-smacking (instance).  Equivalently, F2 and middle 

frontal gyrus refer to the same brain gyrus, which is a subset of the frontal lobe. 

Without considering these relations, the data acquired from all the patients across 

studies would not be analysable. Thus, for machine learning prediction of TLE from 

electronic health reecords, Semio2Brain database, and SVT (chapters 2, 4, and 5 

respectively) I needed both a brain parcellation mapping and a semiological 

dictionary or taxonomy. These can then possibly be also used for other studies, to 

add to the data and for natural language processing.  

An ontology is a formal representation of knowledge in a given domain using a 

collection of taxonomy terms; e.g. “Semiology”, “syndrome”, “aetiology”, “localisation” 

and their relationships; e.g. “Inferior frontal gyrus” is a subset of “frontal lobe” which 

is linked to specific motor semiologies and may in an instance (one case e.g. a  

patient) have_aetiology_tumour (Arp, Smith et al. 2015). The objective of an 

ontology is thus to reduce heterogeneity of terminologies, allow interoperability and 

data sharing.  

Informatics in epilepsy is limited by the wide variety of stratifications and multimodal 

classifications of syndromes, aetiologies, semiology and localisations. An ontology 

within a formal knowledge framework can improve standardisation of these terms 

and help research and encourage sharing. Text based ontologies are difficult due to 

constant dynamic updates of classifications, use of different equivalent terms and 

languages. 

Heterogenous and dynamic terminology in epilepsy has been an issue (Berg, 

Berkovic et al. 2010), and in an invited commentary the development of dynamic 



ontologies to assist large signal pattern recognition in epilepsy within text-based data 

has been advocated (Sahoo, Lhatoo et al. 2014). Here I review some potential 

ontologies and explain why these were unsuitable to use for any of the objectives of 

this thesis. 

SNOMED-CT 

Systematised nomenclature of Medicine Clinical Terms is a general taxonomy for 

many medical fields. Some of the problems in developing relevant ontologies: 

• Dynamic nature of classification and updates to ILAE  

• Multimodal axes of classification e.g. the Luders 2012 aetiologies, 

semiologies, localisation and comorbidities 

• Other classification methods: focal vs generalised 

• Use of shorthand and equivalent terms 

• Negations in natural language processing 

The OWL 2 (Web Based Ontoloty 2) has been recommended as a standard; other 

standards such as the BFO (Basic Formal Ontology) are used for development. 

Example of established ontologies include the Gene Ontology. However, SNOMED-

CT is undetailed and inadequate for the specific field of epilepsy. 

MetaMap 

This open-source programme is used to map terms to the Unified Medical Language 

System (UMLS) of the US NLM. It can work for simple clinical findings and anatomic 

locations, however, not for complex specialised epilepsy and detailed brain 

localisations. NLP systems that attempt to extract localisation information include 

SemRep and MedLEE (Medical Language Extracting and Encoding), using 

predefined patterns of semantic classes for clinical radiology. 

EpSO 

The Epilepsy Ontology is a high-level ontology to extract data from free text 

regarding epilepsy. It is the ontology used by EpiDEA , cTAKES and PEEP. 

• cTAKES: Clinical Text Analysis and Knowledge Extraction System. This open 

source Named Entity Recognition (NER) module allows adaptation for 

knowledge within the epilepsy domain. 



• EpiDEA (superseded by PEEP): Epilepsy Data Extraction and Annotation 

system for processing epilepsy specific free text to extract structured data. 

This is based on cTAKES but uses a visual interface to query and help 

identify specific cohorts via regular expressions. From local discharge 

summaries, EpiDEA extracts age, sex, EZ, aetiology, EEG pattern, and AEDs. 

However, there is no extraction of epilepsy semiology which renders it mute 

for the purposes of this thesis. 

• PEEP (supersedes EpiDEA): Phenotype Extraction in Epilepsy. PEEP 

leverages the EpSO ontology and MetaMap programme to perform named 

entity recognition (NER) for phenotype and correlated localisation extraction 

from text. Regular expressions are automatically generated using the domain 

ontology EpSO. This is reported to achieve an F1-measure of 0.93 for 

extracting epilepsy phenotypes (Cui, Sahoo et al. 2014). They used OCR to 

digitise work prior to PEEP NER and NLP. They normalised terms (synonyms, 

acronyms, plurals) using the EpSO classes and classified terms using the 

EpSO hierarchies. PEEP has five segments:  

1. Text Segmentation using regex (Jaro-Winkler string distance, a measure of string 

similarity) 

2. NER using regular expressions and MetaMap to recognise anatomical locations  

3. Correlation of phenotype and anatomical localisations 

4. Classifying phenotypes and storing in database 

5. Module to allow queries for cohort identification 

The Precision (PPV) of PEEP for semiology was 0.9, Recall (sensitivity) was 0.914 

and F1-measure 0.907. For lateralising signs metrics were similar 0.97, 0.88, 0.92 

and for EZ: 1.0, 0.99, 0.995, respectively. Despite promising metrics, the Epilepsy 

Ontology (EpSO) and its implementations with PEEP were not detailed enough for 

the purpose of semiological localisation and lateralisation.  

Foundational Model of Anatomy FMA 

Under development since 1995 at the University of Washington, this contains over 

75,000 anatomical classes of the human body, 130,000 unique terms, 174 unique 



relations and attribute descriptors, and over 44,000 English synonyms. Of all, this is 

the most promising to be used as a comprehensive brain mapping ontology, 

especially if and when data on semiology body part is collected. For example, it 

could be used to link concepts such as semiology of “left arm” and “precentral 

gyrus”. However, it is complex and only a subset would be required, and time-

consuming to become familiar with the classes and their relations. It is a candidate 

for future work. 

Instead of using the above ontologies which were not fit for this purpose, I developed 

our own basic brain region mappings and semiology dictionary (taxonomy 

replacement), more suited to the data I was analysing. This can be found under the 

GitHub repository (files named Semiology Descriptions v171 and SemioDict) under 

resources (https://github.com/thenineteen/Semiology-Visualisation-

Tool/tree/master/resources) (chapters 4 and 5).  

For consistency, a table of glossary of semiologies is also included here to show 

compatibility with that of the ILAE classification of seizures (Fisher, Cross et al. 

2017) and semiological seizure classifications (Tufenkjian and Lüders 2012) (Table 

1.4). 

Shortly after this thesis was written, a seizure semiology glossary of terms was 

published which shares a lot in common with the semiologies I developed as a 

taxonomy replacement and used in my studies (Beniczky, Tatum et al. 2022). 

  

https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/master/resources
https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/master/resources
https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/master/resources


Table 1.4: Standardised Semiological Categories 
Semiology ILAE Seizure 

Classification 
Subset Examples 

Aphasia Focal cognitive 
(aphasia) 

Mute, speech arrest, aphemia or 
anarthria 

Asymmetric Tonic Focal motor tonic 
(asymmetric) 

Fencing, ‘figure of 4’ 

Atonic Focal motor (atonic) Flaccid, jelly, head drop 

Auditory Sensory (auditory) Hearing sounds, auditory 
hallucination 

Automatism -  Manual & Oral Automatisms Upper limb automotor, fiddling, pedal, 
automatisms, lip smacking, chewing, 

orofacial automatisms, 
ictal drinking, ictal swallow 

Automatisms - Other Automatisms Blink, ictal cough, gelastic,  
spitting, ictal nose wiping, ictal face 

rub 

Autonomic Autonomic Cardiovascular e.g. ictal bradycardia, 
respiratory e.g. hypopnoea 

gastrointestinal: e.g. nausea 
 

Clonic Focal motor (clonic) Repetitive or rhythmical jerks 

Complex Behavioural Emotional or 
Behavioural arrest 

Behavioural change, 
fearful behaviour, wandering, 

awakening or arousal, compulsive 
checking 

Dialeptic Loss of awareness Blank, unaware, loss of contact
 stare, distant gaze, dreamy 

state, dyscognitive, not with it 
blackout, psychomotor arrest, loss of 

consciousness, unconscious 

Dysphasia 
 

Focal cognitive 
(aphasia) 

Difficulty speaking or incoherent 
speech, expressive dysphasia, 

incomprehensible speech 

Dystonic Dystonic Twisted posture 

Epigastric Aura Focal sensory Abdominal aura, butterfly sensation, 
rising sensation 

Eye Movements 
 

 Nystagmus (fast phase direction), 
ocular flutter, complex ocular 

movements, gaze deviation and 
versive eye movements 

Fear-Anxiety Emotional  Sense of impending doom, fear, 
anxiety, negative emotion 

Gustatory Sensory Taste aura 

Head or Body Turn  Head turn, gyroscopic or body turn 

Head Version  Forced head deviation over shoulder, 
extreme head turn 

Hypermotor Hyperkinetic Large proximal limb or axial 
movements, hyperkinetic, head 

banging, pedalling, kicking, pelvic 
thrust 

Ictal Pout  Chapeau de gendarme 

Ictal Speech - Formed Words Vocalisation Ictal speech, palilalia, coprolalia 

Mimetic Automatisms Automatisms Grimace, raising of eyebrows, 
mimetic, facial expression, fearful 

expression 

Myoclonic Focal motor 
(myoclonic) 

Jerk 



Non-Specific Aura Focal sensory Vague, unspecified aura
 lightheaded, dizzy, 

indefinable feeling, cephalic sensation 

Olfactory Focal sensory 
(olfactory) 

Smell 

Psychic Focal Cognitive Déjà vu, jamais vu, derealisation, 
depersonalisation 

Somatosensory Focal sensory 
(somatosensory) 

Tingling, touch sensation 

Spasms Spasms Infantile spasm and epileptic spasms 

Tonic Focal motor (tonic) Stiff, tonic posturing 

Vestibular Focal sensory 
(vestibular) 

Vertigo, spinning sensation 

Visual Focal cognitive 
(hallucinations) 

Formed visual hallucinations e.g. 
people or objects, movement of 

objects (not vestibular), phosphene, 
macropsia, micropsia, 

metamorphopsia 

Vocalisation - Unintelligible Noises Vocalisation Grunt, mumble, hum 

Adapted from ILAE and semiological seizure classifications (Tufenkjian and Lüders 2012, Fisher, Cross et al. 
2017) 

Table 1.4 Glossary of semiological terms adapted for use in this thesis. Note that these can be further 
adapted using the software described in chapter 5 as per the user’s preferences.  

  



1.9.9 Lateralising without reference to semiological laterality or hemispheric 

dominance 

Studies sometimes demonstrate an unfortunate concept of the lateralising value of 

semiology, by reporting left or right hemisphere without determining even the 

patients’ handedness let alone their dominant hemisphere (Fauser, Wuwer et al. 

2004), e.g. in the case of the aforementioned orgasmic aura (section 1.8.1), only 

one patient had dominant hemisphere testing and in her case, the lateralisation was 

to the dominant hemisphere (1 of 7 patients) (Janszky, Ebner et al. 2004). 

Despite the ipsilateral lateralising value of postictal nose-wiping or contralateral value 

of figure of 4 semiology (where one limb is extended and the other flexed with the 

extended limb considered contralateral to the SZ) mentioned in section 1.8.1 (Table 

1.2), the results from all studies are not always supportive:  

“asymmetric ending after secondarily generalized tonic–clonic seizures was 

significantly associated with an ipsilateral seizure onset, whereas the remaining 

clinical symptoms were not…of lateralizing significance in our patients” (figure of 4 

sign, unilateral hand automatisms, early head turning, postictal nose wiping, and 

unilateral eye blinking) (Bonelli, Lurger et al. 2007). 

1.9.10 Summary of limitations 

Potential pitfalls of lateralisation and localisation thus include using only a snap-shot 

of early semiology without reference to time lag between ictal discharges and 

manifestation, the dynamic propagating networks underlying the nature of SOZ 

(electrophysiological) to SZ (semiology) as a non-injective mapping. Further issues 

include the often arbitrary (or inconsistent) clustering of semiologies into descriptive 

groups, while ignoring network propagation from a LZ (imaging lesion) to SZ 

(semiology) which may be similarly located but differentially straddling inherent brain 

networks (Chauvel and McGonigal 2014). Some authors had even commented 

(albeit before the bulk of the efforts to harmonise semiology terminology) that 

“relatively few seizures can be reliably localized on clinical grounds”(Manford, Fish et 

al. 1996). 

The terminologies used to describe symptoms and signs of seizure manifestations 

may differ by centre, language, and with time, resulting in heterogeneity in 

descriptions. Terminologies are also updated as our knowledge of brain networks 



and semiology increases (resulting in further splitting or merging of terms) (Fisher, 

Cross et al. 2017, Beniczky, Tatum et al. 2022).  

The limitations of semiology, however, need to be considered in the context of the 

limitations of other modalities used for lateralisation and localisation. As an example, 

in a report of musicogenic reflex epilepsy (triggered by music), one individual initially 

had contralateral EEG changes (presumed SOZ) to PET hypometabolism (FDZ) 

(Falip, Rodriguez-Bel et al. 2018). However, when repeated a few years later, the 

PET hypometabolism was bilateral (FDZ: mesial temporal and insular). 

Investigations may thus suffer from similar limitations (timing of FDG-PET, scan 

inter-reporter variability) as well as rapid seizure propagation. These limitations result 

in the concordance of the different zones being very valuable in pinning down the EZ 

(quantified in chapter 2 for TLE).  

If semiology is to maintain its prominent role in seizure localisation, beyond the 

primary cortices (e.g. motor or sensory cortices), semiological classification must 

adapt in such a way that it: 

1. keeps up with the progresses made in electrophysiology and neuroimaging (i.e., 

technologically assisted) 

2. models the state of seizure manifestation in time, maintaining a memory for 

previous state at every step (examples of suitable methods: times-series and Markov 

models) 

3. models the entire space of manifestations and not just those which clinicians have 

given names to (e.g., by using highly trained computer vision during video-telemetry) 

4. model and account for the time lag between electrophysiological ictal discharges 

and seizure manifestation (e.g., by maintaining a network representation of the 

brain’s propagating networks through derived methods, e.g. functional and 

tractography) 

This complexity is often approached from a reductionist approach (Chauvel and 

McGonigal 2014), and the accuracy and specificity of lateralising and localising 

values can often be lost. Traditional statistical methods such as comparing 

proportions of semiologies in different epileptogenic foci (using Chi-squared, Fisher’s 

exact etc) and time lag (using Mann-Whitney U tests) do not allow for this 



complexity. Instead, Machine Learning, accounting for sequences and networks, 

might be more naturally suited for modelling these complexities. 

These limitations and conflicts in the lateralisation and localisation of semiology set 

the background to why alternative data-driven methods of estimating the EZ from 

semiology are required.  

Next, I summarise the chapters of this thesis.  

  



1.10 Chapter Outlines and Thesis Objectives 
 

  

Chapter 2 Chapter 2 

Semiology to predict 

Lateralisation and/or Localisation  

(Objective 1) 
Prognosticating Post-surgical 

Seizure-Freedom 

(Objective 2) 

Quantifying The Value of 

Semiology  

(Objective 3) 

Mined 3800 electronic records 

309 patients had surgery 

Extracted semiology 

Extracted hippocampal sclerosis 

Unable to prognosticate 

 

Chapter 3 

Chapter 2 

Support Vector Classifier 

Can predict TLE 

AUC 0·95 ± 0·05 

 

Quantified value of semiology 

25% added value compared to 

hippocampal sclerosis 

Systematic Review of 

Postsurgical Meta-Analyses 

38 included articles 

Chapter 4 Chapter 4 

Semio2Brain Database  

4643 patients, 309 articles 

Probabilistic Localisation 

Relative localising values of 

individual semiologies  

Localising odds ratios 

Chapter 5 

Semiology Visualisation Tool 

(SVT) built on Semio2Brain 

Cortical Probabilistic Heatmaps 

Chapter 6 

SVT applied to retrospective 

surgical cohort with FLE 

Unable to prognosticate 

Chapter 6 

 
Correctly lateralised in 78% 

Correctly localised to subregions 

of the frontal lobe in 47% 

Chapter 7: Semiological and Structural Connectomes Derived from Semio2Brain              

 

 



Each chapter is intended to be able to stand alone, as well as follow the contextual 

thread of the aims and objectives outlined in the introduction (section 1.2).   

Work derived from Chapter 2 was published in Frontiers in Digital Health in January 

2021 (Alim-Marvasti, Pérez-García et al. 2021). 

Work derived from Chapter 3 was published in the Journal of Neurology, 

Neurosurgery and Psychiatry (JNNP) in March 2022 (Alim-Marvasti, Vakharia et al. 

2022). 

Work derived from Chapter 4 was published in Brain communications (Alim-

Marvasti, Romagnoli et al.).   

Part of the work for Chapter 5, was published in Frontiers in Neuorinformatics 

(Pérez-García, Alim-Marvasti et al. 2022).  

According to the so-called “AI chasm”, algorithms are only clinically useful if they 

improve outcomes not just diagnostic accuracy.(Topol 2019) Therefore, the value of 

any clinical decision support, such as the software from chapter 5 or machine 

learning models from chapter 2, should ideally extend beyond clinical decision 

support, and endeavour to improve postsurgical outcomes (captured by objectives 

#2b and #3b). Towards this end, in chapter 6, I present the results of applying SVT 

in a retrospective cohort of 61 individuals with frontal lobe epilepsy (FLE) to assess 

the overlap in SVT predictions with actual resections, and evaluate any differences in 

seizure-outcomes by concordance. This manuscript is under preparation, intended 

for Epilepsy Research, and I am joint first author with Dr. Anthony Khoo who was 

responsible for the initial draft of the manuscript, while I was primarily responsible for 

evaluating SVT’s performance in the cohort and performing statistical analyses.   

In Chapter 7 I apply hierarchical clustering to Semio2Brain database’s two study 

types (described in chapter 4) for the following purposes: 1) assessing the 

similarities between descriptive semiologies in the literature based on where they 

localise to; 2) similarities between cortical regions based on the semiologies that 

they can generate (as described in chapter 5); and 3) investigating the role of the 

structural connectome in seizure propagation. I used data from chapters 4 and 5 for 

the analyses in this chapter, and Dr Peter Taylor used structural connectivity 

matrices from 100 healthy controls. We then compared the connectivity matrices 



obtained using semiology and SVT (myself) with those obtained using imaging (Dr 

Peter Taylor) for both study subtypes in Semio2Brain. This chapter suggests that 

only one subtype of Semio2Brain studies’ “semiological connectivity” is correlated 

with structural connectivity, accumulating evidence in support of the methods used to 

label these studies in Semio2Brain with Gloria Romagnoli in chapter 4 and the bias-

corrective steps I used in the forest plot analyses of chapter 4, as well as the 

Bayesian module I wrote for SVT in chapter 5. I discuss implications of the results 

both for understanding the Semio2Brain database in more depth, and in 

understanding models of seizure propagation and semiology sequences. This 

chapter has not been submitted yet.  

In chapter 8 I summarise and draw overall conclusions.  

  



2 Diagnosing Temporal Lobe Epilepsy using Machine 

Learning: Quantifying the Value of Multimodal Clinical-

Semiology and Imaging Concordance 
 

See the declaration in publishing own work in thesis (Thesis Acknowledgements 

page 19) on this chapter, which has been published in edited form (Alim-Marvasti, 

Pérez-García et al. 2021). 

2.1 Summary 
This chapter directly compares different machine learning models for the diagnosis 

of temporal lobe epilepsy for presurgical assessment using Set-of-Semiology (SoS). 

By training models only on patients who were entirely seizure-free (n=126) after 

epilepsy surgery (n=309), one can be certain that the resected brain region 

contained the epileptogenic zone. This allows objective assessment of the value of 

multimodal clinical (semiology) and imaging features (hippocampal sclerosis) in the 

diagnosis of a temporal lobe epilepsy.  

I used bespoke natural language processing to text-mine 3,800 electronic health 

records and investigated the diagnostic performances of machine learning models 

using set-of-semiology (SoS) with and without hippocampal sclerosis (HS) on MRI. 

I used cross-validation to quantify the value of multimodal concordance in diagnosing 

temporal-lobe epilepsy using ensemble models and support vector classifiers. I used 

appropriate measures of performance in unbalanced datasets, namely Matthews 

correlation coefficient (MCC) and normalised mutual information (NMI).  

Support Vector Classifiers (SVC) were amongst the best performing algorithms 

(MCC 0·73 ± 0·25, balanced accuracy 0·81 ± 0·14, AUC 0·95 ± 0·05). Models using 

only seizure semiology did not always improve scores above internal benchmarks. 

The combination of multimodal features, however, enhanced performance metrics 

compared to either alone (p<0·0001). This combination of semiology and HS on MRI 

increased both cross-validated MCC and NMI by over 25% (SVC SoS: 0·35 ± 0.28 

vs SVC SoS+HS: 0·61 ± 0.27).  

Despite good performance in localisation, no model was able to predict seizure-

freedom better than benchmarks. This work can be generalised to combine with 

other data (EEG / MRI) for more accurate localisations.   



2.2 Background to quantifying the value of semiology in the determination of 

the EZ 
The value of any particular clinical symptom, sign or investigation result (feature-of-

interest) in making a patient’s differential diagnosis depends on the overall univariate 

association of the feature-of-interest with the target (prior) and any other factors 

which may interact with the feature-of-interest. Clinical judgement and acumen arise 

through experience, when there may not be direct epidemiological objective data. 

Although one can endeavour to assess the value of clinical features through 

Bayesian-belief elicitation, in the absence of grounded-objectives, responses would 

be capturing subjective clinical values (Johnson, Tomlinson et al. 2010). Well-

designed machine learning methods using ground-truth target labels and all relevant 

features perform well in capturing data patterns to predict targets, akin to clinical 

intuition. The so-called “AI chasm” notes that algorithms are only clinically useful if 

they improve clinical outcomes, not just diagnostic accuracy (Topol 2019).  

The majority of studies that investigate semiology in the lateralisation or localisation 

of the EZ, are case reports (raw patient numbers), or look at the presence of a single 

semiological feature and report odds-ratios, positive predictive values or sensitivities. 

Univariate features don’t capture the complexity, whereas high-dimensional features 

used in machine learning models can yield more accurate results, and mimic the 

clinical process, thereby providing measures of value more likely to reflect that of 

clinical practice.  

A study in 2015 evaluated 830 patients and the value of semiology in predicting the 

EZ (Kim, Jung et al. 2015). Conditional inference trees’ localisation accuracy among 

five ictal onset areas was 56.1%. Accuracy for binary mesial temporal lobe epilepsy 

(mTLE) or lateral temporal-EZ was 71% (cf unquoted naïve accuracy of 63%) (Kim, 

Jung et al. 2015). Despite the large numbers, the supervised learning method 

suffered from inadequate ground-truth labels: the EZ was often labelled by clinicians 

on the presence or absence of a particular semiology, making the evaluation logic 

circular and results were reported without cross-validation or test sets, compromising 

generalisability. 

Another study by Marashly et al. and Lüders in 2016 investigated the localising and 

lateralising values of semiology in patients just before having secondarily 

generalised seizures. They determined that the combination of certain semiologies, 



all with individual PPV of over 80%, could determine the laterality of the EZ with PPV 

of 100% if the signs were concordant (Marashly, Ewida et al. 2016). This confirms 

the value of using more complex models, such as a simple decision tree, in EZ 

lateralisation. They did not find any value for these features in EZ-localisation.  

A review in 2017 showed algorithmic identification of EZ brain networks and the 

propagation of seizures has remained an open issue. Combinations of multimodal 

features have not been used on large-scale high-quality patient data (Ahmedt-

Aristizabal, Fookes et al. 2017). 

Currently there are no clinically utilised algorithms to augment EZ-localisation or 

quantify the value of multimodal features presented in MDTs. 

 

  



2.3 Methods 

2.3.1 Study Design and Participants 

The objective was to determine the value of clinical-semiology, hippocampal 

sclerosis (HS) and their combination in localising temporal-EZ (thesis objectives #1 

and 3a). The value of combining these features was quantified for both relative 

diagnostic performance (Step 1 for thesis objective 1) and post-surgical prognosis 

(Step 2: assessing the value of the model from Step 1 in indirectly predicting 

prognosis in pursuit of thesis objective #2b; Step 3: training new prognostic models 

in pursuit of objective #2a).  

Retrospective text analysis of 3,800 mixed data-type electronic health records 

(EHRs) pertaining to presurgical epilepsy admissions from 2001-2011 was 

undertaken at the National Hospital for Neurology and Neurosurgery. These 

assessments had been made on adult patients who had refractory focal epilepsy for 

consideration of epilepsy surgery. SoS, HS, and temporal-EZ features were 

extracted (Table 2.1). Univariate statistics were computed (Table 2.2) and machine 

learning models were trained to predict temporal-EZ (Step 1) and subsequently 

prognosis (Step 2 indirect and Step 3 direct outcome predictions).  

I used set-of-semiology (SoS) devoid of sequence information, because these are 

more readily available from a clinical history than precise symptom chronology. 

Additionally, set of semiology was used in preference to the initial semiology alone, 

because semiology may not be consistently related to the SOZ, but rather 

propagation through nodes, of which the SOZ is just one such node (Bonini, 

McGonigal et al. 2014, Sinha, Johnson et al. 2022). Therefore, SoS captures many 

more nodes than the initial semiology alone which is more likely to capture the 

epileptogenic network. 

I restricted MRI-identifiable temporal-lobe pathology to HS as it represented 92% of 

temporal lesions (n=70).  

  



Figure 2.1: Electronic health record text mining study participants by seizure-freedom and 

TLE.  

 

 

Figure 2.1 39 of the 183 test-set patients had a weakly labelled Extratemporal EZ, and 144 had 

weakly labelled Temporal EZ. ESF=entirely-seizure-free. 

 

2.3.2 Procedures 

EHRs were pseudo-anonymised, pre-processed and text-mined for the presence of 

49 semiology features and a single imaging feature (HS) using bespoke regular 

expressions coupled with a dictionary as ontology replacement. The anonymised 

keys and identifiers were stored in secure NHS systems and checks for data-mining 

integrity on a subsample showed <5% binary-feature error compared to manual 

feature-extraction by a consultant neurologist. The data matrix was obtained as a 

sparse multi-one-hot encoded Pandas DataFrame. EHRs were cross-referenced to a 

database containing EZ-localisation labels (resected lobes) alongside their post-

operative year-by-year ordinal ILAE-outcomes, curated since 1990, as previously 

reported (De Tisi, Bell et al. 2011). 

EHRs from 870 cases were available, 335 of which underwent epilepsy-surgery after 

assessment. 324 cases were from unique patients, of which 309 had one resection 

only, excluding hemispherectomies and corpus callosotomies, consistent with 

309 epilepsy 
surgery patients 

included

126 ESF (ground 
truth EZ labels for 

STEP 1)

112 Temporal EZ 
ground truth labels

14 Extratemporal 
EZ ground truth 

labels

183 not ESF (test-
set or out-of-
sample set for 

STEP 2)

61 ILAE 1 at 1-year 



previous methodology (Jeha, Najm et al. 2007). Of 309, 126 were entirely seizure 

free (Figure 2.1). 

2.3.3 Terminology: Semiology and Hippocampal Sclerosis 

With regards to semiology, a note should be made here. Merged Semiology: after 

the initial set up of 50 semiologies, dialeptic and loss of awareness (LOA) were 

merged into one category “Dialeptic/LOA” based on clinical grounds, and if the 

Cramer’s and Theil’s categorical associations strongly suggested, other features 

would be merged if clinically appropriate. The automotor semiologies of oral and limb 

automatisms were merged to AUTOMATISMS, referred to in chapter 2 in capitals to 

avoid confusion. Nevertheless, results indicated merged and unmerged training and 

testing yield broadly similar results. 

Brain Magnetic Resonance Imaging finding of hippocampal sclerosis was 

dochotomised as HS either present or absent. 

Seizure-outcomes were binarized outcomes at two-levels:  

1. Entirely Seizure-Free (ESF, ground truth patients) vs test-set patients. By 

“seizure-freedom” we mean ESF.  

2. Alternatively, ILAE 1 at 1-year follow-up (for univariate tests of proportions a 

combined ILAE 1 at 1-year which includes all the ground-truth patients as well ILAE 

1 at 1 yr from the test-set). For applying the algorithm on the test-set, an ILAE 1 at 1-

year which excludes ground-truth (test-set) patients was used. 

In this chapter, “all patients” refers to all 309 patients which were included in the 

study. This includes both the training-set (=126 ground truth labels) and test-set (183 

patients). 

2.3.4 Statistical Analysis 

Fisher’s exact, Chi-squared and Mann-Whitney U tests were performed at three 

levels of type I error (alpha=0·05, 0·005, and 0·0005) with Bonferroni corrections for 

multiple comparisons for significance (p<2·76x10-4 = *, p<2·76x10-5 = **, p<2·76x10-6 

= ***, respectively). Theil’s U (asymmetric normalised mutual information, NMI) was 

used to check for categorical correlations and model performance (



A Appendix Section A.3.4). Inter-variable correlations were checked with Cramer’s V (



A Appendix A.3.1). 

2.3.5 Machine Learning 

I used multivariate Binary Logistic Regression (LR), Gradient Boosted Trees (GB), 

and Linear Support Vector Classifiers (SVC) (implemented in Scikit-learn v 

0.19.2)(Pedregosa, Varoquaux et al. 2011) as suggested by previous studies (Kim, 

Jung et al. 2015, Memarian, Kim et al. 2015). Feature engineering was performed 

using both univariate and recursive feature elimination with five-fold cross-validation 

(RFECV) methods (Guyon, Weston et al. 2002) (



A Appendix 0). No other hyperparameter tuning was performed. 

The models were compared to benchmarks in localising temporal-EZ (Step 1). I also 

made indirect assessments if improved diagnostic accuracy translated to enhanced 

outcome predictions (Step 2), and separately trained models to directly predict 

outcomes (Step 3). For Step 1, I chose a binary localisation target containing the 

most common focal epilepsy, temporal-lobe vs extratemporal (ET) EZ, and models 

were trained on entirely-seizure-free (ESF) patients. For Steps 2 and 3, outcome 

was assessed at two binary levels: seizure-freedom (ILAE1) at one-year and at all 

follow-up years (ESF). In Step 2, the Step 1 model was used to predict outcomes on 

all data. In Step 3, new models were trained to predict outcomes. ILAE 2 and above 

were considered not seizure-free (NSF) due to residual epileptogenic tissue resulting 

in auras or seizures with impaired awareness.  

Although I report many metrics (using 1000 x 5 repeated stratified CV with means 

and standard deviations in Table 2.3, or medians and IQR), due to an unbalanced 

dataset, I focus on Matthews-correlation-coefficient (MCC) as one of the most 

suitable metrics for binary classification evaluations which can be interpreted as a 

discretisation of Pearson’s-correlation-coefficient (Matthews 1975, Chicco and 

Jurman 2020). NMI was used to quantify information gains between features, 

models, and the ground truth TLE label. 

  



2.4 Results 

2.4.1 Patients and Outcomes 

Of the 309 patients, 126 (41%) were ESF at all follow-up years (median follow-up 

7years, IQR=5–10), indicating correct EZ-resections. Labels were unbalanced; 

112/126 (88·9%) were temporal-EZ, and 14 extratemporal (Figure 2.1).  

2.4.2 Features 

42 semiology features were present in the ESF-set. There were no clear benefits to 

using dimensionality reduction prior to training and dimensionality reduction was 

unable to differentiate between TLE and ET in 3 or 2 dimensions (Appendix A.11). 

Cramer’s V correlation matrix is shown in 



Page 76 of 388 
 

A Appendix Figure A.3. Automatisms (oral, manual and other) were merged to a 

single category, leaving 40 SoS features. There were 76 temporal-lobe lesions in the 

ESF group and HS as the single imaging feature constituted 92% (70/76) of these. In 

addition, there were three cavernomas, one dysembryoplastic neuroepithelial 

tumour, one cyst and one focal cortical dysplasia in the temporal lobes. Table 2.1 

Frequency of occurrence of all features, including semiologies, hippocampal scleorisis, and number 

of temporal resections (“Temporal-EZ (Target)”) in all patients that underwent epilepsy surgery and 

the subset that remained seizure-free.  

 

Table 2.1 shows frequency of occurrences in the 126-ESF-set and all 309 operated 

patients.  

Table 2.2 shows univariate benchmarks for features associated with temporal-EZ. 

Features associated with extratemporal resections are in blue italics. The statistically 

significant features after multiple-comparisons correction on two-by-two Fisher’s 

exact tests were seizures with automatisms and HS. The highest odds-ratios were 

for presence of HS, automatisms, and fear-anxiety. The performance metrics of the 

best univariate features, as benchmarks, are also summarised in the multivariate 

results Table 2.3. 

Table 2.1: Frequency of patients with Semiology, imaging feature and temporal 

resections 

Variable 

Frequency in 
Seizure-Free 

Patients (n=126) (%) 

Frequency in all 
operated patients 

(n=309) (%) 

Temporal-EZ  

(Target) 112 (89%) 

256 

(mix of seizure-free and 
not seizure-free) (83%) 

Dialeptic/LOA 92 (73%) 223 (72%) 

Tonic-Clonic 84 (67%) 224 (72%) 

Hippocampal Sclerosis (Imaging 
Feature) 70 (56%) 

147 (48%) 

Oral Automatisms 58 (46%) 140 (45%) 

Other Automatism 57 (45%) 138 (45%) 

Olfactory-Gustatory 56 (44%) 141 (46%) 

Upper Limb Automatism 49 (39%) 108 (35%) 

Tonic 47 (37%) 126 (41%) 

Aphasia 46 (37%) 100 (32%) 
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Fear-Anxiety 37 (29%) 91 (29%) 

Head Turn 30 (24%) 73 (24%) 

Clonic 30 (24%) 77 (25%) 

Epigastric 28 (22%) 61 (20%) 

Autonomous-Vegetative 26 (21%) 66 (21%) 

Psychic 23 (18%) 57 (18%) 

Non-Specific Aura 22 (17%) 52 (17%) 

Dysphasia 21 (17%) 71 (23%) 

LOC 17 (13%) 46 (15%) 

Astatic 15 (12%) 38 (12%) 

Other Simple Motor 14 (11%) 32 (10%) 

Vocalisation 13 (10%) 33 (11%) 

Somatosensory 12 (10%) 39 (13%) 

Nose-wiping 10 (8%) 18 (6%) 

Dystonic 10 (8%) 26 (8%) 

Head Version 10 (8%) 27 (9%) 

Grimace 10 (8%) 19 (6%) 

Blink 9 (7%) 27 (9%) 

Hypermotor 8 (6%) 19 (6%) 

Dacrystic 8 (6%) 14 (5%) 

Vestibular 7 (6%) 26 (8%) 

Other Complex Motor 6 (5%) 13 (4%) 

Auditory 4 (3%) 10 (3%) 

Gelastic 4 (3%) 7 (2%) 

Eye Version 3 (2%) 8 (3%) 

Hypomotor 3 (2%) 11 (4%) 

Visual 3 (2%) 12 (4%) 

Coprolalia 3 (2%) 3 (1%) 

Figure of 4 2 (2%) 5 (2%) 

Atonic 2 (2%) 6 (2%) 

Ictal Pout 1 (1%) 1 (0.3%) 

Myoclonic 1 (1%) 2 (1%) 

Spitting 1 (1%) 7 (2%) 

Asymmetric Tonic 1 (1%) 4 (1%) 

Fencing 0 1 (0.3%) 

Lower Limb Automatism 0 1 (0.3%) 
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Palilalia 0 0 

Aphemia 0 0 

Drinking 0 0 

Cough 0 0 

Whistling 0 0 

Table 2.1 Frequency of occurrence of all features, including semiologies, hippocampal scleorisis, and 
number of temporal resections (“Temporal-EZ (Target)”) in all patients that underwent epilepsy 
surgery and the subset that remained seizure-free.  

 

2.4.3 Step 1: EZ Cross-Validated Results 

The learning curves (Figure 2.2) for the GB and SVM models show SoS features alone 

were not sufficient for adequate convergence, but SoS+HS were. Table 2.3 shows 

semiology and imaging enhanced performance above that of benchmarks using the 

best features obtained from RFECV for GB and SVC models (Figure 2.3, Figure 

2.4), most of which were found in the univariate analysis (Table 2.2). LR SoS+HS 

feature ranking is similar to SVC’s (Appendix Figure A.5). 

Figure 2.5 shows that combined features also enhance training-set performance.  

GB betters SVC when refit to the ESF-set (Figure 2.5); whereas cross-validated 

results (Figure 2.2, Table 2.3) show the models perform more similarly: mean and 

median MCC with and without the imaging feature: 

• Best benchmark (imaging-HS):  mean=0·38±0·08, median=0·38, IQR=0·33–

0·43 

 

• GB-SoS: mean=0·36±0·30, median=0·35, IQR=0·0–0·55 

• GB-SoS+HS: mean=0·64±0·27, median=0·66, IQR=0·55–0·80 

 

• SVC-SoS: mean=0·48±0·32, median=0·55, IQR=0·34–0·69 

• SVC-SoS+HS: mean=0·73±0·25, median=0·80, IQR=0·55–0·80 

The above figures have been taken from Table 2.3. 

Comparing GB and SVC-models: 

• with semiology alone, the two models performed similarly with overlap of 

interquartile ranges; SVC had a better mean performance.  
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• with SoS+HS, there was also significant overlap between the models; the 

SVC-model again had a better mean MCC.  

• SVC also had better NPV, sensitivity, and F1-score (Table 2.3 and Figure 

A.4). 

• However, the ensemble GB-model had better median scores for SoS and 

SoS+HS Table 2.3 and more models scores in the highest MCC range 

(Figure 2.6). 

 

Compared to SoS alone, when combining features:  

• SVC mean, median, lower and upper quartiles were enhanced by between 10 

to 25%. This suggests the support vectors are better defined with HS and that 

temporal lobe EZ are linearly separable by binary semiology.  

• in the GB-model, there was also significant improvements in lower-quartile 

(55%), median (30%) and upper-quartile (25%) MCC and no overlap in 

interquartile ranges.  

• LR shows similar improvements in metrics, except the median MCC remains 

at 0.55 (Table 2.3).  

• These affirm the value of combining multimodal features, irrespective of the 

model.  

 

  



Page 80 of 388 
 

Table 2.2: Univariate benchmarks for Step 1 Temporal-EZ Localisation  

Feature Odds Ratios 

(n=126, 
n=309) 

 

# with T-EZ /  

Total with 
feature 
(n=126) 

# with T-EZ /  

Total with 
feature (n=309) 

p-values 

(n=126, n=309) 

Fear-Anxiety DBZ, 3.2 37/37 84/91 0.010, 0.0045 

Somatosensory 0.19, 0.30 8/12 25/39 0.029, 0.0024 

Clonic 0.26, 0.47 23/30 57/77 0.040, 0.023  

Hypomotor 0, 0.16 0/3 6/11 0.0011, 0.0045 

Other Automatism 5.8, 3.8* 55/57 127/138 0.020, 0.00012* 

Oral Automatisms DBZ*, 5.1** 58/58 131/140 9.7x10-5*, 3.5x10-6** 

Upper Limb 
Automatism 

DBZ, 3.6 49/49 100/108 0.00082, 0.00077 

AUTOMATISMS 
(merged) 

16.4*, 4.4*** 82/84 186/206 3.0x10-5*, 2.2x10-6*** 

Hippocampal Sclerosis DBZ, 21 70/70 144/147 4.2x10-6**, 6.3x10-13*** 

DIALEPTIC/LOA 3.1, 2.9 85/92 195/223 0.054, 0.0012 

Epigastric NS, 4.9 NS 58/61 NS, 0.0039 

Aphasia NS, 2.3 NS 90/100 NS, 0.024 

Head Version NS, 0.25 NS 16/27 NS, 0.0021 

Eye Version NS, 0.11 NS 3/8 NS, 0.0046 

Asymmetric Tonic NS, 0.07 NS 1/4 NS, 0.017 

Intracranial Electrodes NS, 0.09 NS 50/89 NS, 7.1 x 10-4 

Table 2.2 Fisher’s exact test for Step 1 Temporal-EZ localisation in postoperative seizure-free patients 
(n=126, strong ground truths) and all operated patients (n=309, 256 weakly labelled as temporal, 53 
as extratemporal). All features with p<0.05 are shown; *represents significance after Bonferroni 
correction. DBZ = Division By Zero. NS: p>0.05. Blue/italics: associated with extratemporal EZ.  
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Table 2.3: Machine Learning Models for Temporal EZ-Localisation (Step 1).  

Model-RFECV 

 

5-CV  

metric 

+/-std (refit) 

Naïve 

Benchmark 

Automotor 

Semiology 

Univariate 

Benchmark 

HS 

Imaging  

Univariate 

Benchmark 

LR SoS LR 

SoS+HS 

Linear 

Support 
Vector 

Classifier 

SoS 

Linear 

Support 
Vector 

Classifier 

SoS+HS 

GB 

SoS 

GB 

SoS+HS 

# of features 

(min equivalent) 

N/A 1 1 16 25 (18) 40 (30) 9 27 17 

F1 average 
macro 

N/A 0.61± 0.06 0.59± 0.06 0.68 ± 0.17 
(0.88) 

0.75 ± 0.16 
(0.88) 

0.72 ± 0.16 
(0.88) 

0.85 ± 0.14 
(0.91) 

0.66 ± 0.15 0.81 ± 0.14 (0.98) 

Balanced 
Accuracy 

0.5 0.67± 0.07 0.75± 0.04 0.65 ± 0.13 
(0.82) 

0.72 ± 0.15 
(0.82) 

0.70 ± 0.15 
(0.82) 

0.81 ± 0.14 
(0.86) 

0.65 ± 0.14 0.80 ± 0.15 (0.96) 

Accuracy 0.83 ± 0.04 0.71± 0.05 0.63± 0.05 0.92 ± 0.03 
(0.96) 

0.93 ± 0.03 
(0.96) 

0.92 ± 0.04 
(0.96) 

0.96 ± 0.03 
(0.97) 

0.89 ± 0.05 0.93 ± 0.04 (0.99) 

Sensitivity / 
Recall  

1 0.73± 0.06 0.56± 0.06 1.0 ± 0.004 0.995 ± 
0.015 

0.98 ± 0.03 1.0 ± 0.006 
(1.0) 

0.96 ± 0.04 0.97 ± 0.04 (1.0) 

Specificity 0 0.62± 0.14 0.94± 0.06 0.30 ± 0.26 
(0.64) 

0.44 ± 0.29 
(0.64) 

0.42 ± 0.29 
(0.64) 

0.61 ± 0.28 
(0.71) 

0.35 ± 0.27 0.62 ± 0.29 (0.93) 

PPV 0.83 ± 0.04 0.90± 0.04 0.98± 0.02 0.92 ± 0.03 
(0.96) 

0.94 ± 0.03 
(0.96) 

0.93 ± 0.03 
(0.96) 

0.95 ± 0.03 
(0.97) 

0.92 ± 0.03 0.95 ± 0.03 (1.0) 

NPV 0 0.32± 0.09 0.31± 0.07 0.64 ± 0.48 

(1.0) 

0.77 ± 0.39 

(1.0) 

0.67 ± 0.40 

(1.0) 

0.93 ± 0.25 

(1.0) 

0.51 ± 0.39 0.76 ± 0.31 (1.0) 

AUROC N/A N/A N/A 0.89 ± 0.11 0.95 ± 0.06 0.83 ± 0.14 0.95 ± 0.05 0.81 ± 0.14 0.95 ± 0.07 

Average 

Precision 

N/A N/A N/A 0.98 ± 0.02 0.99 ± 0.01 0.97 ± 0.03 0.99 ± 0.01 0.97 ± 0.03 0.99 ± 0.01 

MCC [bootstrap 
refit]  

 

0 

 

[0.28± 0.12] 

 

[0.38± 0.08] 

0.41 ± 0.33 

[0.76 ± 
0.22] (0.78) 

0.55 ± 0.31 

[0.76 ± 
0.22] (0.78) 

 0.48 ± 0.32  

[0.76 ± 0.22] 
(0.78) 

0.73 ± 0.25 

 [0.81 ± 0.19] 
(0.83) 

0.36 ± 0.30 0.64 ± 0.27 

[0.96 ± 0.09] 
(0.96) 

NMI symmetric  

[asymmetric 
bootstrap refit] 

 

0 

 

[0.10± 0.07] 

 

[0.21± 0.08] 
(0.28) 

0.31 ± 0.26 

[0.57 ± 
0.29] (0.53) 

0.42 ± 0.28 

[0.57 ± 
0.29] (0.53) 

0.35 ± 0.28 

[0.57 ± 0.29] 
(0.53) 

0.61 ± 0.27  

[0.65 ± 0.29] 
(0.604) 

0.23 ± 0.23 0.48 ± 0.29  

[0.91 ± 0.19] 
(0.87) 

Table 2.3 Step 1 CV performance metrics. Mean and standard deviation of 1,000 x 5 CV scores. Benchmark std given by bootstrapping 2,000 x 5 CV. Brackets 
represent model-refit (training) scores. Square brackets bootstrap model refit samples. Expanded version of table is in Appendix Table A.1. CV=cross-
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validation. RFECV=Recursive Feature Elimination with CV. std=standard deviation. PPV/NPV=Positive/Negative Predictive Value. AUROC=Area under 
receiver operating curve. MCC=Matthews Correlation Coefficient. NMI=Normalised Mutual Information.   
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Figure 2.2: Learning Curves  

A B  

C D  

Figure 2.2 Learning curves using accuracy score, with standard deviations. The test-fold accuracies 
(in green) are more representative of model performances on prospective data, showing enhanced 
learning by combining semiology and HS. A and C: SoS has limited test-fold learning (green) with 
increasing training samples. B and D: SoS+HS improves test-fold accuracies after about 70 samples.  
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Figure 2.3: GB Feature Ranking for Step 1 Temporal-EZ Localisation  

 

Figure 2.3 Gradient Boosting Classifier GB SoS+HS Feature Importance. From the 41 combined 
features, RFECV was used to determine the most relevant features for the model.  
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Figure 2.4: SVC Feature Ranking for Step 1 Temporal EZ-Localisation 

 

Figure 2.4 Support Vector Classifier SVC SoS+HS feature ranking using RFECV. In blue are features 
which predict temporal, and in red extratemporal EZ. All SVC features are also used by the GB model, 
except “Hypermotor” semiology.  
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Figure 2.5: Theil’s U: Asymmetric Normalised Mutual Information 

 

Figure 2.5 Theil’s U for features, models and temporal-EZ localisation. The columns represent the 
known (Bayesian prior) variable, and the rows the target entropy coefficient. For example, “Figure of 
4” semiology in the column is a subset of “Asymmetric Tonic” in the row with high coefficient, 
whereas the reverse association is lower in magnitude. The naïve algorithm would show zero 
association with all the variables with a column of zeros (and is undefined in row due to division by 
zero). All four models are more predictive of a temporal-EZ than any of the univariate features, with 
1 (intense red) representing 100% of the information in the target being predicted by the column. 
With the addition of Imaging HS to Semiology SoS (n=126, refit to training set) SVC and GB show a 
graded improvement in the proportion EZ-localisation entropy accounted for. For details on Theil’s U, 
see Appendix section A.1.2.4.  
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Figure 2.6: Violin plots for Model Comparisons 

Figure 2.6 1000 x 5-fold CV performance comparisons using Matthews Correlation Coefficient (MCC) and average normalized mutual information metrics 
(NMI). 
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2.4.4 Step 2: Indirect Surgical Outcome Results 

Of the 183 NSF patients, 144 had temporal resections (54 ILAE 1 at one-year, 

median of patient ILAE outcome medians=2, IQR=1-4) and 39 extratemporal 

resections (seven ILAE 1 at one-year, median=4, IQR=2-4). Temporal resections 

were associated with better outcomes at one-year post-resection without reaching 

significance (ILAE 1, OR =2·7, p=0·035) and better median ILAE outcomes (Mann-

Whitney U=2057, p=0·004).  

I also looked at the interaction between lesions on imaging and temporal resections 

on outcomes. Overall chi-squared test showed p=0.0278  (dof=3). For individual 

comparisons in a two-by-two contingency table, there was a trend whereby non-

lesional extratemporal resections had disproportionally worse outcomes (OR=0.36, 

p=0.0188, dof=1), while lesional temporal resections had better outcomes (OR=1.8, 

p=0.0175, dof=1) (uncorrected for multiple comparisons, Figure A.13). 

Using models from Step 1, I applied the EZ-predictions to a test-set of 183 patients 

who were NSF and looked at whether EZ predictions could determine postsurgical 

ILAE outcomes. It is clear from Table 2.4 that better performance in Temporal-EZ 

prediction in Step 1 does not translate to better outcome prediction. GBoosting does 

not enhance results either (not shown). Note that the number of congruent and 

incongruent cases may be similar but involve difference cases. 144 weakly labelled 

Temporal-EZ and 39 weakly labelled ET-EZ in the test case. 

None of the machine learning models’ congruent predictions with actual resections 

were significant in improving upon naïve benchmarks (Table 2.4). In other words, 

although incongruent extratemporal resections fared worse than congruent temporal 

resections, these were a subset of extratemporal resections generally having worse 

outcomes (Appendix Figure A.12). 
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Table 2.4: Indirect Outcomes (Step 2) 

183 indirect 

Test-set 

Model EZ-prediction vs actual resection 

Model (number of 
features) 

Outcome: # patients ILAE 1 at 1yr Outcome: Median ILAE 

Congruent Incongruent Congruent Incongruent 

Combined 
Benchmark 

61/183 = 33% (OR = 2.7, p=0.035) Temporal vs Extratemporal (MWU=2057, 
p=0.004) 

Temporal-
Univariate / Naïve 
Benchmark 

54/144 = 38% 7/39 = 18% Temporal 
resections (n=144) 

= 2 

Extratemporal 
resections (n=39) = 

4 

Linear_SVC SoS 
(40) 

53/146 = 36% 8/37 = 22% 
(p=0.13) 

2.25 (n=146) 4 (n=37) 

Linear_SVC 
SoS+HS (9) 

51/144 = 35% 10/39 =26% 
(p=0.34) 

2 (n=144) 4 (n=39) 

LR SoS (16)  53/143 = 37% 8/40 = 20% 
(p=0.07) 

2.5 (n=143) 4 (n=40) 

LR SoS+HS (25) 52/148 = 35% 9/35 = 26% 
(p=0.39) 

2 (n=148) 4 (n=35) 

Table 2.4 Performance of benchmarks and models in indirectly predicting seizure-free outcomes by 
congruence of predicted localization with actual region of resection.  

 

2.4.5 Step 3: Direct Surgical Outcome Results 

Between 2001-2011, 61% of 309 cases included in this study were seizure-free at 1-

year, and 41% at all follow-up-years (ESF). Compared to these proportions, 65% of 

temporal resections were seizure-free at one-year and 44% of temporal resections 

were ESF. Thus, 0.41 and 0.44 are suitable naïve benchmarks (accuracy, precision) 

for predicting seizure-freedom.   

Results of other benchmarks are summarised in Table 2.5. Although direct (n=309) 

benchmarks for ESF included having had a temporal-resection (OR=2·2, p=0·02), 

having been seizure-free-at-one-year, presence of HS (OR=1·7, p=0·02), and 

dysphasia (OR=0·53, p=0·039), and benchmarks for predicting seizure-freedom at 

one-year included presence of HS (OR=1·9, RR=1·29, p=0·005), temporal-lobe-

resection (OR=2·8, p=0·001) and intracranial EEG (OR=0·46, p=0·003), only 

seizure-freedom-at-one-year as a predictor of ESF was statistically significant 

(accuracy=80%, Theil’s U=0·43) after Bonferroni correction. HS as a prognostic 

marker is further highlighted by its presence being statistically favourable in TLE 

resections and its absence statistically unfavourable in ET resections (Appendix 
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Figure A.13). I discuss these and other prognosticating features further in chapter 

3. 

The presence of secondarily generalized seizures (Tonic-Clonic) (OR 0.61, 

p=0.069) were associated with a trend towards worse outcomes, as previously 

reported(Spencer, Berg et al. 2005, Elsharkawy, Alabbasi et al. 2008). That is, lack 

of GTCS was associated with OR = 1.6, which is similar to the OR of 1.75 quoted 

elsewhere (Englot, Lee et al. 2013), and indeed consistent with the ORs of several 

meta-analyses(Englot, Wang et al. 2012, Rowland, Englot et al. 2012, Englot, 

Rolston et al. 2013, Fallah, Guyatt et al. 2013) (see chapter 3). SGTCS can be 

interpreted as a predisposition to generalised epilepsy, on the focal-generalised 

epilepsy spectrum which, discussed in the Introduction (section Error! Reference 

source not found.). Thus, it is unsurprising that generalised seizures are associated 

with worse outcomes after focal resections. In the literature, the presence of early 

responsiveness, ictal speech, oral and pedal ictal automatisms, and retained 

responsiveness independently protect against SGTCS (Bone, Fogarasi et al. 2012). 

In Frontal Lobe Epilepsy, anamnestic negative predictors for secondarily GTCS 

include epigastric aura (Baud, Vulliemoz et al. 2015). These correlations were not 

found in our dataset.  

Dysphasia as a SoS, captures ictal/post-ictal dysphasia and ictal speech, possibly 

indicative of an extratemporal focus. Subgroup analysis confirmed dysphasia 

remained a negative predictor with a p<0.05 (uncorrected) in the temporal-resection 

group. The only other notable results include the extratemporal group: Aphasia 

(OR=12, Specificity=0.92, NPV=0.84, p=0.0017) as a positive predictor of seizure-

freedom and ILAE 1 at 1yr (OR=4.8, p=0.039), and Oral Automatisms (OR=0, 

Specificity=0.72, NPV=0.52, p=0.0079) as a negative predictor for seizure-freedom 

at 1 year. Clinically, these likely represent temporal (Oral Automatisms, OR<1) or 

frontal semiology (Aphasia OR>1) within the extratemporal resections (again these 

are not corrected for multiple comparisons).   

No model was able to exceed naïve or feature benchmarks on any metric (Appendix 

Figure A.14 and Figure A.15), and this wasn’t due to a bias in follow-up years 

sample (Figure 2.7).  
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Figure 2.7: ESF follow-up years.  

 

Figure 2.7 Number of years of follow-up for all epilepsy surgery patients who remained entirely 
seizure-free at all follow-up years from 1990-2019 (n=330 patients of 1,033 operations, blue, median 
= 9 yrs) and for the subset for which data was analysed (n=126 of 309, green, median = 7yrs). The 
data analysed was a normally distributed representative sample of patient follow-up years. 
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Table 2.5: Summary of Benchmarks for Outcomes 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.5 Significant Univariate Benchmarks for Predicting Post-Operative Seizure-Freedom at one-year (ILAE1at1) and all follow-up years (ESF). Note the 
first two features were obtained post-operatively. Naïve algorithm predicts most common outcome (seizure-free at one year but not ESF). Fisher’s exact test 
used for p-values.  

n=309. ESF=Entirely Seizure-Free at all follow-up years. ILAE1at1= Seizure Free at one-year follow-up. *=significant after correction for multiple comparisons. 
NS=p>0.05.

Metric (ESF, 
ILAE1at1) 

 

Univariate  

Odds 
Ratio 

F1 
average 
macro 

Balanced 
Accuracy 

Accuracy Sensitivity / 
Recall 

Specificity PPV NPV MCC Theil’s U  p-value 

Naïve Benchmark Divide by 
Zero 

Divide by 
Zero 

0.5, 

0.5 

0.59, 

0.61 

0, 

1.0 

1.0, 

0 

Divide 
by 

Zero, 
0.61 

0.59,  

Divide 
by 

Zero 

0, 

0 

0, 

0 

1, 

1 

ILAE 1 at 1 year* Divide by 
Zero 

0.80, 1 0.83, 1 0.80, 1 1.0, 1 0.67, 1 0.67, 1 1.0, 1 0.67, 1 0.43, 1 0, 0 

Temporal-
Resection 

2.2,  

2.8 

0.46,  

0.56 

0.55, 

0.57 

0.49,  

0.64 

0.89,  

0.89 

0.21, 

0.26 

0.44, 

0.65 

0.74, 

0.60 

0.13 

0.19 

0.01, 

0.03  

0.02,  

0.001 

Hippocampal 
Sclerosis 

1.7, 

1.9 

0.56, 

0.57 

0.57, 

0.58 

0.57, 

0.57 

0.56, 

0.54 

0.58, 

0.62 

0.48, 

0.69 

0.65, 

0.47 

0.13, 

0.16 

0.01, 

0.02 

0.02,  

0.005 

Dysphasia 0.53,  

NS 

0.42, 

NS 

0.45, 

NS 

0.50, 

NS 

0.17, 

NS 

0.73, 

NS 

0.30, 

NS 

0.56, 

NS 

-0.12, 

NS 

0.01, 

NS 

0.039,  

0.78 

Intracranial EEG NS, 

0.46 

NS, 

0.37 

NS, 

0.42 

NS, 

0.38 

NS, 

0.22 

NS, 

0.61 

NS, 

0.47 

NS, 

0.34 

NS, 

-0.17 

NS, 

0.02 

0.20,  

0.003 
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2.5 Discussion 
The main findings were that models localised the epileptogenic-zone to the temporal 

lobe when using multimodal semiology and MRI diagnosis of hippocampal sclerosis, 

better than semiology, HS or other benchmarks. Support vector machines had a 

slight edge over Gradient Boosted trees, but there was considerable overlap in 

performances (Step 1). No method was able to predict seizure-freedom at one-year 

or ESF better than benchmarks (Steps 2 and 3). Multicentre case records are 

required to confirm generalisability, and expanded features are necessary to 

determine if epilepsy surgical outcomes can be predicted at all. This work can be 

generalised to combine with other data (EEG / MRI) for more accurate localisations. 

2.5.1 EZ-Localisation algorithms (Step 1) 

This chapter addresses a subset of the open issue of algorithmic identification of EZ 

networks (Ahmedt-Aristizabal, Fookes et al. 2017), namely the diagnosis of TLE, and 

provides univariate and algorithmic benchmarks with single (SoS) or two-modalities 

(SoS and HS). GB with multimodal features (Figure 2.2B) outperforms the semiology-

only model (Figure 2.2A) and univariate benchmarks (Table 2.2) using features that 

are significant on univariate analysis (Table 2.2) and those that are not (Figure 2.3). 

The strength of the GB model lies in its ability to combine an ensemble of weak-

learners, and out-perform individual univariate benchmarks, including the strongest, 

HS, as assessed on both training-set (Figure 2.5) and CV-folds (Table 2.3). SVC 

strength lies in classifying TLE by defining borderline cases as class-dividing support 

vectors. Support vectors are the feature-states of the cases which lie at the margins 

of the optimum hyperplane separating the temporal vs extratemporal EZs. The SVC-

model has 26 support vectors which determine the classifiers hyperplane. Alterations 

to any of these cases, but not others, can result in a different SVC classifier 

altogether. The coefficients in the feature ranking (Figure 2.4) represent the 

projections of a vector orthogonal to the classifying hyperplane onto each feature 

(Guyon, Weston et al. 2002). 

Multimodal LR models also performed better than SoS only, but were just 

outperformed by SVC for both SoS only (Appendix Figure A.6) and SoS+HS 

(Appendix Figure A.7). LR results are generally convergent with SVC, given the 

binary predictor (TLE) and binary predictors, where it can be shown unregularised 

LR approaches the decision boundary of SVC (Alim-Marvasti 2020).  
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2.5.2 Clinical Features of Temporal-EZ (Step 1) 

The following cardinal semiologies of temporal lobe seizures have been described 

(Blair 2012): 

• Prodromes 

• Auras 

• Altered Consciousness (dialeptic) 

• Amnesia 

• Automatisms (oral, manual, dacrystic, gelastic and leaving-behaviours) 

 

Hippocampal sclerosis (HS) is present in 36% of all patients with drug-resistant focal 

epilepsy requiring surgery, with over 88% of these cases in adults (Blumcke, 

Spreafico et al. 2017); HS is present in more than 80% of surgically treated TLE. 

The published semiologies in mTLE, commonly associated with HS include: 

• Rising epigastric sensation 

• Affective (fear) 

• Experiential (including déjà vu) 

• Automatisms 

• Head Turns 

• Autonomic phenomenon 

 

These semiologies are confirmed by univariate analysis (Table 2.2), and from the 

retained features for GB, SVC, and LR (Figure 2.3, Figure 2.4, Figure A.5) post-

RFECV. A notable exception is rising epigastric sensation. Epigastric sensation is 

non-significant for the ESF patients used to train the data (Table 2.2) and not 

present as a feature after RFECV for any of the models. 

There are conflicts and overconfidence in reporting the localising values of 

semiology in the literature, using small numbers of clinical cases and no ground-

truths to objectively assess labels or effects on surgical outcomes. The localising 

values of semiologies may be stated without measuring confidence or variation e.g. 

postictal cough localising to the temporal lobe(Blair 2012), unilateral upper-limb 

automatisms reported to both have an ipsilateral seizure onset(Marks and Laxer 
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1998, So 2006) and no lateralising value in isolation(Bleasel, Kotagal et al. 1997). 

Such discrepancies may arise due to lack of ground-truths, small numbers, ignoring 

time to onset of the semiology and excluding relevant features. When value is 

assessed, this is usually performed in a univariate manner, e.g. in one example 

series the trend that hypermotor seizures occur earlier in frontal lobe epilepsy than 

extra-frontal epilepsies was assessed by univariate Fisher’s exact test, showing that 

chronology is valuable for EZ-localisation; but did not reach significance and only 17 

surgical patients were seizure-free (ground-truth labels), limiting the power of the 

analysis (Alqadi, Sankaraneni et al. 2016). The GB algorithm (Figure 2.3) shares all 

the SVC-model features (Figure 2.4) except hypermotor, which only features in the 

SVC-model, potentially making it more capable of identifying frontal-lobe 

(extratemporal) seizures.  

2.5.3 Quantifying Value of Multimodal Features 

Although studies that look at single modality data can quantify the value of semiology 

compared to naïve benchmarks, they cannot assess the value of multimodal 

features, as are utilised clinically in MDTs (Kim, Jung et al. 2015). Clinical, 

demographic, imaging and neurophysiological features applied in machine learning 

have been purported to be capable of predicting mTLE outcomes (with or without 

HS), but this value has not been quantified nor applied to EZ-localisation (Memarian, 

Kim et al. 2015). Multimodal features of EEG and semiology enhance EZ-

lateralisation accuracy (Serles, Caramanos et al. 2000), and although it is known that 

integration of clinical data also enhance EZ-localisation (So 2006), datamining 

studies have not quantified the incremental value of multimodal data (Memarian, Kim 

et al. 2015). 

Different methods may be used to assess incremental multimodal value; for any 

given model, the convergence rate of the learning curve, choice of performance 

metric, and maximum or average performance. I highlighted the value of semiology 

and imaging using all of these methods, and used suitable summary metrics in 

unbalanced datasets, MCC and NMI (Table 2.3, Figure 2.6). In both the GB 

SoS+HS and SVC SoS+HS models, multimodal features improve MCC and NMI 

average scores by over 25% compared to the best univariate benchmark of HS, and 

compared to the SoS-only models. Therefore, although the set of seizure semiology 
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is not more valuable than univariate markers, when combined with the imaging 

feature (HS) it enhances epileptogenic lobe localisation. 

This trend can be observed for most but not all models (Appendix Figure A.8, 

Figure A.9, and Figure A.10). 

2.5.4 Outcome Prediction (Steps 2 and 3) 

Table 2.2 suggests that invasive EEG is more likely to be used in extratemporal-EZ, 

but is not associated with better outcomes, reflecting selection bias, in that invasive 

EEG would only be used if localisation was unclear on non-invasive investigations. 

In Step 2 I evaluated model performance in indirectly predicting outcomes on the 183 

non-seizure free patients. I assessed the veracity of these EZ-labels using the model 

as the predictor of true labels. The null hypothesis was that if there was a mismatch 

between weak EZ-label (actual resection) and predicted model-EZ, the ILAE 

outcomes should not be significantly different to when there is congruence of 

prediction. A naïve benchmark which predicts all resections to be temporal 

outperforms models from Step 1, therefore the EZ-localisation performance does not 

translate to better outcomes.  

Step 3 directly used all 309 patients’ features to predict seizure-freedom, and the 

training curves showed overfitting as the models performed much better on the 

training set, but were no better than benchmarks on cross-validation folds. Features 

which could localise temporal-EZ within the context of the above algorithms are thus 

insufficient for outcome prediction, which limits their clinical utility (Topol 2019). Many 

other factors besides the EZ may determine outcomes, including whether there are 

indicators of multifocal epilepsy, unaccounted clinical(Englot, Lee et al. 2013) and 

genetic features, lesion histology (Blume, Ganapathy et al. 2004), EEG patterns, and 

extent of surgical resection (Lee, Lee et al. 2005, Yun, Lee et al. 2006, Jeha, Najm et 

al. 2007, Elsharkawy, Alabbasi et al. 2008, Dugan, Carlson et al. 2017). The models 

in this chapter did not account for these, nor the precise structures within the 

temporal lobe that were resected.  

The chosen features and models were not able to predict outcomes, as reported 

previously (Goldenholz, Jow et al. 2016). However, other studies have purported to 

be capable of predicting mTLE binary post-surgical outcomes using various models 

and features in cross-validated studies: naïve-Bayes and SVM (max accuracy 95%) 



Page 98 of 388 
 

(Memarian, Kim et al. 2015), neural networks and wide manual data abstraction 

(accuracy 92%); neural networks and diffusion-tensor imaging (PPV of 88 ± 7%) 

(Grigsby, Kramer et al. 1998, Gleichgerrcht, Munsell et al. 2018). As a further 

example, support vector classifiers have been purported to be able to predict 

postsurgical seizure freedom in TLE at one year with a cross-validated accuracy of 

76% using features of thalamic “hubness”, compared to 56% accuracy when 

traditional clinical features are used (He, Doucet et al. 2017). However, the smaller 

studies are likely to be overfitting from feature selection and not generalisable, and 

even improved prognostication has not helped improve clinical outcomes (Senders, 

Staples et al. 2018, Alim-Marvasti, Vakharia et al. 2022).    

 

2.5.5 Limitations 

The mean CV score is considered an unbiased estimate of performance. The 

standard deviation estimates for the CV scores are however not unbiased (Bengio 

and Grandvalet 2004); these are particularly large due to different training samples 

within each fold (e.g. SVC is sensitive to the support vector cases), and some folds 

predicting no extratemporal EZs due to class imbalance, resulting in larger variances 

for NPV and specificity (Table 2.3). As I tuned the number of features using RFECV, 

the mean CV score is also biased, therefore multicentre prospective data is required 

to assess generalisability and ascertain which model is inherently more suited to 

localising temporal-EZ. The learning curves also suggest further data may enhance 

results.  

I used the complete set of available ictal symptoms and not only the first semiology 

or a time-series Markov model, which may yield better results with omitted imaging, 

electrophysiological, and neuropsychological features.  

I did not model propagation networks in which similarly located lesions may 

differentially straddle inherent brain networks. Dichotomous assumption of temporal 

vs extratemporal lobe epilepsy may be only good insofar as the majority of 

resections are anterior temporal resections. The labels in our data did not 

differentiate between lateral or mesial temporal-lobe EZ or indeed the extent of 

resection.  
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The PPV and specificity of both semiology and HS are higher than the models in 

predicting temporal-EZ, although the training-scores are comparable. The GB 

SoS+HS model has a more balanced metric profile (accuracy, sensitivity, negative 

predictive value), as reflected in F1-macro, MCC and NMI scores (Table 2.3).  

A strength of our data is the inclusion of only patients who remained entirely-seizure-

free for epileptogenic zone localisation, despite the good results for localisation, this 

doesn’t translate to better outcomes, the so-called AI chasm is thus not surmounted.  

Further work is required to validate this localisation model prospectively. Expanding 

the number of training samples and features in a multicentre approach may allow the 

use of these models to localise epileptogenic networks to a greater level of detail, 

and allow investigation of the extent that surgical outcomes can or cannot be 

predicted with all available multimodal data.  

2.6 Chapter 2 Acknowledgements  
I would like to thank Dr Beate Diehl for valuable discussions on semiology, Jane de 

Tisi for curating and maintaining the resections and outcome data, Prof Parashkev 
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3 Multimodal prognostic features of seizure-freedom in 

epilepsy surgery 
 

3.1 Summary 
Given the models in chapter 2 could not predict outcomes either directly nor 

indirectly by predicting TLE resections that remained seizure free, it is important to 

consider all the potential features that should be used in any future machine learning 

model for prognostication of postsurgical outcomes. In this chapter, I review the 

literature on features that have been purported to have prognostic value for 

postsurgical outcomes, using traditional univariate and multivariate methods, 

referring to a table of collated studies and features in 



Page 101 of 388 
 

A Appendix Table A.2. This is followed by a review of the evidence at a higher level, 

via a systematic review of meta-analyses on postsurgical outcomes. At the end of 

the review on meta-analyses, I summarise by: 

• pointing out the general paucity of studies investigating the role of semiology 

in outcome prediction, 

• explaining with reference to the reviewed evidence, why we were unable to 

train prognostic models in chapter 2, 

• observing that further meta-analyses may not be required given the 

repetitively emergent features, and  

• suggesting how machine learning and hitherto unmodelled features might be 

able to help.  

See the declaration in publishing own work in thesis (Thesis Acknowledgements 

page 21) on this chapter. The section on the systematic review of meta-analyses 

has been published in edited form (Alim-Marvasti, Vakharia et al. 2022). 
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3.2 Background to Prognostication of Postsurgical Seizure-Freedom 
 

3.2.1 Seizure-Freedom as Primary Outcome Measure 

Epilepsy surgery can be curative for focal drug resistant epilepsy, yet in over half of 

individuals, seizures eventually relapse (De Tisi, Bell et al. 2011, Bell, de Tisi et al. 

2017). Post-surgical outcomes can be measured using seizure-freedom, 

discontinuation of anti-seizure medications, neuropsychological and psychiatric 

outcomes or morbidity. Epilepsy surgery is an established treatment for intractable 

focal epilepsy (Spencer and Huh 2008) and seizure-freedom is the strongest 

predictor of health-related quality of life measures (Spencer and Huh 2008). The 

primary outcome of importance is seizure-freedom, which is commonly classified 

according to the ILAE or Engel classification systems (2016). These outcome 

classes can be used as ordinal scales, binarized into seizure-free and not seizure-

free categories at prespecified postoperative time points, or binarized at each year 

following surgery to build proportional Hazards models (De Tisi, Bell et al. 2011, Bell, 

de Tisi et al. 2017). 

Engel Outcome Scale 

Class I: Free of disabling seizures 

• IA: Completely seizure-free since surgery 

• IB: Non disabling simple partial seizures only since surgery 

• IC: Some disabling seizures after surgery, but free of disabling seizures for at 

least 2 years 

• ID: Generalized convulsions with antiepileptic drug withdrawal only 

Class II: Rare disabling seizures (“almost seizure-free”) 

• IIA: Initially free of disabling seizures but has rare seizures now 

• IIB: Rare disabling seizures since surgery 

• IIC: More than rare disabling seizures after surgery, but rare seizures for at 

least 2 years 

• IID: Nocturnal seizures only 
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Class III: Worthwhile improvement 

• IIIA: Worthwhile seizure reduction 

• IIIB: Prolonged seizure-free intervals amounting to greater than half the 

follow-up period, but not less than 2 years 

• Class IV: No worthwhile improvement 

o IVA: Significant seizure reduction 

o IVB: No appreciable change 

o IVC: Seizures worse 

ILAE Outcome Scale 

• Class 1: Completely seizure free; no auras 

• Class 2: Only auras; no other seizures 

• Class 3: 1 to 3 seizure days per year; ± auras 

• Class 4: 4 seizure days per year to 50% reduction of baseline seizure days; ± 

auras 

• Class 5: Less than 50% reduction of baseline seizure days; ± auras 

• Class 6: More than 100% increase of baseline seizure days; ± auras 

 

3.2.2 Prognostic Features from Individual Studies Can Be Conflicting 

Prognostic features can be related to patient characteristics (e.g., age, duration of 

epilepsy, seizure semiology, variability of seizures and genetics), investigation 

findings (focal lesion on MRI and localising epileptic activity on EEG), surgical factors 

(resection margins or technique), and combinations of the above (concordance of 

imaging with neurophysiology). Favourable clinically relevant prognostic features 

have been identified from innumerable individual studies, including clearly localising 

and lateralising semiology, well-circumscribed unilateral, unifocal, and temporal 

lesions, EEG-MRI concordance, and complete excision of the evaluated 

epileptogenic zone (EZ) from twenty-five patients through to 339 in a seven-centre 

study (Spencer, Berg et al. 2005, Baud, Vulliemoz et al. 2015). 
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Other features are prognostic for surgical outcomes in some studies and not 

predictive of outcomes in others such as secondary generalised tonic-clonic seizures 

(SGTCS) (Ferrier, Engelsman et al. 1999, Boesebeck, Schulz et al. 2002, Chung, 

Lee et al. 2005, Spencer, Berg et al. 2005, Yun, Lee et al. 2006, Elsharkawy, 

Alabbasi et al. 2008, Baud, Vulliemoz et al. 2015, Jehi, Yardi et al. 2015) and age at 

onset of seizures (Ferrier, Engelsman et al. 1999, Janszky, Jokeit et al. 2000, 

Boesebeck, Schulz et al. 2002, Schramm, Kral et al. 2002, Lee, Lee et al. 2005, Yun, 

Lee et al. 2006, Ivanovic, Larsson et al. 2017). A feature may be falsely prognostic in 

a single-centre study due to publication bias or random overfitting from investigating 

a large number of unadjusted variables. Conversely, a feature may be falsely non-

prognostic in small studies due to low statistical power. Most individual studies are 

small retrospective observational studies that investigate few patients in single 

centres and are thus prone to such biases. Non-exhaustive prognostic features from 

individual studies are summarised in 
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A Appendix Table A.2. These features were extracted from the same individual articles 

(n=1,176) that were returned from the search strategy in Chapter 4, all screened for 

titles and abstracts for relevant articles on the topic of postsurgical outcome 

prediction. Relevant reviews and cited literature were used to generate further 

relevant studies. Therefore, the results in 
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A Appendix Table A.2 are not meant to be exhaustive but rather demonstrative of the 

discrepancies between individual small studies. 

These discrepancies have resulted in multiple meta-analyses which attempt to 

aggregate data while accounting for different levels of within study heterogeneity 

amongst patients (fixed and random-effects) and between the studies themselves 

(random-effects). Their strength lies in combining data to achieve greater statistical 

power while adjusting for heterogeneity and confounders, and attributing weights to 

studies resulting in summary effect size estimates with more conservative (wider) 

confidence intervals than unweighted univariate methods. 

 

3.2.3 Predicting Seizure-Freedom 

Nevertheless, despite known prognostic clinical features in selected patient 

subpopulations, accurately predicting seizure freedom prior to surgery has remained 

elusive. Machine learning models show promise, but have almost entirely been 

trained on temporal lobe (TL) surgeries (Senders, Staples et al. 2018). Other recent 

developments to personalise seizure freedom predictions such as the Epilepsy 

Surgery Nomogram and the modified Seizure Freedom score (Jehi, Yardi et al. 

2015), are no better than clinical heuristics and intuition (Gracia, Chagin et al. 2019) 

which have not resulted in improved surgical outcomes over recent decades (Englot, 

Wang et al. 2012, Krucoff, Chan et al. 2017). This highlights the need for a review of 

the evidence in epilepsy surgery, which I present here by evaluating meta-analyses 

of features prognostic of postsurgical seizure-freedom. In the search for robust 

clinical features with prognostic value, I consider the evidence from meta-analyses 

rather than at the individual study level because meta-analyses are considered the 

pinnacle of evidence-based medicine.  

3.2.4 Research Questions 

The objectives are to address these questions: 

1. Which features are consistently prognostic? The answer to this should preclude 

the need for further meta-analyses on these features (Bastian, Glasziou et al. 2010, 

Ioannidis 2016), except when using this list to adjust for potential confounders. This 

evidence-based list could also be used in future models of seizure freedom. 
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2. Which features do not have prognostic value? These could be excluded from 

future machine-learning predictive models and meta-analyses without biasing the 

models; this would risk the potential loss of only very weak prognostic variables in 

exchange for better generalisability.  

3. What variables have not been evaluated in meta-analyses?  

 

3.3 Methods 

3.3.1 Search Strategy and Criteria 

The study was registered on international prospective register of systematic reviews 

(PROSPERO, CRD42021185232). The search was conducted in accordance with 

PRISMA guidelines on PubMed, MEDLINE and Cochrane databases updated 1st 

December 2020, using a combination of free-text and MeSH terms. We screened 

titles and abstracts for inclusion criteria and full texts for exclusion criteria for 

individual prognostic features.  

The free-text search terms used to search PubMed and MEDLINE were: 

"epilep*" AND "surg*" AND ("seizure-free" OR "outcome*") AND "meta analys*"  

This returned 202 results. With the Humans filter, this reduced to 174, and with a 

further English language filter, there were 172 articles, of which 111 were meta-

analyses. There were a further nine articles included from a non-truncated free text 

search: 

"epilepsy" AND "surgery" AND ("seizure-free" OR "outcome*") AND "meta analysis*" 

We also used the following MeSH terms: 

"Treatment Outcome"[Mesh] AND "surgery" [Subheading] AND "Epilepsy"[Mesh] 

AND "Meta-Analysis" [Publication Type] 

This returned 45 results. Humans and Meta Analyses filters returned the same 45, 

English language filter reduced this to 43. 

Additionally, the same free-text terms were used to search the Cochrane database 

Returning 227 Cochrane reviews, of which 104 remained after using the Neurology 

topic filter. 4 of these were duplicates from PubMed search, leaving 100 unique 

Cochrane reviews to be screened for inclusion criteria. 
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After removing duplicated, the above were screened for inclusion criteria based on 

title and abstract, and if inclusion criteria met, then full-text reviewed for exclusion 

criteria and prognostic features to extract. 

 

3.3.2 Inclusion Criteria 

We included studies for full-text review that were meta-analyses of prognostic 

features for epilepsy surgery based on seizure-free outcomes. The neurosurgical 

resections had to have been performed for patients with focal drug resistant epilepsy 

with curative intent.  

 

3.3.3 Exclusion Criteria 

• Generalised epilepsy 

• Non-resective interventions such as disconnections, neuromodulation, and 

ablative therapies 

• Resections performed primarily for other indications (not directly on 

outcomes) 

• Superseded meta-analyses (2014 Cochrane review replaced in 2017 (Nevitt, 

Staba et al. 2017) or another 2015 Cochrane review (West, Nolan et al. 2015) 

updated in 2019 (West, Nevitt et al. 2019), and 2005 article updated in 2010 

(Téllez-Zenteno, Dhar et al. 2005, Téllez-Zenteno, Ronquillo et al. 2010) 

• Conference presentations and abstracts  

• If there was clear and serious concern about risk of bias and unadjusted 

confounders for any specific feature e.g., attempting meta-analyses using 

small number of studies/patients or for a feature which was heavily 

confounded by known prognostic factors (Höller, Kutil et al. 2015, Nevitt, 

Staba et al. 2017, Stevelink, Sanders et al. 2018, Pellino, Gencarelli et al. 

2020). 

• No meta-analysis attempted or no effect sizes 

• Meta-analysis pooling data from only a single study (e.g. surgical techniques 

(West, Nevitt et al. 2019)).  

• Although we included pooled unweighted crude effect sizes of features from 

individual participant meta-analyses that were non-significant, we excluded 

such features if they were significant (Pilipović‐Dragović, Ristić et al. 2018), as 
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unweighted measures can overestimate true effect sizes (Cochran-Mantel-

Haenszel confidence intervals are wider).  

We did not exclude hemispherectomies or multicentre meta-analyses. 

All three authors screened titles and abstracts for inclusion criteria. Alim-Marvasti 

screened for exclusion criteria and Vakharia and Duncan checked decisions 

independently. 

 

3.3.4 GRADE Quality of Evidence Scoring 

Baseline GRADE quality of each feature from individual meta-analysis were set at 

“low” (++ out of ++++) by default due to an overwhelming majority of observational 

studies, except where the majority of constituent studies were randomised or the 

pooled number of patients were large (>1000) and analyses to investigate bias 

and/or heterogeneity were performed through sensitivity or subgroup analyses, in 

which case the preliminary rating for the feature was “moderate” (+++).  

+ = Very Low. ++ = Low. +++ = Moderate. ++++ = High (Balshem, Helfand et al. 

2011, Guyatt, Oxman et al. 2011, Nakagawa, Noble et al. 2017). 

When performing GRADE scoring, regarding indirectness of evidence, although it 

may be argued that because of the presumed differences in the maturing brain, 

paediatric and adult epilepsy surgery populations should be investigated separately 

or as subgroups, studies and features were not rated down for indirectness of 

evidence if adult and paediatric populations were mixed (online data supplement 1 

Supplementary Table 1 caption (Alim-Marvasti, Vakharia et al. 2022)). 

 

3.3.5 Data Collection 

Two neurologists and a neurosurgeon independently screened articles for inclusion 

criteria, then one collected data and checked against exclusion criteria (AAM) and 

the other two checked decisions. Disagreements were resolved through discussion.  

The following data, where available, were extracted for each meta-analysis: 

investigated feature(s) (whether prognostic or not), specified population (resected 

lobe, adults, specified lesion), numbers of patients and individual studies for each 

feature or their upper bounds, definition and duration of seizure-freedom, effect-
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sizes, and method used (univariate, multivariate logistic regression, fixed-effect, 

random-effects, network analysis, meta-regression, or other models). Qualitative 

evaluation of certainty of evidence was performed using the Grading of 

Recommendations Assessment, Development and Evaluation (GRADE guidelines) 

for biological meta-analyses (Balshem, Helfand et al. 2011, Guyatt, Oxman et al. 

2011, Guyatt, Oxman et al. 2011, Guyatt, Oxman et al. 2011, Guyatt, Oxman et al. 

2011, Guyatt, Oxman et al. 2011, Guyatt, Oxman et al. 2011, Nakagawa, Noble et al. 

2017). Trial sequence analyses were also assessed for bias using an additional 

checklist (Shah and Smith 2020).  

3.3.6 Collection of Effect Sizes 

If multiple subgroups were reported, e.g., Engel I and Engel Ia for multiple years of 

follow-up, then we collected the effect size estimates for the strictest outcome (Engel 

IA) and for the longest duration of follow-up; but where relevant, did consider all the 

effect sizes when considering inconsistency on the GRADE scale. Where the 

Cochrane reviews adjusted effect seizes for outcomes, this was quoted. We 

considered outcomes worse than Engel I or follow-up durations less than 12 months 

as indirect evidence of good outcomes.  

 

3.3.7 Numbers of studies and participants 

For calculation of medians and IQR of number of individual studies and participants, 

there were 2 missing datapoints not reported in the meta-analyses. These were 

imputed using the medians of the rest of the datapoints for numbers of individual 

articles and numbers of participants (Ansari, Tubbs et al. 2010, Chandra, Vaghania 

et al. 2014) For this calculation, the 8 multicentre study was considered to be from 8 

articles (Chelune, Naugle et al. 1998). 

Where there were no numbers for participants or studies for a specific feature in a 

meta-analysis, total participants across all features in the meta-analysis were used, 

this, along with the possibility of individual study overlap across meta-analyses, 

results in the frequency counts of participants and individual studies in Table 3.2 

through Table 3.4 to be upper bound estimates. 

For summary Table 3.1, I summed all the total individual studies and participants for 

each category of meta-analysis, irrespective of overlap of individual studies between 
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meta-analyses, and so these are upper bounds of the number of unique individual 

studies and participants. If a meta-analysis used more than one method, the total 

number of studies and patients were duplicated for both methods. This was because 

some studies did not specify exactly which method was used for which feature and 

how many studies/participants that involved. The missing values were not imputed 

for Table 3.1 and were defaulted to zero.  

In the few cases of uncertain statements on specific features without forest plots and 

without quoting effect sizes or the univariate test(s) used, the features were excluded 

with comments (in red text in online data supplement 1 Supplementary Table 1 

(Alim-Marvasti, Vakharia et al. 2022)).  

 

3.3.8 Structural Causal Model 

The structural causal model outline was designed using dagitty from daggity.net 

(Textor, van der Zander et al. 2016). I used two different levels of complexity, one 

encompassing all possible relationships and the other simplified to generate causal 

pathways that are easier to follow diagrammatically. These R codes, available online 

as “data supplement 2” and “data supplement 3” from the open-access publication 

(Alim-Marvasti, Vakharia et al. 2022) and can be copy-pasted onto 

http://www.dagitty.net/dags.html to reproduce both the simplified causal pathway 

Figure A.16 included in the appendix and the more complete one. 

3.3.9 Statistical Analysis 

Effect sizes were inverted as necessary such that OR/RR > 1 favoured good 

outcome. When quoting effect sizes across meta-analyses for the same feature, I 

used the range of effect sizes (ROES) for both point estimates and the 95% 

confidence intervals [min, max].  

3.3.10 Estimating Missing Effect Sizes 

If effect sizes or confidence intervals were not quoted, these were estimated from the 

raw data (Altman 1990). When calculating odds ratios for raw data and their 

confidence intervals, where the effect size was not provided but the data was, these 

were calculated according to Altman 1991 (Altman 1990). These are marked by a c 

to indicate the effect size was calculated from the data provided in the literature, and 

a * where the confidence interval was also estimated.  

http://www.dagitty.net/dags.html
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3.3.11 Data Presentation 

A table of all individual meta-analyses that underwent full-text review as part of the 

PRISMA process with all their respective prognostic features was curated, but 

because the table spans nearly 100 pages, it is only available online under data 

supplement 1 Supplementary Table 1 (Alim-Marvasti, Vakharia et al. 2022).  

Features from the same investigation modality were grouped into categories in data 

supplement 1 Supplementary Table 2 online (Alim-Marvasti, Vakharia et al. 2022). 

The body of evidence was rated for each feature across all meta-analyses using the 

GRADE score as above. Comments are included where relevant in the tables, with 

accompanying -1 or +1 signifying rating down or up the quality of evidence as 

appropriate.  

Features were split into essential prognostic features (EPF), uncertain (UPF), and 

non-prognostic (NPF) based on consistency of value across meta-analyses such that 

if all effect sizes were in the same direction (e.g., all favoured postsurgical seizure-

freedom) then this feature was classified as EPF, whereas UPF included features 

that in some meta analyses favoured seizure freedom, while others showed no effect 

or worse outcomes, and NPF were consistently non-significant (neutral) in all meta-

analyses. These three tables, two steps removed from the raw data collection, are 

presented in this thesis.  

 

3.4 Results 

3.4.1 Overview, PRISMA Flowchart and Meta-Analytical Methods 

From 50 included meta-analyses, 12 were entirely excluded on full-text review (with 

no features to extract) leaving 38 articles from which data was collected (PRISMA-

flowchart Figure 3.1). Fully excluded meta-analyses had lower median numbers of 

individual studies than meta-analysis from which data was extracted (11 [IQR 7, 22] 

vs 22 [IQR 15, 37]), and lower median number of patients (71 [IQR 33, 87] vs 1034 

[IQR 320, 1999]). The maximal number of individual studies in any meta-analysis 

was 258,(Widjaja, Jain et al. 2020) and the maximal number of included patients was 

16855 from the Cochrane review (West, Nevitt et al. 2019). Two multicentre studies 

were included, one from 8 centres and another from 37 (Chelune, Naugle et al. 

1998, Lamberink, Otte et al. 2020). 
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Figure 3.1: PRISMA flowchart of study selection 

 

Table 3.1 PRISMA flowchart of study selection based on inclusion and exclusion criteria. 
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The main analytical methods used and upper bounds on numbers of studies and 

patients are summarised in Table 3.1. Each meta-analysis often utilised multiple 

methods.  

 

Table 3.1: The main meta-analytical methods for evaluating prognostic features of 

epilepsy surgery 

Table 3.1 The main meta-analytical methods used in included studies in the evaluation of the 
prognostic features of epilepsy surgery. 

 

Table 3.2, Table 3.3, and Table 3.4 list features, with GRADE quality of body of 

evidence rating across meta-analyses. Table 3.2 presents essential prognostic 

features (EPF) that were consistently prognostic in all meta-analyses that 

investigated the variable, Table 3.3 summarises features with mixed or uncertain 

results (UPF), and Table 3.4 lists consistently non-prognostic features (NPF).  

 

3.4.2 Essential Prognostic Features for Epilepsy Surgery (EPF) 

Thirteen features were regarded as EPF, because they were clearly prognostic and 

population-invariant in meta-analyses. Three of these clinical features, from six 

meta-analyses over 21 years, were severe learning disability including IQ less than 

75, with the largest effect size estimates from the paediatric tuberous sclerosis 

Type of Meta-Analysis Number of Meta-
Analyses 

Total Number of 
Included Individual 
Studies (upper 
bound) 

Total Number of Patient 
Participants (upper 
bound) 

Univariate (tests of 
proportions, ANOVA, t-
test or crude effect sizes) 

9 215 6,351 

Proportional Hazards 
models (Cox regression) 

1 19 187 

Fixed or random (mixed) 
effects models 

17 1,122 55,502 

Meta-regressions 
(including logistic 
regression) 

6 372 16,006 

(Bayesian) Network 
Analyses (NMA) 

4 325 6,471 

Hierarchical/multi-level 0 0 0 

Other: partial least 
squares (projection to 
latent space) 

1 20 186 
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population (ROES RR 0.26–0.66 [0.14, 0.94], OR 0.14–0.61 [0.04,0.82]), presence 

of febrile convulsions (RR 1.09 [1.01, 1.17]) and lack of acute postoperative seizures 

(APOS) (OR 4.2 [2.97, 5.93]) (Table 3.2).  

Three prognostic imaging features were the presence of hippocampal sclerosis (RR 

1.17 [1.12, 1.23]), abnormal SPECT co-registered with MRI (ROES 2.44–3.28 [1.34, 

5.67]), and abnormal MR imaging was the most investigated EPF, consistently 

prognostic in ten meta-analyses with the largest effect sizes from children with 

hemispherectomies (ROES RR 1.28–1.64 [1.20, 2.08], OR 1.27–4.6 [1.14, 16.62]).  

Neurophysiological features were ictal and interictal (uni-)focal EEG abnormalities, 

this effect largely persisted irrespective of whether the MRI was abnormal or if initial 

epilepsy surgery had failed (ROES OR 1.55–3.89 [1.24, 9.08]).  

MRI and EEG were the only multimodal concordance explicitly investigated (ROES 

OR 2.17–4.9 [1.07, 13.5]). There were no genetics features in EPF.  

Surgical technique EPFs were TL resections (in populations that excluded repeat 

resections and surgery for low grade gliomas) (ROES OR 1.35–2 [1.06, 3.45]), and 

complete excision of lesions (ROES RR 1.11–1.99 [1.03, 2.84]).  

Favourable histopathological features were: 1) presence of tumours (RR 1.23 [1.14, 

1.32]), 2) focal cortical dysplasia type IIb (FCD) (ROES OR 1.38–1.92 [1.01, 3.57]), 

3) presence of any focal pathological lesion (ROES OR 1.08-3.2 [1.02, 5.3]). 

However, one meta-analysis showed non-significance for focal histopathology in MRI 

negative TLE,(Wang, Zhang et al. 2016) suggesting that the basis of favourable 

outcomes in individuals with focal imaging abnormality and histopathological 

abnormality are shared; it is likely that adjusting for one may render the other non-

prognostic (see structural causal model).  

Concordance and complete excision had moderate GRADE quality of evidence 

scores, other features had scores that were of low or very low quality.  
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Table 3.2: Essential Prognostic Features for Epilepsy Surgery (EPF) 

 

EPF Prognostic Value and Supporting Evidence Base 

Feature Population(s) or Subgroup(s) Range of Effect 
Sizes 

for Seizure-
Freedom  

Comments Meta-Analytical 
References 

Publication 
Year (first, last) 

GRADE 
score 

Clinical Features 

Severe 
developmental 
delay and IQ 

≤75  

Children and adults, TLE, 
structural lesions, tuberous 

sclerosis, hemispherectomies 

RR 0.14-0.66 [0.04, 
0.94] 

Favours absence of severe 
learning disability 

Chelune, Naugle; Fallah, Guyatt; Hu, Zhang 1998 – 2019 ++ 
Low 

  

Febrile 
Convulsions 

(FC) 

TL and ET in 
children and adults 

OR 2.08 [1.2, 3.7]  
RR 1.09 [1.01, 1.17] 

Favours presence of FC Tonini, Beghi; West, Nevitt 2004 – 2019 + 
Very Low 

  
Without Acute 
Postoperative 

Seizures 
(APOS)  

Children and Adults, TLE and ET OR 4.2-5.7 [2.97, 
9.8] 

Favours absence of APOS 
within 30 days of surgery 

Giridharan, Horn 2016 ++ 
Low 

 
 

Imaging Features 

Hippocampal 
Sclerosis (HS) 

Adults and Children with TLE OR 2.13 [1.57, 2.86]  
RR 1.17 [1.12, 1.23] 

Favours presence of Mesial 
Temporal Sclerosis or HS 

Tonini, Beghi; West, Nevitt 2004 – 2019 ++ 
Low 

Abnormal or 
Lesional MRI 

Adults and Children with TLE and 
ET, FCD, Frontal Lobe, Occipital 

Lobe and Posterior Quadrant 
Epilepsies, hemispherectomies 

RR 1.28-1.64 [1.20, 
2.08] 

OR 1.27-4.6 [1.14, 
16.62] 

Favours abnormal MRI, see 
data supplement 1 

supplementary table 3 
online for comments on two 

borderline meta-analyses 
(Alim-Marvasti, Vakharia et 

al. 2022) 

Tonini, Beghi; Téllez-Zenteno, Ronquillo; 

Yin, Kang; West, Nevitt; Rowland, Englot; 

Englot, Wang; Englot, Rolston; Harward, 

Chen; Widjaja, Jain; Cao, Liu 

2004 – 2020 ++ 
Low 

SPECT: 

Subtraction 

SPECT co-

registered to 

MRI (SISCOM) 

TL and ET OR 2.44-3.28 [1.34, 
5.67] 

Favours ictal and inter-ictal 
SPECT-SISCOM 

abnormalities 

Chen and Guo 2016 ++ 
Low 

Neurophysiological Features 
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Focal Ictal or 

Interictal or 

Invasive EEG 

Adults, children, repeat 
resections, MRI-negative TLE, 

tuberous sclerosis, ET 

OR 1.55-3.89 [1.24, 
9.08] 

Positive prognostic 
value on PLS also. 

Favours focal EEG changes, 
for comments on notable 
exceptions from 2012-

2013(Englot, Wang et al. 
2012, Englot, Rolston et al. 

2013) See data supplement 
1 supplementary table 3 
online (Alim-Marvasti, 
Vakharia et al. 2022) 

Krucoff, Chan; Wang, Zhang; Fallah, Guyatt; 

Ibrahim, Morgan; Englot, Breshears 

2013 – 2017 + 
Very Low 

Multimodal Concordance 

EEG-MRI 

Concordance 

TL and ET 
children and adults, tuberous 
sclerosis, hemispherectomies 

RR 1.25 [1.15, 1.37]  
OR 2.17-4.9 [1.07–

13.5] 
Prognostic value on 

PLS 

Favours EEG and MRI 
concordance 

Tonini, Beghi; West, Nevitt; Fallah, Guyatt; 

Ibrahim, Morgan; Hu, Zhang 

2013 – 2019 +++ 
Moderate 

Surgical Technique or Anatomic Features 

Temporal Lobe 

(vs ET) 

resections 

Adults and children with FCD, 
repeat surgery, low grade 

gliomas 

OR 1.35-2 [0.8, 
3.45] 

Favours surgery for TLE Rowland, Englot; Chen, Chen; Krucoff, 

Chan; Widjaja, Jain; Shan, Fan; Lamberink, 

Otte 

2012 – 2020 + 
Very Low 

Complete 

Excision (vs 

subtotal 

resection) 

Adults and children with FCD, 
FLE, repeat resections, TLE, low 

grade gliomas 

OR 2.6-12.5 [1.3, 
20] 

RR 1.11-1.99 [1.03, 
2.84] 

Favours complete excision Rowland, Englot; Chen, Chen; Englot, 

Wang; Krucoff, Chan; West, Nevitt; Widjaja, 

Jain; Shan, Fan 

2012 – 2020 +++ 
Moderate 

Pathological Features 

Presence of 

Tumours 

Children and adults, TLE and ET, 
gangliogliomas, DNET, 
neuroepithelial tumours 

RR 1.23 [1.14, 1.32] 
OR 1.27-2.78 [1.12, 

3.57] 

Favours tumours over 
multiple other lesions. See 

comments in data 
supplement 1 

supplementary table 3 
online (Alim-Marvasti, 
Vakharia et al. 2022) 

Tonini, Beghi; West, Nevitt; Lamberink, Otte 2004 – 2020 +++ 
Moderate 

Focal Cortical 

Dysplasia 

(FCD) 

Adults and children, TLE and ET FCD: RR 0.90 
[0.85, 0.95] 

FCD Type II(b): OR 
1.38-1.92 [1.01, 

3.57] 

Favours the absence of 
FCD, otherwise favours FCD 

type IIb 

Rowland, Englot; Chen, Chen; West, Nevitt; 

Lamberink, Otte 

2012 – 2019 ++ 
Low 
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Lesional 

Pathology vs 

Non-Lesional 

Adults and Children, FLE, TLE, 
ET, repeat resections, Occipital 
Lobe and posterior quadrant. 

RR 1.67 [1.36, 28.6] 
OR 1.08-3.2 [1.02, 

5.3] 

Favours presence of focal 
pathological lesion except in 

MRI neg TLE (see 
comments in data 

supplement 1 
supplementary table 3 
online (Alim-Marvasti, 
Vakharia et al. 2022)) 

Englot, Wang; Englot, Rolston; Krucoff, 

Chan; Wang, Zhang; Harward, Chen; 

Englot, Breshears; Widjaja, Jain 

2012 – 2017 ++ 
Low 

 

Table 3.2 The essential prognostic features (EPFs). OR/RR=Odds Ratios and Relative Risks over 1 indicate better outcomes. TL=Temporal Lobe. 
ET=Extratemporal. FLE=Frontal Lobe Epilepsy. PLS=Projection to Latent Space. FCD=focal cortical dysplasia. See data supplement 1 supplementary table 3 
online (Alim-Marvasti, Vakharia et al. 2022) for more details. 
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3.4.3 Uncertain Prognostic Features (UPF) 

 

There were eighteen uncertain features with mixed results some suggesting 

prognostic value while other meta-analyses suggesting non-significance (Table 3.3): 

previous head injury, CNS infections, focal semiology, infantile spasms, seizure 

frequency, age at onset, age at surgery (investigated by 18 separate meta-

analyses), duration of epilepsy (15 meta-analyses), interictal FDG-PET focal 

hypometabolism, whether preoperative invasive EEG was performed or choice of 

subdural vs depth electrodes, presence of interictal spikes, lateralising ictal or 

interictal EEG, extensive surgical resections, and vascular pathology (non-prognostic 

when adjusted for different outcome scales and likely significant for cavernomas). 

Uncertain postsurgical variables also included change in postsurgical semiology and 

postoperative EEG discharges. 
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Table 3.3: Uncertain Prognostic Features (UPF) 

 

UPF Mixed Results Evidence Base 

Feature Population(s) or 
Subgroup(s) 

Range of Effect Sizes 
for Seizure-Freedom 

Comments Individual 
Patients* 

Individual 
Studies* 

Meta-
Analytical 

References 

Publication 
Year (first, 

last) 

GRADE 
score 

1. Clinical Features 

History of Head Injury Adults and Children NS 
RR 0.99 [0.86, 1.13] 

Although there was no overall 
effect, subgroup analyses by 
outcome were very different 

and inconsistent.(West, Nevitt 
et al. 2019) 

551 7 West, Nevitt 
et al. (2019) 

2019 

2019 + 
Very Low 

 
Unclear 

CNS Infections TL and ET in 
Children and Adults 

NS 
OR 0.73 [0.29, 1.82] 

Non-Engel outcomes in more 
than half of individual 

studies.(Tonini, Beghi et al. 
2004) 

<<3511 2 Tonini, 
Beghi et al. 
(2004) 2004 

2004 + 
Very Low 

 
Unclear 



Page 121 of 388 
 

Focal (partial) Seizure 
Semiology 

vs  
Generalised 

ET non-lesional 
Adults, 

Adults and Children 
with FCD 

 
Adults and Children 

with FLE 
 

TL in Children 
 
 

TS 
 
 

TS in Children 
 

Repeat Surgery 
 

Children with 
Rasmussen’s 

 
ET in Children 

 
Adults and Children 

with 
hemispherectomy 

 
Adults with 

supratentorial low 
grade gliomas 

 
Children with 

hemispherectomy 

NS  
OR 1.46  

 
 

NS (p=0.05) 
 
 

OR 1.36 [1.20, 1.56] 
 
 

NS OR 1.15 [0.42, 
3.11] 

 
 

OR = 3.1 [1.2, 8.2] 
 

NS 
 

NS HR 0.8 [0.43, 1.51] 
 

OR 1.61 [1.18, 2.35] 
 

OR 1.84, [1.18, 2.89] 
 
 
 

RR 0.76 [0.67, 0.85] 
 

NS 

When significant, focal seizures 
were always a positive predictor 
of seizure-freedom, except for 
one study on gliomas in which 

even TL surgery wasn’t 
associated with better 

outcomes.(Shan, Fan et al. 
2018)   

 
One group used two separate 

techniques in two different 
studies for the same set of 
patients. In bivariate logistic 

regression, OR was 3.1;(Fallah, 
Guyatt et al. 2013) whereas 

using partial least squares, the 
effect was still positive but the 
bootstrapped CI just crossed 

point of non-significance; 
instead, focal ictal EEG was 
significant on PLS,(Ibrahim, 

Morgan et al. 2015) suggesting 
a correlation between focal 
seizure semiology and focal 
ictal EEG as if observing the 
same factor from different 

points in their causal pathway.  
 

Those with less than ~250 
individual participants were less 

likely to show significance. 
On balance, likely to be a 

positive prognostic feature with 
low power and in need of 

adjusting for other confounders. 

Total = 
4965 

 
 

Significant 
studies 

= 
4025 

 
 

NS studies 
= 

940 

Total = 124 
 
 

Significant 
=  
70 
 
 
 

NS  
=  
54 

Ansari, 
Tubbs et al. 
(2010) 2010 

 
Rowland, 

Englot et al. 
(2012) 2012 

 
Englot, 

Wang et al. 
(2012) 2012 

 
Englot, 

Rolston et 
al. (2013) 

2013 
 

Zhang, Hu 
et al. (2013) 

2013 
 

Fallah, 
Guyatt et al. 
(2013) 2013 

 
Ibrahim, 

Morgan et 
al. (2015) 

2015 
 

Krucoff, 
Chan et al. 
(2017) 2017 

 
Harris, 

Phillips et al. 
(2019) 2019 

 
Englot, 

Breshears 
et al. (2013) 

2013 
 

2010 – 2019 + 
Very Low  

 
Possible 
positive 

prognostic 
feature, given 

the right patient 
selection and 
circumstances 
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Hu, Zhang 
et al. (2016) 

2016 
 

Shan, Fan 
et al. (2018) 

2018 
 

Cao, Liu et 
al. (2016) 

2016 
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Epileptic (Infantile) Spasms TS 
 

TS in Children 

OR 0.45 [0.24, 0.85]  
 

NS OR 0.84 [0.35, 
2.03] 

NS on PLS 

Data for TS patients only. 
 

Heterogenous definitions of 
seizure freedom without 

sensitivity analyses and no 
funnel plots to investigate 

publication bias.(Zhang, Hu et 
al. 2013) 

Small samples (median 7, IQR 
[3,25]), did not assess 

heterogeneity nor bias.(Fallah, 
Guyatt et al. 2013) One meta-

analysis had a moderate 
GRADE score for 

spasms.(Ibrahim, Morgan et al. 
2015) 

 

343 27 Zhang, Hu 
et al. (2013) 

2013 
 

Fallah, 
Guyatt et al. 
(2013) 2013 

 
Ibrahim, 

Morgan et 
al. (2015) 

2015 
 
 

2013 – 2015 + 
Very Low 

 
Unclear 

Low Seizure Frequency or 
Without daily seizures 

Adults and Children 
with FLE 

 
Paediatric ET 

 
TL in Children 

NS 
 
 

NS 
 

unclear 

Although two meta-analyses 
found seizure frequency to be 
non-significant, another in TLE 

in Children included 103 
patients from 5 individual 

studies and the unweighted 
effect size seemed promising 
ORc 2.98 [1.24, 7.16],(Englot, 

Rolston et al. 2013) but no 
further attempt at inverse 
variance weighting was 

performed and it is unclear if 
this would have remained 

significant. 

1357 25 Englot, 

Wang et al. 

(2012) 2012 

Englot, 

Breshears 

et al. (2013) 

2013 

 

2012 – 2013 + 
Very Low 

 
Unclear 
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Age at Seizure Onset 
 

Dichotomised <1yr 
 

Log10 age at onset 
 

Dichotomised <18yrs 
 

Younger age at onset 
 

Meta Regression 

Adults with non-
lesional ET 

 
TS 

 
 

TS in Children 
 
 

MRI negative TLE 
 
 

Children with 
Rasmussen’s 

 
Children and children 
with TLE subgroup 

 
 
 

Children with non 
lesional ET 

 
Children with 

hemispherectomy 

NS  
 
 

OR 0.47 [0.24, 0.92] 
 
 

NS OR 1.52 [0.77, 
2.99]; also NS on PLS 

 
NS OR 1.09 [0.38, 

3.07] 
 

HRu 0.91 [0.85, 0.96] 
NS HRm [0.87, 1.04] 

 
overall:  ORc= e0.346 = 

1.41 (p<0.001) 
TLE: ORc = e0.144 = 

1.15 (p=0.023) 
 

NS 
 
 

SMD = 0.26, [0.03, 
0.49] P = 0.028 

Age at onset was higher in 
seizure free patients in a 

metaregression of children with 
and without TLE but not ET, 

hemispherectomy, tumours or 
MCD.(Widjaja, Jain et al. 2020) 

Age over 1 year was also 
associated with better 

outcomes in TS.(Zhang, Hu et 
al. 2013) 

However, it was non-significant 
in at least 5 other meta-

analyses. 
 

One study had a significant HR 
of 0.91 (favouring younger age 
at onset) on univariate, but NS 
on multivariate testing adjusted 

for the length of follow-
up(Harris, Phillips et al. 2019). 

 
Even when results were 

significant, they weren’t too 
dissimilar e.g., seizure onset 
age tended to be younger by 
about 5 months in the Engel 

Class II to IV group compared 
with the Engel Class I group 
(median 3.6 months vs 8.4 

months, p=0.006).(Cao, Liu et 
al. 2016) 

1252 115 Ansari, 

Tubbs et al. 

(2010) 2010 

Zhang, Hu 

et al. (2013) 

2013 

Fallah, 

Guyatt et al. 

(2013) 2013 

Ibrahim, 

Morgan et 

al. (2015) 

2015 

Wang, 

Zhang et al. 

(2016) 2016 

Harris, 

Phillips et al. 

(2019) 2019 

Widjaja, 

Jain et al. 

(2020) 2020 

Ansari, 

Maher et al. 

(2010) 2010 

Cao, Liu et 

al. (2016) 

2016 

2010 – 2020 + 
Very Low 

 
Unclear 
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Age at Surgery 
 

<18 yrs at surgery 
 

<18 yrs at surgery 
 

Continuous  
 

Log base 10 or <5yrs 
 

<18 yrs at surgery 
 

Metaregression of mean age 
and outcomes 

 
 

Age < 18 yrs 
 
 
 
 
 
 
 
 
 
 

Metaregression 
 
 
 
 
 
 
 
 

Age > 45 yrs 
 
 
 
 
 
 

Adults non lesional 
ET 

 
Adults and Children 

FCD 
 

Adults and Children 
FLE 

 
Children with TLE 

 
TS 

 
MRI negative TLE 

 
Children and Adults 

TLE/ET 
 

Occipital Lobe and 
Posterior Adults and 

Children 
 

Repeat Surgery in 
focal Drug-Resistant 

Epilepsy 
first or last surgery 

 
Children 

Rasmussen’s 
 
 

Children overall 
TL 
ET 

 
 
 

Children ET 
 
 

Low grade gliomas in 
Adults 

 

NS (ANOVA) 
 

NS  
 

NS  
 

NS (t-test) 
 

NS 
 

NS OR 1.09 [0.38, 
3.07] 

 
NS 

 
 

 OR 1.54 [1.13, 2.18] 
 
 

NS 
 
 
 

HR 0.93u [0.89, 0.97]  
NSm HR 0.95m [0.90, 

1.0] 
 

Overall: ORc = e-0.189 = 
0.83 (p<0.001) 

TL: ORc = e-0.093 = 0.91 
(p=0.031) 

ET: ORc = e-0.173 =  
0.84 (p 0.004) 

 
NS 

 
 

RR 1.12 [1.01, 1.23] 
 
 

NS 
 
 

Many results from multiple 
meta-analyses are non-

significant.  
 

The only significant results were 
on unadjusted univariate hazard 

ratios for children with 
Rasmussen’s,(Harris, Phillips et 

al. 2019)  metaregression on 
paediatric epilepsies where 
younger age at surgery was 

associated with better 
outcomes overall and for TL 

and ET subgroups (but not for 
hemispherectomy, tumours or 

MCD)(Widjaja, Jain et al. 2020), 
and older age at surgery for low 
grade gliomas in adults with a 
cut-off value of 45 yrs.(Shan, 

Fan et al. 2018)   
 

Two studies looked at 
hemispherectomy / 

Rasmussen’s in children, one 
was NS(Cao, Liu et al. 2016)  

and the other had a significant 
HR of 0.93 on univariate, but 

NS on multivariate testing 
adjusted for the length of follow-
up(Harris, Phillips et al. 2019); a 

third study was NS in the 
hemispherectomy 

subgroup.(Widjaja, Jain et al. 
2020) 

 
Most other studies were 

variations on adults or children, 
TL or ET, lesional or non-
lesional and all were non-

significant. Two studies looked 
at TS, although both NS, both 
also very weak on quality of 

evidence rating.(Zhang, Hu et 

10798 221 Ansari, 

Tubbs et al. 

(2010) 2010 

Rowland, 

Englot et al. 

(2012) 2012 

Englot, 

Wang et al. 

(2012) 2012 

Englot, 

Rolston et 

al. (2013) 

2013 

Zhang, Hu 

et al. (2013) 

2013 

Fallah, 

Guyatt et al. 

(2013) 2013 

Ibrahim, 

Morgan et 

al. (2015) 

2015 

Wang, 

Zhang et al. 

(2016) 2016 

Giridharan, 

Horn et al. 

(2016) 2016 

Harward, 

Chen et al. 

(2017) 2017 

2010 – 2020 ++  
Low 

 
Probably not 
prognostic 
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Dichotomised age >18 yrs 

Children non lesional 
ET 

 
Children 

hemispherectomy 
 

Cavernomas Adults 
and Children 

NS 0.95 [0.38, 2.37] al. 2013), (Fallah, Guyatt et al. 
2013) 

 
On balance, it is probable that 
the lack of adjusting for known 

prognostic factors and 
heterogeneous follow-up times 

has resulted in falsely 
significant results.  

Krucoff, 

Chan et al. 

(2017) 2017 

Harris, 

Phillips et al. 

(2019) 2019 

Widjaja, 

Jain et al. 

(2020) 2020 

Englot, 

Breshears 

et al. (2013) 

2013 

Shan, Fan 

et al. (2018) 

2018 

Ansari, 

Maher et al. 

(2010) 2010 

Cao, Liu et 

al. (2016) 

2016 

Shang-

Guan, Wu et 

al. (2018) 

2018 
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Duration of Epilepsy Prior 
to Surgery 

 
 
 

Mean duration 
 
 

Shorter duration 
 

Duration or time between 
surgeries 

 
 

Shorter duration 
 
 

<2 vs >2yrs 
 

<5 vs >5yrs 
 

<10 vs >10yrs 
  

<20 vs <20yrs 
 

<5 vs >10yrs 
 
 

Subgroup Metaregression 
 

≤ 7 years 

Duration ≥ 1 year 

Adults non-lesional 
ET 

 
Adults and Children 

with FLE 
 

TLE in Children 
 
 

MRI neg TLE 
 

Repeat surgery for 
focal Drug-Resistant 

Epilepsy 
 

Paediatric 
Rasmussen’s 

 
| 
| 

Children 
 and  

adults 
 all  

lobes 
| 
| 
| 
| 
| 
 
 

Paediatric ET  
 

Adults with low grade 
gliomas  

 
Children and Adults 

with low-grade 
epilepsy associated 

neuroepithelial 
tumour 

 

NS 
 
 

NS 
 

NS (t-test) 
 
 

OR 2.57 [1.21, 5.47] 
 

NS (t-test) 
 
 

HR 0.92u [0.88, 0.97] 
 
 

RR 1.20 [1.05, 1.39] 
 

RR 1.24 [1.08, 1.42] 
 

RR 1.25 [1.09, 1.43] 
 

RR 1.33 [1.08; 1.65] 
 

RR 1.32 [1.19; 1.46] 
 
 

NS 
 

OR 1.52 [1.07, 2.14] 
 

RR 0.82 [0.75, 0.91] 
 
 

0.97 [0·96 – 0·99] 
 
 
 
 

NS 
 
 

NS  

Upper bound estimates for 
participants were nearly half-

and-half split between 
significant and non-significant 
meta-analyses. All significant 

studies favoured shorter 
duration.  

 
Studies that favoured shorter 

duration had relative risk point 

estimates between 1.2 – 1.32 

and odds ratios between 1.52 – 

2.57 which are compatible as 

odds ratios tend to 

overestimate. Although one 

study showed possible 

increases in the effect sizes 

when longer durations of 10 

and 20 years until surgery were 

considered,(Bjellvi, Olsson et al. 

2019) another subgroup 

metaregression was non-

significant.(Giridharan, Horn et 

al. 2016) 

Both age at onset and age at 

surgery from Harris, Phillips et 

al. (2019) lost their significance 

when adjusted for outcome 

follow up variability, however, 

they did not seem to report the 

same multivariate result for 

duration of epilepsy. Given the 

univariate HR approaches 0.97 

in children with Rasmussen’s, 

this feature would, we suspect, 

also become non-significant on 

adjusting and we therefore 

include the patients and 

individual studies in the non-

Overall 
18645 

 
NS 

5786 
 

Favours 
Shorter 
Duration 
12859 

 
Favours 
Longer 

Duration 
0 

Overall 
185 

 
NS 
98 
 

Favours 
Shorter 
Duration 

87 
 

Favours 
Longer 

Duration 
0 

Ansari, 

Tubbs et al. 

(2010) 2010 

Englot, 

Wang et al. 

(2012) 2012 

Englot, 

Rolston et 

al. (2013) 

2013 

Wang, 

Zhang et al. 

(2016) 2016 

Giridharan, 

Horn et al. 

(2016) 2016 

Krucoff, 

Chan et al. 

(2017) 2017 

Krucoff, 

Chan et al. 

(2017) 2017 

Harris, 

Phillips et al. 

(2019) 2019 

Bjellvi, 

Olsson et al. 

(2019)  

2019 

Englot, 

Breshears 

et al. (2013) 

2013 

2010 – 2020 + 
Very Low 

 
Likely favours 

shorter duration 
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ET nonlesional 
children 

 
Children 

hemispherectomy  
 

Cavernomas adults 
and children 

 
 

 
 

NS 

significant category.(Harris, 

Phillips et al. 2019) 

There were no clear patterns to 

the populations or ages studied, 

and no clear adjustments or 

interactions with TL resections 

made. Given TL connectivity 

and involvement in propagation, 

interaction between duration of 

epilepsy in TL and ET would be 

useful. On balance, there may 

be better prognosis with shorter 

duration of epilepsy, but this is 

confounded by selection bias of 

clearer diagnoses of focal 

epileptogenic zones. 

 

Shan, Fan 

et al. (2018) 

2018 

Lamberink, 

Otte et al. 

(2020) 2020 

Ansari, 

Maher et al. 

(2010) 2010 

Cao, Liu et 

al. (2016) 

2016 

Shang-

Guan, Wu et 

al. (2018) 

2018 

 

Postsurgical: 
 

Postoperative Semiology 
Different to Presurgical 

Semiology 

 
 

Adults and Children, 
TL and ET 

 
 

NS 4.24 [0.93, 19.25] 

Although results suggest when 
semiology changes 

postoperatively there is a higher 
chance of seizure freedom, this 

depends on the definition of 
“seizure-freedom” and with 109 

participants across only 3 
studies, was not statistically 

significant. 

109 3 Giridharan, 

Horn et al. 

(2016) 2016 

 

2016 + 
Very Low 

 
Unclear 
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2. Imaging Features 

FDG-PET Focal Interictal 
Hypometabolism 

Adults with TLE and 
ET  

 
Adults TLE? (35, 1) 

 
Adults and Children 

with FLE 
 

MRI negative TLE  

NS 
 

NS 
 

NS 
 
 

NS  
OR 2.11 [0.95, 4.65] 

PET does not appear to add 
value in patients localized by 
ictal scalp EEG and/or MRI. 
One meta-analysis looked at 

MRI negative TLE, in which 127 
patients across 5 studies was 

NS, however, the OR was 2.11 
and the confidence interval was 
skewed (p=0.06), favouring a 

positive prognostic 
effect.(Wang, Zhang et al. 

2016) 

1479 107 Willmann, 

Wennberg 

et al. (2007) 

2007 

Englot, 

Wang et al. 

(2012) 2012 

Wang, 

Zhang et al. 

(2016) 2016 

 

2007 – 2016 + 
Very Low 

 
PET may have 

prognostic 
value for MRI 
negative TLE 

3. Neurophysiological Features 

Postoperative interictal 
discharges 

 

 

TL and ET 
Children and adults  

 
 
 

TLE subgroup 

OR 0.28 [0.08, 0.95] 
NS Adjusted for 

outcomes RR 0.91 
[0.68, 1.22] 

 
RR 0.81 [0.70, 0.94] 

Although one would expect 
postoperative discharges to be 

correlated with seizures and 
poor outcomes, and this is 

reflected in the overall OR of 
0.28, RR <1, and TLE subgroup 

effect size, when adjusted for 
outcomes, the overall effect 

was not statistically 
significant.(West, Nevitt et al. 

2019) 2019 
 

1547 9 Tonini, 

Beghi et al. 

(2004) 2004  

West, Nevitt 

et al. (2019) 

2019 

 

2004 – 2019 + 
Very Low 

 
Probably 

favours lack of 
postoperative 

discharges in at 
least TLE 
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Preoperative intracranial 
(invasive) EEG Monitoring  

 
(EcoG, electrico-

corticography, includes 
subdural grids and 

stereoEEG – see below for 
comparison between 

invasive methods) 

TL and ET 
Children and adults 

1547 (27, 2) 
 

ET, Adults, Non-
lesional 

 
Children and adults 

with FLE  
 

Tuberous Sclerosis  
 
 

Children with TLE  
 
 

Repeat surgery on 
focal Drug-Resistant 

Epilepsy 
 

Paediatric ET  
 
 

ET nonlesional 
children <95 (<17) 

OR 0.37 [0.22, 0.63], 
RR 0.85 [0.78, 0.93] 

 
 

NS 
 

NS 
 
 

NS  
OR 1.6 [0.76, 3.37] 

 
NS ORc crude 1.31 

[0.84, 2.04] 
 

OR = 0.4, [0.2, 0.9] 
 
 

NS 

ORc 0.77 [0.50, 1.19] 
 

NS 

Of the 9 meta-analyses 
investigating the presence or 

absence of invasive monitoring, 
only 2 were of ++ “low” quality 

on the GRADE score, 
compared with 7 with + “very 
low” rating. Both of the higher 

rated meta-analyses found that 
performing intracranial EEG 
was associated with worse 

outcomes with a relative risk for 
seizure freedom of 0.85 and 
odds ratios of 0.4.(Krucoff, 

Chan et al. 2017, West, Nevitt 
et al. 2019) This may be 

expected due to selection bias 
of the most difficult cases. The 
Cochrane review included the 
largest number of participants 
at 1547 across 21 individual 
studies.(West, Nevitt et al. 

2019) 
 

The other studies suffered from 

one or more limitations, 

including no funnel plots to 

investigate publication 

bias,(Zhang, Hu et al. 2013) 

having small sample sizes from 

multiple centres with 

heterogenous outcome 

reporting, (Ansari, Tubbs et al. 

2010) (Tonini, Beghi et al. 

2004) providing limited 

information on the actual effect 

size, (Englot, Wang et al. 2012) 

and most did not adjust for 

other variables which could also 

affect the power to detect 

significance. 

 

4198 105 Tonini, 

Beghi et al. 

(2004) 2004  

West, Nevitt 

et al. (2019) 

2019 

Ansari, 

Tubbs et al. 

(2010) 2010 

Englot, 

Wang et al. 

(2012) 2012 

Zhang, Hu 

et al. (2013) 

(2013) 

Englot, 

Rolston et 

al. (2013) 

2013 

Krucoff, 

Chan et al. 

(2017) 2017 

Englot, 

Breshears 

et al. (2013) 

2013 

Ansari, 

Maher et al. 

(2010) 2010 

2004 – 2019 + 
Very Low 

 
Most likely 

favours lack of 
invasive 

monitoring 
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sEEG vs Subdural Grid TL and ET adults and 
children (but not from 
children only studies) 

 
Nonlesional (n=237) 

 
Lesional (n=665) 

 
TL (n=470) 

 
ET (n=420) 

 
 

Any  

Overall RR = 64.7% 
[59.2, 69.8] / 55.9% 
[50.9, 60.8] = 1.16c 

 
NS RR = 52% / 54.4% 

= 0.96 
 

RR = 71.6% / 57.3% = 
1.25 

 
RR = 73.9% / 56.7% = 

1.30 
 

RR = 61% / 46.7% = 
1.31 

 
 

SDE 64.3% [61.1, 67.5] 
SEEG 54% [50.8, 57.3] 
ORcu 0.65 [0.45, 0.95] 

p=0.025cu 
 

there was no difference 
in seizure freedom 
rates regardless of 

resection (p = 0.0565) 
 

While there were significant 
differences favouring sEEG 
overall (p = 0.02), in lesional 

(p = 0.031), and temporal 
subgroups (p = 0.002), the 

average follow-up for sEEG 
was 10 months while for 

subdural grids was nearly 
19months but no adjustment 

was made for duration of follow 
up. Furthermore, while there 

wasn’t significant heterogeneity 
in the sEEG studies 

(I2 = 11.86%; p = 0.318), there 
was in the subdural group 

(I2 = 54.47%; p = 0.002) 
 

Funnel plots and Egger’s tests 
resulted in no overall or 

subgroup changes. 
 

On balance, although the 
subdural grid cases were more 
likely to progress to surgery in 
both meta analyses, likely to 
due to more straightforward 
cases, it’s possible that the 

results favour sEEG specifically 
for lesional cases when there is 
considerable uncertainty about 

the epileptogenic zone 
localisation. 

2461 
 
 

64 Toth, Papp 

et al. (2019) 

2019 

(Remick, 

Ibrahim et 

al. 2020) 

2020 

 

2019, 2020 + 
Very Low 

 
 

Note that this is 
a complex 

feature, likely 
confounded by 
many others, 

and interactions 
with other 

clinical features 
have not been 
investigated. 

 
Possibly 

favours sEEG 
overall and 

specifically in 
lesional cases, 
but uncertain. 
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Interictal Spikes (presence 
of) 

TL and ET 
Children and adults 

NS 
OR 1.82 [0.86, 3.88] 

The evidence base of this 
feature is uncertain, although 
the point estimate supports a 

positive prognostic feature with 
a somewhat skewed confidence 
interval, this is not statistically 
significant. Tonini, Beghi et al. 

(2004) investigated 3511 
patients across 47 studies for 
13 features, interictal spikes 
comprised only 3 individual 

studies and the exact number of 
cases was not presented but 

proportionally would be on the 
order of ~224.  

<<3511 3 Tonini, 

Beghi et al. 

(2004) 2004 

 

2004 + 
 

Lateralised (Unilateral) 
Interictal EEG 

 
 
 
 

Unilateral vs bilateral 
interictal spikes  

 

Children and adults 
with FLE  

 
Tuberous Sclerosis 

(n=127) 
 

Adults and children 
(n=1414) 

 
Paediatric ET  

(n=130) 
 
 

Adults and children 
hemispherectomy 

(n=413) 
 

NS 
 
 

OR 2.42 [1.11, 5.27] 
 
 

RR 1.14 [1.05, 1.24], 
 
 

NS 
ORc 2.22 [0.98, 5.05] 

 
 

OR 1.66, [1.03, 2.67]  
 

Two meta-analyses were non-
significant, one without further 
data and the other raw data 

presented showing a calculated 
OR of 2.22.(Englot, Wang et al. 
2012, Englot, Breshears et al. 

2013)  
Note the lack of TLE subgroup. 
The largest was the Cochrane 

review with 1414 patients with 

RR 1.14 for unilateral vs 

bilateral interictal spikes. Let’s 

assume 70% seizure-freedom 

for unilateral spikes, if a 

presurgical patient’s interictal 

EEG shows bilateral spikes – 

everything else being equal – 

we should reduce this 

expectation from 70% down by 

a factor of 1/1.14 i.e., 61%. 

(NNT ~11–25 depending on 

definition of seizure freedom).  

3283 62 Englot, 

Wang et al. 

(2012) 2012 

Zhang, Hu 

et al. (2013) 

2013 

West, Nevitt 

et al. (2019) 

2019 

Englot, 

Breshears 

et al. (2013) 

2013 

Hu, Zhang 

et al. (2016) 

2016 

 

2012 – 2019 + 
Very Low 

 
Likely favours 

unilateral 
interictal EEG 



Page 133 of 388 
 

Unilateral vs Bilateral Ictal 
EEG  

(Lateralized Ictal EEG) 
 

Adults and Children 
with FCD  

 
Tuberous Sclerosis 

(n=159) 
 

Adults and Children 
hemispherectomy 

(n=414) 

NS 
OR 1.03 [0.82, 1.31] 

 
OR 2.48 [1.17, 5.24] 

 
 

OR 1.88 [1.15, 3.07] 

Two meta-analyses estimated 
odds ratios around 2 for better 

seizure free outcomes for 
lateralised ictal EEG in TS and 

hemispherectomy at any 
age.Zhang, Hu et al. (2013), 

Hu, Zhang et al. (2016) Another 
found no significance in 

FCD.Rowland, Englot et al. 
(2012) 

As with all other features, it 
must be remembered that even 

if EEG lateralises, there are 
other factors such as correct 

localisation and complete 
resection of the epileptogenic 
zone. Therefore, on balance, 
probably supports favourable 

outcomes in unilateral ictal EEG 
abnormalities. 

 

2587 25 Rowland, 

Englot et al. 

(2012) 2012 

Zhang, Hu 

et al. (2013) 

2013 

Hu, Zhang 

et al. (2016) 

2016 

 

2012-2016 + 
Very Low 

 
Probably 
favours 

unilateral ictal 
EEG 

4. Multimodal Concordance: None 

5. Genetics: None 

6. Surgical Technique or Anatomic Features 
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Extensive Surgical 
Resection 

 
 
 

Extensive frontal vs localised  
 
 

Lobectomy (extensive) vs 
tuberectomy  

 
ATL (extensive) vs SAH 

(selective) 
 
 
 
 
 

ATL vs SAH 
 
 

ATL vs SAH 

 
 
 
 

Lesionectomy vs multilobar 
resection surgery) 

 
Hemispherectomy (vs 

resective) 
 
 

3.5cm (extensive) vs 2.5cm 
(limited) ATL resection 

 
Extended vs limited 

lesionectomy  

TL and ET 
Children and adults 

(n<3511) 
 

FLE, adults and 
children (n=651) 

 
Tuberous sclerosis 

(n=189) 
 

TLE children and 
adults (n=1203) 

 
TLE and HS 

subgroup (n=1092) 
 

TLE mainly adults 
(n=?) 

 
 

TLE (n=626) 
 
 

SAH vs ATL in TLE 
(n=1397) 

 
Tuberous sclerosis 
children (n=186) 

 
Rasmussen’s 

Paediatric (n<187) 
 

TLE Adults >18yrs 
(n=207) 

 
Cavernomas in adults 
and children (n=245) 

 
Extensive resection 

of surrounding 
haemosiderin vs 

resection of 
cavernoma only 

OR 4.27 [2.06, 8.85] 
 
 
 

RR 0.58 [0.41, 0.79] 
 
 

OR 1.96 [1.01, 3.7] 
 
 

RR 1.32  
[1.12, 1.57]  

 
RR 1.26 [1.05, 1.51] 

 
 

NS OR 1.14 [0.93, 
1.39] p=0.201 

 
NS 

RR 1.01 [0.54, 1.09] 
 

Overall OR 0.65 [0.51, 
0.82] 

 
 

NS on PLS 
 
 

HR 0.28u [0.18, 0.45] 
HR 0.30m [0.18, 0.49] 

 
NS RR 0.98 [0.83, 

1.16] 
 

NS OR 0.96 [0.44, 
2.08] 

 
 

OR 1.61 [1.10, 2.38] 

As a supercategory comprising 
of ATL (vs SAH), lobectomy or 

hemispherectomy (vs 
lesionectomy), or extended 

lesionectomy vs limited 
resections, it isn’t clear whether 

extensive surgical resection 
results in better SF.  

 
Meta-analyses supporting 

extensive resections include 
those for all patients, (Tonini, 
Beghi et al. 2004) tuberous 
sclerosis,(Zhang, Hu et al. 

2013) TLE(Josephson, 
Dykeman et al. 2013) (Hu, 

Zhang et al. 2013), and 
paediatric Rasmussen’s (Harris, 

Phillips et al. 2019).  
If no significant study favoured 
limited resections, this would 
not have been unexpected, 

given at one end of the extreme 
spectrum, total brain removal 
might be expected to result in 
SF. However, extensive frontal 

lobe resections resulted in 
worse outcomes compared to 

limited resections. (Englot, 
Wang et al. 2012) This was the 

only result which favoured 
limited resections.  

If taken at face value, non-
inferiority or worse SF 
outcomes for selective 

procedures, except for frontal 
lobe patients, may suggest a 

role for healthy frontal cortex in 
seizure inhibition (and 

conversely indicate the role of 
TL for seizure propagation), or 
suggest selection bias where 

large resections are made when 

9494 120 
 

  

Tonini, 

Beghi et al. 

(2004) 2004 

Englot, 

Wang et al. 

(2012) 2012 

Zhang, Hu 

et al. (2013) 

2013 

Josephson, 

Dykeman et 

al. (2013) 

2013 

Jain, 

Tomlinson 

et al. (2018) 

2018 

Kuang, 

Yang et al. 

(2014) 2013 

Hu, Zhang 

et al. (2013) 

2013 

Ibrahim, 

Morgan et 

al. (2015) 

2015 

Harris, 

Phillips et al. 

(2019) 2019 

West, Nevitt 

et al. (2019) 

2019 

2004 – 2019  



Page 135 of 388 
 

 there is less clear localisation, 
the former which warrants 

further investigation if the effect 
persists after adjustment. 

 
On balance, ATL results in 

better SF, but has other 
detrimental outcomes including 

on cognition, more cortical 
thinning than SAH especially in 
the frontal and insular cortices 
[“Remote effects of epilepsy 

surgery: long-term 
morphological changes after 

surgical resection” Poster, AES 
2020] 

Even for ATL, some studies 
supported better outcomes, 
(Josephson, Dykeman et al. 

2013) (Hu, Zhang et al. 2013)   
whilst other did not. (Jain, 

Tomlinson et al. 2018) (Kuang, 
Yang et al. 2014) There was no 

clear time or quality of study 
trend, nor by technique (trans-

sylvian, transcortical or 
subtemporal). 

Shang-

Guan, Wu et 

al. (2018) 

2018 

Ruan, Yu 

(41) 2015 

 

7. Pathological Features 



Page 136 of 388 
 

Vascular Malformations Adults and Children NS RR 1.07 [0.94, 
1.21]  

NS OR 0.79 [0·60 - 
1·06] 

 

Vascular malformations are 
non-prognostic when adjusted 
for different outcomes scales, 

on pathology or 
imaging.(Tonini, Beghi et al. 

2004) As a group, they are also 
not statistically significant when 

compared to low grade 
neuroepithelial tumours, and 

this provides indirect evidence 
that vascular malformations 

may be prognostic. 
Cavernomas especially, are 

likely prognostic (77.1% Engel 
I) compared to others 

(65.8%).(Lamberink, Otte et al. 
2020) 

1931 56 West, Nevitt 

et al. (2019) 

2019 

Lamberink, 

Otte et al. 

(2020) 2020 

 

2019 – 2020 ++ 
Low 

 
Not Prognostic 

 

Table 3.3 Features with inconclusive or conflicting prognostic value for epilepsy surgery. *=upper bound of estimate, not including subgroup analyses. 
NS=Not significant. c=calculated (unweighted) effect size. MCD=malformations of cortical development. u=univariate. m=multivariate. TL=Temporal Lobe. 
ET=Extratemporal. FLE=Frontal Lobe Epilepsy. PLS=Projection to Latent Space (Ibrahim, Morgan et al. 2015). 
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3.4.4 Non-Prognostic Features (NPF) 

 

Fifteen non-prognostic features (Table 3.4) comprised: sex, epilepsia partialis 

continua, number of cortical tubers, magnetic spectroscopy abnormality, 

encephalomalacia, enhancement or mass effect of low grade gliomas, performing 

intraoperative invasive electrocorticography, use of video-EEG telemetry, mesial vs 

lateral TL focus, side of resection (left vs right, 11 meta-analyses from 2004 to 2019), 

frontal-central or posterior extratemporal lobe resections, geographical location of 

surgery (North America vs elsewhere), presence of neuronal migration abnormalities 

on imaging, and astrocytoma vs non-astrocytoma. 
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Table 3.4: Non-Prognostic Features (NPF) 

 

NPF Features Non-Prognostic Evidence Base 

Feature Population(s) or 
Subgroup(s) 

Range of Effect Sizes 
for Seizure-Freedom 

Comments Individual 
Patients* 

Individual 
Studies* 

Meta-
Analytical 

References 

Publication 
Years of 

meta-
analyses 
(first, last) 

GRADE 
score 

1. Clinical Features 
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Sex: 
male vs female 

Adults and Children 
with FLE  

 
Children with TLE, 

Tuberous Sclerosis, 
MRI neg TLE, 

Repeat surgery in 
focal Drug-Resistant 

Epilepsy,  
Paediatric ET 

 
Children and adults 
hemispherectomy 

 
Low grade gliomas in 

adults 
 

Children with 
hemispherectomy  

All NS All were non-significant, a large 
proportion even on weighted 

univariate tests which otherwise 
tend to overestimate significance. 

 
Individual unweighted effect sizes 

ranged from OR 0.83 [0.42, 
1.64]c in repeat surgery for focal 
Drug-Resistant Epilepsy(Krucoff, 

Chan et al. 2017) to OR 1.44 
[0.86, 2.41] in MRI negative 

TLE.(Wang, Zhang et al. 2016)   

5974 148 Englot, Wang 

et al. (2012) 

2012 

Englot, 

Rolston et al. 

(2013) 2013 

Zhang, Hu et 
al. (2013) 

2013 
 

Fallah, 

Guyatt et al. 

(2013) 2013 

Ibrahim, 

Morgan et al. 

(2015) 2015 

Wang, Zhang 

et al. (2016) 

2016 

Krucoff, Chan 

et al. (2017) 

2017 

Englot, 

Breshears et 

al. (2013) 

2013 

Hu, Zhang et 

al. (2016) 

2016 

Shan, Fan et 

al. (2018) 

2018 

2012 – 
2018 

+++ 
Moderate 

 
Non-Prognostic 
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Cao, Liu et 

al. (2016) 

2016 

Epilepsia Partialis 
Continua (EPC) 

Children undergoing 
hemispherectomies 

NS Not significant on unweighted 
univariate testing which is more 
likely to make a statistical type I 
error. Although result is from 1 
meta-analysis, the population 

required to have sufficient 
numbers with EPC is unlikely to 

be found in vast numbers 
elsewhere.   

127 7 Cao, Liu et 

al. (2016) 

(2016) 

2016 ++ 
Low 

 
Non-Prognostic 

2. Imaging Features 

Number of Cortical 
Tubers 

 
≤ 4 vs > 4 tubers 

 
 

“Less tuber 
burden” 

 
Tuberous Sclerosis 

 
 

NS 
OR 1.12 [0.49, 2.57]  

 
NS  

OR 1.01 [0.96, 1.07]  
Also NS on PLS. 

 

Note that the patients from two of 
these meta-analyses were the 

same patients, albeit in one they 
were reported to be 186 and in 

another 181, the main difference 
was in the methodology, where 

the 2015 paper used PLS. 
Overall there were few sample 
sizes, no adjustment except in 
PLS, and they either did not 
perform funnel plots,(Fallah, 

Guyatt et al. 2013, Zhang, Hu et 
al. 2013) 

 or did not assess 
heterogeneity,(Fallah, Guyatt et 
al. 2013) or used heterogenous 

seizure-freedom definitions 
without sensitivity 

analyses.Zhang, Hu et al. (2013) 

286 24 Zhang, Hu et 

al. (2013) 

2013 

Fallah, 

Guyatt et al. 

(2013) 2013 

Ibrahim, 

Morgan et al. 

(2015) 2015 

 

2013 – 
2015 

++ 
Low 

 
Non-Prognostic 

Magnetic 1H 
Spectroscopy 
Abnormality: 

 
Ipsilateral to 

Resected Lobe 

TLE adults and 
children 

 
TLE, adults and 

children, normal MRI 

OR 4.9 [1.97, 12.17] 
 

NS 

There was a single meta-analysis 
that we found, showing no added 
value of spectroscopy compared 
to conventional MRI for patients 3 

to 66 years of age. “Fifteen 
centers performed chemical shift 
imaging and seven centers used 
single-voxel spectroscopy. Most 
studies were obtained at 1.5 T” 

121 22 Willmann, 

Wennberg et 

al. (2006) 

2006 

2006 + 
Very Low 

 
Probably no 

more valuable 
than 

conventional 
MRI 

abnormality 
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Encephalomalacia Adults and children NS 
RR 0.78 [0.52, 1.17] 

Encephalomalacia was NS in the 
Cochrane meta-analysis, it was 
also not significant on subgroup 

analyses.(West, Nevitt et al. 
2019) 

317 5 West, Nevitt 

et al. (2019) 

2019 

 

2019 + 
Very Low 

 
Not Prognostic 

Enhancement, 
oedema, and/or 

mass effect 

Low grade gliomas in 
adults 

NS These combined features are not 
clinically prognostic of low-grade 

glioma resection for seizure 
freedom. Although NS, the point 
estimate and confidence interval 

are unavailable.  

2641 23 Shan, Fan et 

al. (2018) 

2018 

 

2018 + 
Very Low 

 
Not Prognostic 

Vascular Lesions Adults and Children 
TL and ET 

NS 
OR 0.66 [0.30, 1.46] 

Only 1 meta-analysis 
investigated this in 2004, 

comprising only 3 individual 
studies, its pathological 

counterpart was also NS.(West, 
Nevitt et al. 2019) 

<<3511 3 Tonini, Beghi 

et al. (2004) 

2004 

 

2004 + 
Very Low 

 
Not Prognostic 

3. Neurophysiological Features 

Intraoperative 
Invasive EEG 

(EcoG, electrico-
corticography) 

Children and adults 
with FLE 

NS p=0.14 
ORc 1.23 [0.95, 1.62] 

 1024 21 Englot, Wang 

et al. (2012) 

2012 

 

2012 +++ 
Moderate 

 
NotPrognostic 

Video Telemetry 
and Long Term 

Monitoring 

Children and adults 
with FLE 

 
Lesional and non-

lesional TLE and ET 

NS (chi-squared) 
 
 

All confidence intervals 
overlap with 1, with 

only a trend for OR>1 
in lesional TLE 

subgroup (confounder) 

Limited information on effect size 
provided. 

 
Lesional TLE cases do well, and 

this was the only subgroup in 
which long term monitoring had a 
point effect size estimate greater 

than 1. 

<<1199 
 
 

539 

<21 
 
 

44 

Englot, Wang 

et al. (2012) 

2012 

Kobulashvili, 

Kuchukhidze 

et al. (2018) 

2018 

2012, 2018 + 
Very Low 

 
Not Prognostic 

  



Page 142 of 388 
 

4. Multimodal Concordance: None 

5. Genetics: None 

6. Surgical Technique or Anatomic Features 

Mesial vs Lateral 
TL focus 

MRI neg TLE 92 NS 
OR 1.39 [0.61, 3.2] 

Mesial or lateral TLE, as 
determined by sEEG, subdural 

grids, or ATL/SAH vs 
neocortectomy, are not 

significant.  
 

92 8 Wang, Zhang 

et al. (2016) 

2016 

 

2016 + 
Very Low 

 
Not Prognostic 
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Side of Resection 
(Left vs Right) 

TL and ET Children 
and adults 

 
 

TLE adults 
 

ET, Adults, Non-
lesional 

 
Adults and children 

with FLE 
 

Children with TLE 
 
 

MRI neg TLE 
 
 

Repeat surgery for 
focal Drug-Resistant 
Epilepsy Surgery #1 

 
Surgery #2 

 
 

Paediatric ET 
 
 

Children and adults 
hemispherectomy  

 
 

ET non lesional 
children 

 

NS  
OR 0.85 [0.54, 1.34]  
RR 1.04 [0.99, 1.1] 

 
NSu OR 0.57 [0.26, 

1.24] 
 

NS 
 

NS 
 
 

NSu 

ORc 1.07 [0.72, 1.60] 
 

NS 
OR 1.33 [0.84, 2.08] 

 
NSu 

ORc 0.73 [0.43, 1.25] 
 

NSu 

ORc 0.77 [0.44, 1.33] 
 

NS 
ORuc 0.99 [0.64, 1.53] 

 
NS  

OR 1.17, [0.79, 1.73], p 
= 0.43 

 
NSu 

Although there are some 
methodological issues which 

result in the quality of evidence 
GRADE score for side of 

resection for each meta-analysis 
not exceeding ++ “low”, such as 

heterogenous outcome reporting, 
11 meta-analysis spanning 15 
years were unanimous in not 
finding significance in side of 

resection, given a low prior for 
theoretically considering that 

there may be better outcomes 
base on left or right sided 

surgery, this feature is unlikely to 
be prognostic irrespective of how 
many further analyses investigate 

it.  

6550 188 Tonini, Beghi 

et al. (2004) 

2004 

West, Nevitt 

et al. (2019) 

2019 

Willmann, 

Wennberg et 

al. (2007) 

2007 

Ansari, 

Tubbs et al. 

(2010) 2010 

Englot, Wang 

et al. (2012) 

2012 

Englot, 

Rolston et al. 

(2013) 2013 

Wang, Zhang 

et al. (2016) 

2016 

Krucoff, Chan 

et al. (2017) 

2017 

Englot, 

Breshears et 

al. (2013) 

2013 

Hu, Zhang et 

al. (2016) 

2016 

2004 – 
2019 

+++ 
Moderate 

 
Not Prognostic 
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Ansari, 

Maher et al. 

(2010) 2010 

Frontal, Central, or 
Posterior 

Resections vs 
Other 

ET, Adults, Non-
lesional 

 

NS  81 ? Ansari, 

Tubbs et al. 

(2010) 2010 

 

2010 + 
Very Low 

 
Not Prognostic 

Geographical 
Location of 
Surgery: N 
America vs 
Elsewhere 

Tuberous Sclerosis in 
Children 

NS on PLS Only one meta-analysis, and so 
the GRADE score reflects the 

quality of the investigated feature 
from this meta-analysis alone. 

186 20 Ibrahim, 

Morgan et al. 

(2015) 2015 

2015 +++ 
Moderate 

 
Not Prognostic 

7. Pathological Features 

Neuro-migrational 
defects 

TL and ET 
Children and adults 

NS 
OR 0.66 [0.42, 1.03] 

There was a trend whereby 
neuromigrational deficits were 

negative prognostic factors, but 
the number of participants in this 

analysis is unclear. 

? 
(<<3511) 

6 Tonini, Beghi 

et al. (2004) 

2004 

2004 + 
Very Low 

 
Not Prognostic 

Astrocytoma vs 
non-astrocytoma 

Low grade gliomas in 
adults  

NS NA The exact numbers of patients 
were not provided for this 

particular analysis.  

<2641 <23 Shan, Fan et 

al. (2018) 

2018 

 

2018 + 
Very Low 

 
Not-Prognostic 

 

Table 3.4 Non-prognostic features. *=upper bound of estimate, not including subgroup analyses. NS=Not-significant. c=calculated (usually unweighted) 
effect size. MCD=malformations of cortical development. u=univariate. m=multivariate. TL=Temporal Lobe. ET=Extratemporal. FLE=Frontal Lobe Epilepsy. 
PLS=Projection to Latent Space. 
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3.5 Discussion 
 

The studies in 

A Appendix Table A.2 were considered sufficiently heterogenous that forest plots and 

a novel meta-analysis were considered to provide potentially misleading summaries. 

For example, differing studies included paediatric and adult populations and varying 

definitions of seizure freedom (ILAE 1 or 1 and 2), with variable duration of follow-up. 

Additionally, the objective was to capture a wide range of features rather than 

investigate the magnitude of effect of individual features per se. 

Previous systematic reviews and meta-analyses have however summarised some 

studies using random-effects models in forest plots and meta-regressions (Table 

3.1). To reiterate why it is worth reviewing prognostic features and meta-analyses, it 

is worth noting that all features considered, the value of video-telemetry in 

determining a seizure-focus for resection and subsequent seizure-freedom (ESF) is 

far from perfect (Kobulashvili, Kuchukhidze et al. 2018) (hundreds of patients but 

very low quality studies and an unusual definition of specificity). The idea is therefore 

to search for features that may have not had sufficient power in individual studies, 

but emerge in meta-analyses.  

A Cochrane review in 2019 looked at 120 retrospective studies on prognostic 

features. These studies looked at between 1 and 8 univariate features, and 29 

studies looked at multivariate regression. The surprising results include right-sided 

resections and absence of FCD/malformations of cortical development as positive 

prognostic features (West, Nevitt et al. 2019). 

The case I am making is two-fold: 

1. the individual studies, systematic reviews and meta-analyses are great at 

informing clinicians of the features that are important based on best-available 

evidence, but due to significant heterogeneity and unmodelled features, they 

are unable to provide individualised quantitative prognostication. A meta-

analysis or systematic review is unable to identify a new feature or aggregate 

many weaker features if very few individual studies have collected or reported 

on the variable. Complex high-dimensional machine learning models, using 

large datasets and unselected features, are inherently more suited to this. The 
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use of EPFs in complex models can identify further features while adjusting 

for EPFs, and are more likely to be successful at individual prognostication.  

2. the database and SVT from chapters 4 and 5 endeavour to provide an 

objective semiology to SOZ/EZ translator that can be used to evaluate the 

value of semiology and other modality concordance for prognosis. This was 

unsuccessful in chapter 2 Step 2 indirect prognostication where the 

concordance of model prediction was compared with the actual resection 

(section 2.4.4) and is revisited again in chapter 6 as SVT is applied to 

individuals with FLE who had surgery.  

 

3.5.1 Individual Studies: Overview 

The use of various models in different patient populations, unobserved 

heterogeneity, differing definitions of seizure-freedom, and various sample sizes, 

have resulted in often contradictory findings. Although these differences can be 

attributed to the specific population under study, many studies are presumably 

underpowered, and others chance findings from type I errors due to unadjusted 

effect sizes and multiple comparisons without corrections. For example, there are 

different reports of SGTCS,(Ferrier, Engelsman et al. 1999, Boesebeck, Schulz et al. 

2002, Chung, Lee et al. 2005, Spencer, Berg et al. 2005, Yun, Lee et al. 2006, 

Elsharkawy, Alabbasi et al. 2008, Baud, Vulliemoz et al. 2015) age at onset (Ferrier, 

Engelsman et al. 1999, Janszky, Jokeit et al. 2000, Boesebeck, Schulz et al. 2002, 

Schramm, Kral et al. 2002, Lee, Lee et al. 2005, Yun, Lee et al. 2006, Ivanovic, 

Larsson et al. 2017), age at surgery (Schramm, Kral et al. 2002, Lee, Lee et al. 

2005, Yun, Lee et al. 2006, Jeha, Najm et al. 2007, Elsharkawy, Alabbasi et al. 2008, 

Ivanovic, Larsson et al. 2017), and epilepsy duration(Ferrier, Engelsman et al. 1999, 

Janszky, Jokeit et al. 2000, Lee, Lee et al. 2005, Yun, Lee et al. 2006, Ivanovic, 

Larsson et al. 2017) on surgical outcomes. 

3.5.2 Meta-Analyses: Overview 

I presented the results from 38 meta-analyses on postsurgical prognostication in 

epilepsy surgery, only 15 of the 46 features collated here were found in the 2019 

Cochrane review (West, Nevitt et al. 2019). When investigating other variables for 

associations with seizure-outcomes, EPFs can be used to adjust for confounders. 
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A 2006 review of 3511 patients from 47 articles summarised the evidence from the 

literature and suggested that prolonged febrile seizures, unilateral EEG epileptiform 

abnormalities, MRI abnormalities, hippocampal sclerosis, SPECT ictal focal 

hyperperfusion, PET temporal lobe abnormalities and extent of mesial temporal 

resections were associated with a higher chance of seizure remission. Head trauma, 

postoperative epileptiform EEG changes, developmental abnormalities with 

hippocampal sclerosis, and acute postoperative seizures were negatively prognostic 

(Beghi and Tonini 2006). Due to unadjusted confounders and heterogenous 

definitions of features and seizure freedom, such findings were considered 

preliminary (Tonini, Beghi et al. 2004, Beghi and Tonini 2006). Another meta-review 

(of 10 reviews and meta-analyses) in 2013 identified lesional, abnormal MRI, focal 

seizures, complete resection, unifocal ictal EEG abnormality and extensive 

lobectomy vs tuberectomy, in patients with tuberous sclerosis, as positive predictors. 

Severe developmental delay, non-localised or bilateral EEG, FCD type 1, abnormal 

postoperative EEG and tuberectomies were negative predictors (Zhang, Liu et al. 

2013). 

Reported non-prognostic features in this study that were congruent with this 

chapter’s non-prognostic table were sex (yet there were a further four meta-analyses 

published in 2013 pooling data on sex and there have been another seven since), 

side of surgery (yet meta-analyses continue to investigate side of resection and find 

non-significance, last in 2019) and tuber burden in tuberous sclerosis (three meta-

analyses investigated this and found non-significance, last in 2015). Other non-

prognostic features included age at surgery, duration of epilepsy, seizure frequency, 

infantile spasms, invasive EEG, and PET results (Zhang, Liu et al. 2013).  

In this narrative review, I summarise some of the shortcomings of individual studies, 

followed by, to what extent, results from meta-analyses can address these issues: 

• Conflicting conclusions on whether features have prognostic value. Meta-

analyses have greater power, with the limitation of assuming sufficient 

homogeneity between-studies and meta-analyses themselves can be 

contradictory especially with regards to inclusion criteria and cumulative 

timing (Imberger, Thorlund et al. 2016). 
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• Inconsistent definitions of good seizure outcomes and differing durations of 

postsurgical follow-up are a source of between-study heterogeneity. Most 

studies categorised the broad Engel I as constituting seizure freedom, when 

only IA constitutes complete seizure freedom. Meta-analyses limit themselves 

to studies with similar definitions and random-effects models quantify 

between-study heterogeneity. Nevertheless, the Engel I category used in the 

majority of meta-analyses includes patients with ongoing seizures, potentially 

compromising results, as this can suggest an incompletely resected EZ or 

multifocal epilepsy. 

• Unobserved heterogeneity is the problem of comparing regression coefficients 

across multivariate models, due to unaccounted variables. Meta-analyses 

using Cochrane-Mantel-Haenszel (CMH) stratification, multinomial logistic 

regression or projection to latent space (Ibrahim, Morgan et al. 2015) attempt 

to adjust for between-feature correlations, nevertheless, this mitigation is 

limited if important features are omitted. By not fully adjusting for covariates 

such as focal MRI abnormality or duration of follow-up, incorrect conclusions 

may be drawn. This limitation is well known (Ibrahim, Morgan et al. 2015) but 

has not been  universally addressed with a definitive set of prognostic 

features.  

• The majority of studies do not statistically correct for multiple comparisons, 

potentially introducing false-positives. Systematically reviewing all meta-

analytical methods used to evaluate a particular feature across patient 

populations is an attempt to mitigate against false positives.   
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3.5.3 Essential Prognostic Features for Epilepsy Surgery (EPF-ES) 

It is imperative that potential confounders are adjusted for prior to concluding 

associations between features and postsurgical outcomes. Adjusting is almost 

entirely a priori. Without a list of potential confounders, any study evaluating 

prognosis cannot make adequate conclusions. The main objective was to determine 

the minimum list of a priori features for future studies to adjust for, towards improved 

personalised prognosis and ultimately better surgical outcomes (thesis objective 

#2a) (Table 3.2). I propose future grouping of these features into a priori structural 

causal models, assisting us in determining if it would be suitable to adjust for the 

variables in the EPF list, as summarised in Figure 3.2 and shown as a simplified 

SCM in Appendix Figure A.16 (Vandenbroucke 2002, Alim-Marvasti, Vakharia et al. 

2022). EPF is therefore a minimum essential list based on current best-evidence. 

3.5.3.1 Lesional and abnormal MRI 

Since the inception of epilepsy surgery, lesional cases have been at the forefront of 

patient selection. A meta-analysis of 2,860 lesional and 697 non-lesional operations 

across 40 studies concluded that study heterogeneity was low and the OR 2.5 [2.1, 

3.0] in favour of lesional cases (p<0.001) with an overall RR of 1.4 (p<0.001; 2,860 

lesional, 697 non-lesional, 40 studies) (Téllez-Zenteno, Ronquillo et al. 2010). This 

trend was maintained for temporal and extratemporal subgroups. Similar results 

were found in numerous other meta-analyses for occipital lobe epilepsy and in 

patients undergoing repeat surgery (Table 3.2). When lesions were defined by 

pathology, MRI abnormalities still had a non-significant trend to higher rates of 

seizure-freedom (Krucoff, Chan et al. 2017). Another meta-analysis from 2016 found 

a trend for positive pathology (p=0.06, OR=1.36 [0.7, 2.63]) (Wang, Zhang et al. 

2016). Within lesional-epilepsies, some sub-features, including FCD type IIb, are 

further associated with better outcomes (Chen, Chen et al. 2019). 

Although it is well established that lesional epilepsies have better postsurgical 

outcomes (Téllez-Zenteno, Ronquillo et al. 2010, Wang, Zhang et al. 2016, Harward, 

Chen et al. 2017, Krucoff, Chan et al. 2017, West, Nevitt et al. 2019, Pellino, 

Gencarelli et al. 2020, Widjaja, Jain et al. 2020), and that complete lesionectomy is 

required (Englot, Wang et al. 2012, Rowland, Englot et al. 2012, Englot, Rolston et 

al. 2013, Chen, Chen et al. 2019, West, Nevitt et al. 2019, Widjaja, Jain et al. 2020) 

the overwhelming majority of studies did not adjust for these.  
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A meta-analysis of 1,999 patients across 35 articles, found outcomes after SEEG 

were better than after subdural grids in patients undergoing temporal resections with 

lesional-MRI (95% CI for seizure-freedom for subdural grid [51.5%, 61.9%] vs SEEG 

[64.4%, 81.6%]) (Toth, Papp et al. 2019). Such a comparison is limited by 

ascertainment bias and the differing indications for these methods.  Interactions 

between features have not been formally investigated in meta-analyses, except in 

specific subpopulations and imaging-EEG concordance. 

3.5.3.2 Multimodal concordance 

Five meta-analyses attested the value of concordant MRI and EEG results (Tonini, 

Beghi et al. 2004, Fallah, Guyatt et al. 2013, Ibrahim, Morgan et al. 2015, West, 

Nevitt et al. 2019), but none looked at the value of semiological concordance with 

imaging or neurophysiology. In the structural causal model (SCM) outline, the major 

causal pathway node is multimodal concordance (Figure 3.2). This warrants further 

study as a valuable predictor of seizure freedom (for example by combining the 

models and SVT software in chapters 2 and 4 with EEG and imaging features). 

3.5.4 Features of Uncertain Significance 

Even meta-analyses may be underpowered, contributing to lack of statistical 

significance (Imberger, Thorlund et al. 2016). PET results were mixed, but when 

concordant with EEG, PET could predict good seizure outcomes in non-lesional TLE 

with a PPV of 71% (Willmann, Wennberg et al. 2007).  

Most meta-analyses reported non-significance of age at seizure onset, age at 

surgery and duration of epilepsy; however, there is a mixed picture (Table 3.3). For 

every extra year of duration of epilepsy at time of surgery, one metaregression 

reported overall odds of seizure freedom reduced by a factor of 0.83. Another 

analysed data from 1,545 patients across 12 studies, and found shorter duration of 

epilepsy was associated with higher rates of postsurgical seizure-freedom with RR 

ranging from 1.20 to 1.33 (Bjellvi, Olsson et al. 2019). Conversely, age at surgery 

and duration of epilepsy before surgery have been documented as having “no 

association” with outcomes.(Beghi and Tonini 2006)  

Longer duration of epilepsy may result in worse surgical outcomes due to selection 

bias (more difficult cases being deferred) or progressive cerebral damage. Strikingly, 

these three features of age at onset, age at surgery, and duration of epilepsy have 

not been explored for three-way interactions.  
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Uncertain features can be reclassified into the essential or non-prognostic 

categories, when future studies that evaluate their value adjust for essential 

prognostic variables. While such models would clarify to what extent uncertain 

features may be prognostic over and above the essential features, this may not 

always be clinically desirable. For example, CNS infections may result in glial scars, 

and adjusting for imaging lesions may not be clinically desirable. Instead, a structural 

causal model could be utilised (see five-step plan below).  

  

3.5.5 Non-Prognostic Features  

Two features with the largest upper bound estimates of the number of pooled studies 

were side of resection with 6550 patients across 188 studies in 11 meta-analyses, 

and sex with 5974 patients from 148 studies in 11 meta-analyses. Despite 

overwhelmingly clear evidence that these are non-prognostic (Table 3.4), studies 

have continued to perform meta-analyses on them. Their use in predictive models 

risks overfitting and compromising generalisability. 

 

3.5.6 Unmodelled Features 

As there has been limited improvement in postoperative outcomes, clearly there are 

missing variables from large high-quality studies (Englot, Wang et al. 2012, Krucoff, 

Chan et al. 2017). This is problematic for two reasons. Firstly, current studies and 

meta-analyses are unable to adjust for these confounders. Secondly, without these 

features, individualised predictions will not be accurate. It is, therefore, critical to 

discuss notable features missing from meta-analyses. 

No meta-analysis has investigated the role of family history or detailed seizure 

semiology despite the fact that monitoring seizure semiology is integral to pre-

surgical evaluation. Four meta-analyses reviewed MRI-EEG concordance, but none 

considered semiological concordance; the closest corollaries were SGTCS, epilepsia 

partialis continua, and epileptic spasms. This misses an evaluation of the value of 

semiology in EZ lateralisation and localisation. Future studies should evaluate 

interactions between semiology, EZ, imaging and neurophysiology in patients with 

both favourable and unfavourable surgical outcomes.  
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The importance of genetics in seizure-free outcomes is belied by relatively few 

publications. Individuals with mutations affecting synaptic transmission or ion 

channels (5 articles, 14 patients) were less likely to benefit from epilepsy surgery 

than those with mutations in the mTOR pathway (10 articles, 30 patients). This was 

despite 6 of 8 patients with SCN1A mutations having concordant semiology and co-

localised MRI lesions (Stevelink, Sanders et al. 2018). This meta-analysis, the only 

one we found investigating genetics, was excluded as a large proportion of the small 

samples were lesional and no attempt at adjustments were made (online data 

supplement 1 Supplementary Tables (Alim-Marvasti, Vakharia et al. 2022)) 

(Stevelink, Sanders et al. 2018). High-frequency oscillations and fast ripples were 

also excluded during the PRISMA process for the final synthesis due to lack of 

appropriate effect sizes (Figure 3.1, online data supplement 1 Supplementary 

Table 1) (Höller, Kutil et al. 2015, Nevitt, Staba et al. 2017). This should impel us 

towards multicentre data sharing in comprehensive models (Figure 3.2). 

Other notable issues that have not been included in meta-analyses include 

betweenness centrality and structural connectome hubness (Gleichgerrcht, Keller et 

al. 2020), and resection of the piriform cortex as part of anterior temporal lobe 

resections (Galovic, Baudracco et al. 2019).  

3.5.7 Towards Personalised Seizure-Freedom Predictions 

Meta-analyses have been widely used in scientific publication for over five decades 

as a method to quantitatively integrate a collection of studies on a topic. Meta-

analyses are useful to identify important features based on best-available evidence, 

but cannot provide personalised quantitative prognostication; or identify new 

features.  

Machine learning models and nomograms have been purported to predict outcomes, 

without prospective validation (Jehi, Yardi et al. 2015, Senders, Staples et al. 2018). 

These models included three features of uncertain significance (duration of epilepsy, 

frequency of seizures and generalised seizures), one non-prognostic factor (sex) and 

one essential prognostic feature (pathological aetiology); it is perhaps unsurprising 

that the model was not generalisable (Gracia, Chagin et al. 2019). Therefore, to 

improve prognostication and outcomes, adopting the following five-step plan is 

advocated: 
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1. All relevant factors for epilepsy surgery outcome prediction are curated in an 

agreed international, multicentre endeavour. This could form the starting point 

in any predictive model.  

2. A structural causal or equation model (SCM) that captures the causal 

outcome-pathways linking prognostic factors is devised, to enable decisions 

on which essential prognostic features to adjust for (Figure 3.2).  

3. Identification of the degree to which polygenic risk scores, family history, 

seizure semiology and concordance may contribute to outcomes as indirect 

measures of seizure focality within the SCM. 

4. Curation of an international multi-centre, high-quality, anonymised 

retrospective and prospective dataset of patients who have undergone 

epilepsy surgery with features and outcomes, similar to the retrospective 

collaboration on surgical histopathology (Lamberink, Otte et al. 2020).  

5. Machine learning models suitable for binary features and outcome 

classification on the international dataset.  

 

Studies have already started using such multimodal approaches, however, 

inadequate emphasis is given to the importance of an international data-centric 

approach. For example, although multimodal features of clinical, demographic, 

imaging and neurophysiology applied in machine learning have been purported to 

predict outcomes in mesial temporal lobe epilepsy (Memarian, Kim et al. 2015), this 

study used only 20 individuals’ data but with 88 features and a maximum relevance 

minimum redundancy feature selector on a variety of classifiers, including naïve 

Bayes and SVM. Features included grey matter cortical thickness measures from 

MRI. Leave-one-out cross-validation was used with feature selection on the 19 

training cases. Binary post-surgical outcome was the target variable. The predictive 

features included family history, gender, age and epilepsy duration as having 

negative prognostic value, contrary to their univariate methods. They quote 

prediction accuracy without confidence intervals due to leave-one-out and small 

samples. Maximum accuracy is 95% with Least-Squares-SVM with RBF kernel and 

using top five features. From 88 features, this is indicative of insufficient data (no 

learning curves presented against number of samples) and that univariate methods 

would probably be sufficient. Note that the naïve baseline would be 75% given 15 of 
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20 patients were seizure free. Clinical data alone, without demographical, 

neurophysiological and imaging data was unable to match naïve baseline accuracy, 

except in the single case of a naïve bayes classifier. Overall, the large number of 

features, small data samples (n=20) and comparable results to naïve algorithm 

benchmark make their results likely to be overfitting from hyperparameter tuning.  

This chapter addressed the first two steps with an outline of the variables discussed 

throughout summarised below, with code to generate and amend a SCM (see 

supplementary materials in online publication for simplified and complete SCMs, and 

the two supplementary files for R codes: data supplements 2 and 3 (Alim-Marvasti, 

Vakharia et al. 2022)). The value of EPFs and the SCM can be verified by building 

high-dimensional predictive models from international collaborations using SCM to 

adjust for covariates, subsequently showing that the resulting model predicts 

outcomes better than current methods.   
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Figure 3.2: Outline of A Structural Causal Model with Latent Variables for Postsurgical Seizure Freedom 

 

Figure 3.2 Grouping of variables for structural causal model. See online for SCMs. 

CNS: central nervous system. ECoG: electrocorticography. APOS: acute postoperative seizures. FCD: focal cortical dysplasia.  



Page 157 of 388 
 

3.6 Limitations 
Unconventionally, meta analyses themselves were the unit of analysis in this 

chapter, each assuming sufficient homogeneity of their constituent studies for 

estimation of pooled effects (Nakagawa, Noble et al. 2017). Only English language 

articles were searched and overlaps across different meta-analyses were not 

checked, therefore upper limits of numbers of patients and individual studies are 

quoted. The same definitions of seizure-freedom in terms of Engel or ILAE class and 

duration of follow-up were adopted as the meta-analyses from which the data came 

from, but due to heterogenous data, durations of follow-up across meta-analyses 

were unadjusted for. Meta-analyses improve power, but unless they are multi-level 

or Bayesian hierarchical, lose the granularity of applicability to subgroups. To reduce 

type I errors, variables that were significant on unweighted tests were excluded, but 

this can reduce power. Nevertheless, moderate or low quality evidence from meta-

analyses can lead to strong assertions on whether a feature is prognostic (Balshem, 

Helfand et al. 2011). 

Many variables in individual articles of epilepsy surgery outcomes are clinically 

widely utilised, contributing to a circular logic whereby features already considered 

significant are pooled in meta-analyses. Therefore, in addition to including all 

features irrespective of significance, unmodelled features were also discussed. 

A feature, such as history of prolonged early childhood convulsions, may be 

favourably prognostic following temporal lobe surgery, but may be a negative 

predictor of outcome after a frontal lobe resection, precluding generalisable 

conclusions without looking at variable interactions. Additionally, this systematic 

review included articles with both adults and children. Although data on ages were 

extracted, many meta-analyses mixed adults and children together, which is a 

limitation of this review.  

Whether a feature is of positive or negative prognostic value may be comparable 

across meta-analyses but due to differing patient populations and seizure-free 

definitions, diversity of models, unadjusted confounders and unobserved 

heterogeneity, the magnitude will almost certainly not be, precluding direct 

comparison of effect sizes (Mood 2010, West, Nevitt et al. 2019). 
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3.7 Summary and Conclusions 
Personalised prognostication in epilepsy surgery outcomes has remained elusive 

and outcomes haven’t improved with time. This chapter presented prognostic, 

uncertain, and non-prognostic features and concludes that further meta-analyses are 

not required; rather, predictive models that address their relative contributions to 

outcomes are needed. Towards this end, I proposed a five-step plan for personalised 

seizure-freedom predictions, including collaborative multi-variable modelling using 

properly adjusted variables in the context of structural causal models.  

Future research should include this first iteration of essential predictors in prognostic 

models and adjust for these covariates when possible, and consistently prognostic 

features that have been adequately adjusted could be appended to the list. EPFs 

would be particularly useful in machine learning models of a big-data international 

collaboration to better predict epilepsy surgery outcomes. 
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4 Probabilistic Landscape of Seizure Semiology Localising 

Values 
 

See the declaration in publishing own work in thesis (Thesis Acknowledgements 

page 22) on this chapter, which has been publishedsin Brain communications (Alim-

Marvasti, Romagnoli et al.). 

 

4.1 Summary 
Semiology describes the evolution of symptoms and signs during epileptic seizures 

and contributes to the evaluation of individuals with focal drug-resistant epilepsy for 

curative resection. Semiology varies in complexity from elementary sensorimotor 

seizures arising from primary cortex to complex behaviours and automatisms 

emerging from distributed cerebral networks.  

Detailed semiology interpreted by expert epileptologists may point towards the likely 

site of seizure onset, but this process is subjective. No study has captured the 

variances in semiological localising values in a data-driven manner to allow objective 

and probabilistic determinations of implicated networks and nodes.  

We curated an open dataset from the epilepsy literature, in accordance with PRISMA 

guidelines, linking semiology to hierarchical brain localisations. A total of 11230 

datapoints were collected from 4643 patients across 309 articles, labelled using 

ground-truths (postoperative seizure-freedom, imaging and neurophysiological 

concordance, and/or invasive EEG) and a designation method that distinguished 

between semiologies arising from a predefined cortical region and descriptions of 

neuroanatomical localisations responsible for generating a particular semiology. This 

allowed us to mitigate temporal lobe publication bias by filtering studies that 

preselected patients based on prior knowledge of their seizure-foci.  

Using this dataset, we describe the probabilistic landscape of semiological localising 

values as forest plots at the resolution of seven major brain regions: temporal, 

frontal, cingulate, parietal, occipital, insula, and hypothalamus, and five temporal 

subregions. We evaluated the intrinsic value of any one semiology over all other ictal 

manifestations. For example, epigastric auras implicated the temporal lobe with 83% 

probability when not accounting for the publication bias that favoured temporal lobe 
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epilepsies. Unbiased results for a prior distribution of cortical localisations revised the 

prevalence of temporal lobe epilepsies from 66% to 44%. Therefore, knowledge 

about the presence of epigastric auras updates localisation to the temporal lobe with 

an odds ratio (OR) of 2.4 (CI95% [1.9, 2.9]; and specifically, mesial temporal 

structures OR 2.8[2.3, 2.9]), attesting the value of epigastric auras. As a further 

example, although head version is thought to implicate the frontal lobes, it did not 

add localising value compared to the prior distribution of cortical localisations (OR 

0.9[0.7, 1.2]).  

Objectification of the localising values of the twelve most common semiologies 

provides a complementary view of brain dysfunction to that of lesion-deficit 

mappings, as instead of linking brain regions to phenotypic-deficits, semiological 

phenotypes are linked back to brain sources. This work enables coupling of seizure-

propagation with ictal-manifestations, and clinical support algorithms for localising 

seizure phenotypes. 
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4.2 Background on Semiology Localisation 

Seizure semiology is the chronological evolution of the symptoms and signs 

manifested during an epileptic seizure. It is integral to a wide variety of clinical 

assessments, including the evaluation of the degree of seizure focality (Luders, 

Turnbull et al. 2009, Franca, Gupta et al. 2014), the multi-dimensional and multi-axial 

diagnoses of epilepsy (Duncan, Sander et al. 2006, Lüders, Vaca et al. 2019), and 

the International League Against Epilepsy (ILAE) classification system (Scheffer, 

Berkovic et al. 2017). Semiological analysis is a vital but time-consuming element in 

the presurgical assessment of patients with focal drug-resistant epilepsy (fDrug-

Resistant Epilepsy) to localise seizure foci (Luders 2008). 

Semiology varies from elementary sensorimotor seizures that follow a 

neuroanatomical homunculus, to complex behaviours and automatisms emerging 

from distributed network activity in the brain. Complex semiology is thought to arise 

from combinations of activations and inhibitions in disparate networks involving 

associative cortex (Chauvel and McGonigal 2014, McGonigal, Bartolomei et al. 

2021). Chronological evolution depends on network connectivity, and brain regions 

physically distal to the seizure-onset zone can be involved earlier in the sequence 

than adjacent brain regions (Bonini, McGonigal et al. 2014). 

The role of semiology in the presurgical assessment of individuals with fDrug-

Resistant Epilepsy is often limited to the localisation of the symptomatogenic zone 

which for simple semiology is the brain region directly responsible, but the seizure-

onset zone may be distant and symptomatically silent, and so concordance is sought 

with neuroimaging and neurophysiology for the estimation of the seizure-onset zone. 

Nearly 15 million patients worldwide have fDrug-Resistant Epilepsy, and surgery can 

be curative by excising the epileptogenic zone, which by definition is the smallest 

region of brain (assumed to contain the seizure-onset zone) that when resected 

renders the patient seizure-free (Wiebe, Blume et al. 2001, Téllez-Zenteno, Dhar et 

al. 2006, Engel, McDermott et al. 2012). The site of seizure onset may be silent and 

located at a distance to the symptomatogenic zone. The role of semiology has 

therefore been limited to indirectly determining the epileptogenic zone via the 

symptomatogenic zone (Tufenkjian and Lüders 2012). 

There is a vast literature on seizure semiology, starting in the modern era with 

Hughlings Jackson (Blair 2012). There have been numerous reviews on the 
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localising values of single semiologies (So 2006, Luders 2008) and some have also 

investigated sequences of semiologies (Marashly, Ewida et al. 2016). Individual 

studies have however been restricted to small samples of patients with inadequate 

ground-truths, sometimes with contradictory findings such as unilateral upper limb 

automatisms having ipsilateral seizure onsets or no lateralising value (Bleasel, 

Kotagal et al. 1997, Marks and Laxer 1998, So 2006, Blair 2012). Although some 

studies suggest that good detailed semiology is probably as good as scalp-EEG and 

MRI for localisation (Elwan, Alexopoulos et al. 2018), no definitive attempt has been 

made to summarise the literature in a data-driven way to enable objective 

determination of localising values. There are several reasons for this. First, although 

the literature is vast, adequately large single-centre data are scarce. Second, 

inadequate ground-truths have led to the localising value of a semiology being based 

on expert opinion about its perceived symptomatogenic zone, and this circular logic 

has been promulgated by machine learning models that use semiology to predict the 

epileptogenic zone (Kim, Jung et al. 2015). Third, there have been changes in 

semiological terminology and classifications over time, and different centres have 

used divergent or inconsistent terms. For example, whereas head turn and head 

version have previously been used interchangeably, the former is currently used to 

indicate unforced head turns while the latter describes forced deviation of the head 

as if to look over the shoulder, typically with the chin turned upward. Fourthly, there 

is a known but hitherto unmeasured publication bias in favour of temporal lobe 

epilepsy (TLE) surgeries, which carry the best outcomes and are performed most 

often, potentially biasing localising values, as semiologies that are relatively rare for 

TLE in generative models, may nevertheless be reported more frequently in TLE. 

Lesion-deficit mappings have informed neuroscience about the hierarchical structure 

and function of the brain. A destructive lesion, such as a stroke, can result in 

permanent deficits in function. Tools such as voxel-based lesion-symptom mappings 

exist for evaluating statistical relationships between damage to specific brain regions 

and resulting deficits (Chen and Herskovits 2010). Seizure semiology localising 

values are the double-inverse: 1) instead of loss of function from a lesion, the seizure 

onset zone generates epileptogenic high-frequency oscillations (Bartolomei, Lagarde 

et al. 2017) that manifest as seizure semiology; and 2) instead of linking brain 

regions to symptom-deficits, semiology is linked to brain regions. Our understanding 
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of the hierarchical function of the brain could therefore be complemented by 

quantifying semiological localising values. 

“Epilepsy is the double opprobrium of medicine, because of its incurability and 

shallow clinical empiricism, which is the fault of writers who have deemed it 

necessary to frame a complete theory of nerve and muscle to which has been fitted 

all his observations of the phenomena of convulsive diseases” – paraphrased from 

Dr Reynolds (Reynolds 1862) 

Instead of developing complex theories of semiological localisation, we wanted to let 

data guide localisation by curating the Semio2Brain database. 

Although the clinical value of any particular semiology can in theory be evaluated by 

Bayesian-belief elicitation of expert epileptologists, in the absence of grounded-

objectives, responses would capture subjective values (Johnson, Tomlinson et al. 

2010).  

In this chapter I introduce the largest database linking semiologies to lateralisation 

and localisations objectively, using ground-truths that do not rely on semiology or the 

symptomatogenic zone itself, with data-driven and Bayesian methods to evaluate 

and mitigate publication bias. I use a semiological taxonomy replacement that can 

adapt to future changes in terminology to query the database. Semio2Brain use the 

earliest reported semiology, where available, rather than the chronological sequence 

of semiologies, as chronological sequence data are not readily available and the 

subset of brain regions involved in the early production and propagation of 

semiology, the "early spread network", are more tightly linked to networks 

constituting the epileptogenic zone than semiology occurring as a result of seizure 

propagation (Chauvel and McGonigal 2014). 

The hypothesis was that a systematic, data-driven review of the literature could 

describe the probabilistic landscape of semiological localising values at the 

resolution of seven major cortical regions and five temporal subregions, and be used 

to evaluate the relative value of any one semiology over all other ictal manifestations.   
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4.3 Methods 

 

4.3.1 Methods Overview 

We curated a large database from a systematic review of the epilepsy literature on 

seizure semiology localisations based on three ground truths. We used a taxonomy 

of equivalent terms to categorise the collected semiologies and brain localisations 

then queried the database to ascertain the probabilistic value that a semiology 

localised to each brain region.  

To mitigate the publication bias from the systematic review that favoured temporal 

lobe epilepsies, during data collection we labelled semiology-localisation data as 

arising from either topological or non-topological studies. Topological studies were 

those that focused on a specific localisation e.g., temporal lobe, while non-

topological studies focused on the semiology.  

Separately, we determined the overall distribution of all brain localisations in the 

database and mitigated for publication bias using non-topological studies to arrive at 

our best estimate for an unbiased distribution of localisations (EUD-Locs). Using this, 

we calculated the relative odds ratio of a semiology localising to a specific brain 

region compared to all other semiologies. 

 

4.3.2 Semio2Brain database 

We curated a unique open-access database that links semiology to brain 

localisations (Semio2Brain v.1.2.2, 2021, doi:10.5281/zenodo.4473240) based on a 

systematic review of the research literature in accordance with Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines (Moher, 

Liberati et al. 2009). Data were extracted from 309 articles that met inclusion and 

exclusion criteria by two independent researchers (neurologist and post-doctoral 

researcher) (Figure 4.1). Search terms, inclusion and exclusion criteria follow.  

4.3.2.1 Search terms 

As seizure semiology with localising ground-truths data from any single centre is 

limited, we used a PubMed search of the primary literature as the source for our 

Semio2Brain datapoints. The following search terms were used in January 2019 with 

filters for human studies, abstract and full-text availability, in English, French, 

German, Italian or Spanish: 
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((focal OR partial) AND (epilep* OR seizure OR ictal OR interictal OR aura) AND 

(local* OR lateral* OR map*) AND (semiolog* OR signs OR symptoms OR 

phenotype OR features OR characteristics)) AND ((zone OR source OR focus OR 

foci)) OR ((epilep* OR seizure OR ictal OR interictal) AND semiolog*) 

One consultant neurologist (AAM) and one post-doc (GR) collected all the data, 

alternating between one collecting and the other checking. In the event of disputes, 

another consultant neurologist served as a tie-breaker (JD). 

4.3.2.2 Inclusion criteria 

Publications must have been regarding patients with focal drug-resistant epilepsy, 

with available details on seizure semiology and either descriptions or the actual 

imaging of the localising and/or lateralising regions. Data must have clearly met one 

or more ground truths for inclusion, as stated above. If semiology sequence was not 

determined, all the reported semiologies were collected, otherwise only the initial 

semiologies were collected. There was no age limit. Studies in English, French, 

Spanish, Italian or German were included, but the abstract must have been in 

English.  

4.3.2.3 Exclusion criteria 

Exclusion criteria were generalised epilepsy, kappa <0.4 for semiological inter-

observer agreements (where provided), broad non-specific localising terms (e.g., 

“extra-temporal”), unmet ground truth criteria, or significant metabolic derangement 

in the context of multi-organ failure or critical care. Additionally, if a patient had had a 

surgical resection, they were excluded from meeting other ground truths if they were 

not seizure-free (Engel I) irrespective of the presence of multimodal concordance or 

SEEG. 

4.3.2.4 Seizure semiology 

When described, the earliest reported semiology of patients with epilepsy were 

collected, otherwise the list of semiologies the patient had, using the exact wording 

of the descriptions as reported in the literature (e.g., “right arm flexed and left arm 

extended”) and summarised using a glossary of descriptive semiological categories 

at the point of data collection, where possible according to the ILAE Task Force on 

Classification and Terminology (e.g., “left asymmetric tonic”) (Fisher, Cross et al. 

2017). 
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During data collection, some studies described detailed semiological evolution, 

making it clear which epileptic symptom or sign occurred first. In these 

circumstances the initial semiology was collected along with its ground-truth 

localisation. Most studies, however, reported the list of semiologies or focused on a 

single one without clarifying where it occurred in the sequence of semiology - 

especially as many individuals reported in the literature had more than one seizure 

type with variable evolutions – in these cases the list of all semiologies were 

collected along with the final ground-truth localisation. 

4.3.2.5 Lateralising datapoints 

The laterality of the semiology and/or the patients’ dominant hemisphere were 

determined. Laterality datapoints were collected relative to the semiology as 

ipsilateral or contralateral; and relative to hemispheric language dominance as 

dominant or non-dominant. Semio2Brain datapoint entries were at the level of 

individual patient semiologies. 

4.3.2.6 Hierarchical brain regions (localising datapoints) 

Hierarchical brain categories were devised, the top-level being temporal, frontal, 

parietal, occipital, cingulate, insula, hypothalamus, and cerebellum. The anatomical 

hierarchy was iteratively developed based on clinical descriptions of cortical 

localisation during data collection, resulting in a total of 103 descriptive regions-of-

interest. Each localising semiology from a patient was multi-one-hot encoded, such 

that the number of localising datapoints for a semiology was greater than or equal to 

the number of patients with that semiology. 

There were separate standalone (non-hierarchical) categories for the subcallosal 

cortex, sulci and interlobar junctions: frontotemporal, temporo-occipital, temporo-

parietal, fronto-temporo-parietal, temporo-parieto-occipital, parieto-occipital, fronto-

parietal, and perisylvian. The interlobar junction categories were devised only to 

make the data entry process more efficient, instead of individually entering data in a 

hierarchical manner across several lobes and their subregions. Prior to data 

analysis, these were programmatically redistributed to their appropriate top-level 

localisations and subregions as below (section 4.3.2.7). 

4.3.2.7 Semio2Brain preprocessing 

As there were only 10 cerebellar datapoints from a total of 11230, the cerebellum 

was omitted as a region altogether; none of the reported semiologies were affected.  
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Semio2Brain’s brain regions have shorthand labels for interlobar junctions, whose 

data-points were redistributed across the respective lobes as below during 

preprocessing. 

Interlobar junctions datapoints from the Semio2Brain database were redistributed as 

such: 

Fronto-temporal: 

• Frontal 

• Insula 

• Lateral Temporal 

• TL 

 

Temporo-occipital: 

• Lateral Temporal 

• TL 

• OL 

 

Temporo-parietal: 

• Lateral temporal 

• TL 

• PL 

 

Fronto-temporo-parietal: 

• Insula 

• Lateral temporal 

• TL 

• FL 

• PL 

 

Temporo-parieto-occipital Junction: 

• Lateral temporal 
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• TL 

• PL 

• OL 

 

Parieto-occipital: 

• PL 

• OL 

 

Fronto-parietal: 

• FL 

• PL 

 

Perisylvian: 

• Insula 

• Lateral temporal 

• TL 

• FL 

• PL 

 

Subcallosal cortex: 

• Anterior cingulate 

• Cingulate 

 

Note that only the temporal subregions were used for the redistribution, as the 

majority of the datapoints pertained to the temporal lobe and its subregions, and 

these were the only subregions that had enough datapoints for all semiologies for 

forest plots.  

Semio2Brain database has the following structure: 

4.3.2.8 Ground truths  

Only semiology from patients with the following ground-truths were collected:  
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i) “seizure-freedom”: had epilepsy surgery and remained seizure-free for at least 12 

months (Engel Ia or Ib, or ILAE 1 or 2, or Engel I if not otherwise specified, but not 

worse than Engel Ib or ILAE 2) 

ii) “concordance”: concordant imaging and electrophysiology, which included mostly 

MRI and (ictal or interictal) EEG, but in some cases interictal PET hypometabolism, 

ictal SPECT abnormalities, and MEG.  

iii) invasive stereotactic-EEG (SEEG) and/or cortical electrical stimulation 

4.3.2.9 Publication prior conditional data labelling for bias mitigation: topological studies 

(TS) 

In order to evaluate and mitigate the expected publication bias favouring TLE, we 

collected Boolean information on whether a reported semiology originated from a 

study that preselected patients based on pre-specified brain regions. For example, a 

study stating “we looked at 100 patients with temporal lobe resections” would have 

prior knowledge of the epileptogenic zone being the temporal lobe and would 

therefore be labelled as epilepsy topology (ET). Stimulation studies were also 

considered a method of preselection as they assessed the semiology-generating 

potential of pre-specified cerebral regions.  

All other articles were labelled non-topological e.g., articles reporting “we looked at 

20 consecutive patients’ semiologies” or “we evaluated 10 patients with ictal cough” 

would be labelled spontaneous semiology or non-topological.  

Datapoints were thus labelled as topological if they originated from either epilepsy 

topology or stimulation studies, and otherwise non-topological. 

This method of data extraction enabled us to mitigate publication bias by filtering 

datapoints from studies that preselected patients based on prior knowledge of the 

seizure-focus. 
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Figure 4.1: PRISMA Flowchart for Semio2Brain database 

 

Of the included studies, 23 were in Spanish, 11 in French, 8 in German and the rest in English. 220 of 1171 were review 
papers. 

 

4.3.3 Semiology taxonomy replacement 

A dictionary of regular expressions was devised as taxonomy replacement for 

seizure semiology categories, SemioDict. This searched both the semiologies as 

described exactly in the original article and the summary categories in Semio2Brain 

database (4.3.2.4 Seizure semiology), taking care to avoid mistakenly classifying 

negations and string similarities (e.g., myoclonic vs clonic and dystonic vs tonic). We 

included 35 broadly similar ictal semiological categories (Figure 4.3 in purple) plus 

an additional postictal category and an asymptomatic category (absence of any 

reported semiology) for cortical stimulation studies. Descriptive definitions for each 

semiological category are summarised in Table 4.1. As this study was only 

interested in symptomatic ictal semiologies, postictal and asymptomatic categories 

were removed before further analyses.  
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4.3.4 Data processing and analysis  

4.3.4.1 Querying Semio2Brain Database 

Although the database was queried for all 35 semiologies, forest plots of localising 

probabilities were only generated for semiologies with at least 100 patients in both 

topological and non-topological study subsets so as to adequately capture the 

localising distributions.  

4.3.4.2 Normalising to number of patients 

Datapoints were normalised to set the unit of analysis to a single-patient semiology; 

such that the sum of all the localising datapoints for all regions for a single semiology 

from a single patient would equal one. This has two effects: firstly, it favours 

semiologies that are more unifocal, by penalising reports of semiologies that localise 

to multiple brain regions (inversely proportional to the number of brain regions to 

which the semiology of interest was localised). Secondly, it sets the sum of all 

datapoints for a semiology to be the number of patients in the literature who were 

reported to have had that semiology.  

4.3.4.3 Risk of bias in Semio2Brain database 

Sankey diagrams were used to visually assess patterns of publication bias and 

missing datapoints by year of publication, semiology, ground truths, topological 

priors, lobes, and age, with permutations in the order of layers (Supplementary 

section A0).  

4.3.4.4 Localising values: p(Localising to region | Semiology) 

Forest plots of semiological localising values with 95% confidence intervals (CI) were 

generated using 10000 bootstrapped samples with replacement. We also assessed 

the intrinsic localising value of each semiology relative to all other semiologies, by 

plotting the odds ratios (OR) for each semiology localising to individual brain regions, 

with 95% bootstrapped CIs. 

4.3.4.5 3D representations of the distribution of localising values from the corpus of 

semiological literature  

Comparing non-topological vs all-data for localising values, we evaluated our best 

estimate for an unbiased prior distribution of localisations (EUD-Loc, Figure 4.2B) 

for the entire database (all semiologies) and visualised this on 3D brain parcellations 

using the 3D-Slicer platform (https://www.slicer.org/) (Kikinis, Pieper et al. 2014, 

Cardoso, Modat et al. 2015). For details on implementation, see chapter 5.  

https://www.slicer.org/
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4.3.5 Statistical significance and implementation 

All pre-processing, statistical analysis and data visualisations were performed using 

python v3.6.10, and the packages: pandas v1.1.5, scipy v1.5.2, and plotly v4.9.0 

(Pandas , Virtanen, Gommers et al. 2020). (Pandas , Python) Statistical significance 

was set at alpha=0.05. The analytic code is available at 

https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/kd-figures-v4  

4.3.6 Sensitivity analyses 

4.3.6.1 Ground-Truths 

As the ground truths were heterogenous, we explored the sensitivity of our 

probabilistic semiology localisation values (forest plots) by using only the strongest 

ground truth, that of postsurgical seizure-freedom, compared to using all three 

ground-truths. Furthermore, we explored whether all-data or filtered-data influenced 

this sensitivity analysis. 

4.3.6.2 Age Labels 

We also performed sensitivity analysis to the age label in the database (Semio2Brain 

v.1.2.2) by excluding infants and children under 7 years, where this age label was 

available.    

4.3.7 Data availability 

The open-access Semio2Brain Database is available at: 

https://github.com/thenineteen/Semio2Brain-Database. The SemioDict taxonomy 

and their descriptions are available in the resources folder at the repository, file 

named “Semiology Descriptions v171.xlsx”: 

https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/master/resources. 

The individual study screening table is available here: 

https://github.com/thenineteen/Semiology-Visualisation-

Tool/blob/master/resources/_Semio2Brain%20Screening%20Table.xlsx. The scripts 

to generate the forest plots and for statistical tests are available at 

https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/kd-figures-

v4/scripts/figures/figures.ipynb.     

https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/kd-figures-v4
https://github.com/thenineteen/Semio2Brain-Database
https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/master/resources
https://github.com/thenineteen/Semiology-Visualisation-Tool/blob/master/resources/_Semio2Brain%20Screening%20Table.xlsx
https://github.com/thenineteen/Semiology-Visualisation-Tool/blob/master/resources/_Semio2Brain%20Screening%20Table.xlsx
https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/kd-figures-v4/scripts/figures/figures.ipynb
https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/kd-figures-v4/scripts/figures/figures.ipynb
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4.4 Results 

  

4.4.1 Semio2Brain Database v.1.2.2 

A total of 11230 localising and 2391 lateralising datapoints were collected from 4643 

patients across 309 included articles, all labelled for ground truths, topological priors, 

with localising and/or lateralising datapoints. Localising datapoints grouped by 

topological priors are summarised in Figure 4.2. There was a maximum error rate of 

only 0.16% in Sankey data flow (Figure 4.3) due to missing datapoints, occurring at 

the level of the lobes.  
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Figure 4.2: Database Overview and Publication Bias 

 

Figure 4.2 (A-C) Pseudo-glyph representations of integrated seizure-semiology lateralising and localising values with datapoints (colour bars) obtained from 
querying the entire database (A), with only non-topological data subset (B), and using only data from topological studies where patients were preselected 
based on prior knowledge of their epileptogenic and seizure onset zones (C). Top row: lateral views of the right hemisphere. Lower row: medial right 
hemispheres. These cortical heatmaps were obtained by querying the database for all semiologies.  
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Figure 4.3: Sankey Diagram of Database and Publication Bias 
 

Four-layer Sankey diagram showing localising 
datapoint flows across entire database: ground 
truths (light blue), topological publication priors 
(orange), lobar localisations (yellow bars), and 35 
ictal, 1 postictal, and 1 asymptomatic semiological 
categories (in purple). Lobes that have a majority 
of their datapoints from topological studies 
(orange links) in contrast to the minority of their 
datapoints from non-topological studies (yellow 
links) represent the topological publication bias 
favouring the temporal, occipital, and insular 
regions. Most of the database consists of epilepsy 
topology (ET) studies, and the majority of the ET 
output is to the temporal lobe and vice versa, 
therefore the majority of the publication bias is in 
favour of temporal lobe localisations. Interactive 
Sankey diagrams with different layers including 
age and years of publication (and in higher 
resolution) are available at the repository: 
https://github.com/thenineteen/Semiology-Visualisation-

Tool/tree/master/images/Sankey. Static Sankey 
diagrams with permutated layers orders are also 
shown in the Appendix (Figure A.17, Figure A.18, 
Figure A.19).  

SF: seizure free. sEEG: stereotactic EEG. ET: 
epilepsy topology. CS: cortical stimulation. SS: non-
topological spontaneous semiology. TL: temporal 
lobe. PL: parietal lobe. OL: occipital lobe. FL: 
frontal lobe. LOC: loss of consciousness.  

https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/master/images/Sankey
https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/master/images/Sankey
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4.4.1.1 Evaluating for biases 

The overall biased prior distribution of localisations (Figure 4.2A) shows 66% 

temporal lobe localisations. As the majority of datapoints are from topological 

studies, the topological distribution of datapoints in Figure 4.2C are even more 

biased towards the temporal lobes. Filtering out topological data (Section 4.3.2.9) to 

mitigate bias provides our best estimate for an unbiased distribution of localisations 

(EUD-Loc) as a prior for all seizure semiology in the literature, and is shown in 

Figure 4.2B. This shows more balanced and widespread cortical localisations, 

mainly involving the temporal (44%) but also frontal lobes, based on ground truths of 

seizure-freedom, intracranial EEG and/or imaging and neurophysiological 

concordance.  

The Sankey diagram highlights that the majority of the datapoints in the Semio2Brain 

database are from topological studies, and the majority of topological datapoints 

involve the temporal lobes (Figure 4.3 light orange links). Concurrently, the majority 

of temporal lobe datapoints are derived from topological studies. Other regions in 

which the majority of datapoints originate from topological studies are the occipital 

lobe and the insula (light orange topological inputs to these regions exceed their 

yellow non-topological inputs). These topological datapoints arise from studies that 

preselected patients based on knowledge that the occipital lobe or insula were the 

source of seizures. While representations of the database show a majority of non-

topological datapoints also implicate the temporal lobes (Figure 4.2B and Figure 

4.3), the insula does not feature in non-topological studies as prominently as it does 

in topological studies, suggesting that a high prior clinical suspicion is required to 

detect insular epilepsy. 

4.4.2 Seizure semiology localising values 

We queried the database for all SemioDict semiological categories. The definitions of 

the most commonly occurring semiologies are given in Table 4.1. These had more 

than 100 patients in both non-topological and topological subsets and were used for 

probabilistic and relative value (odds ratio) forest plots to ensure adequate numbers. 

Epigastric, olfactory and somatosensory auras were the only three purely subjective 

ictal symptoms (as opposed to signs) amongst these twelve semiologies; autonomic 

auras constituted a mixture of symptoms and signs, and the other eight were ictal 
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signs. These twelve semiologies made up the majority (65.5%) of normalised 

datapoints from non-topological studies (Table 4.1). 
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Table 4.1: Semio2Brain semiology descriptions and frequencies 

Semiology Category Descriptions and Examples 

Percentage 
of non-

topological 
data  

Tonic 
Stiff posturing of one or more limbs or torso 9.8% 

Oral and Manual 
Automatisms 

Upper limb automatisms, automotor (stereotyped distal limb movements), 
fiddling, pedal automatisms (excluding hypermotor or cycling), lip 
smacking, chewing, oroalimentary, orofacial automatisms, ictal drinking, 
ictal swallowing 

9.7% 

Dialeptic-LOA-LOC 

Blank stare, loss of awareness, unaware, loss of contact, psychomotor 
arrest, distant gaze, dreamy state, loss of consciousness (excluding 
generalised seizures) or dyscognitive states. Does not distinguish between 
partial or complete loss of consciousness.  

8.3% 

Epigastric 
Abdominal rising sensation; e.g., butterfly sensation 6.1% 

Vocalisation - 
Unintelligible Noises 

Grunting, mumbling, humming*.  5.5% 

Autonomic 

Autonomic symptoms or signs relating to any system, including respiratory, 
cardiovascular, genitourinary and gastrointestinal; e.g., hypopnoea, urinary 
urge, pilomotor or laryngeal constriction 

4.7% 

Olfactory Any kind of ictal smell e.g., of burning 4.6% 

Head Version 
Forced head deviation over the shoulder, extreme head turn 4.3% 

Dystonic Twisted posture or reported dystonia 3.4% 

Other Automatisms  
Blinking, ictal cough, gelastic, dacrystic, ictal nose wiping and ictal face 
rubbing 

3.1% 

Mimetic Automatisms 
Grimacing, raising of eyebrows, facial expressions e.g., fearful expression 

3.1% 

Somatosensory Tingling or touch sensation 2.9% 

All other semiology 
categories 

See Appendix A.5 Chapter 4 Supplementary Materials 
 
 
Table A.3 for full list 

34.5% 

Table 4.1 Twelve semiologies from the Semio2Brain database with their descriptions. Semiologies are 
only shown if after querying the database, the number of patients with localising data for both the 
non-topological and topological subsets exceeded 100. The list is sorted in descending order of the 
number of patients with the semiology from the non-topological subset.  

* This category did not include ictal speech and dysphasia which are separate categories outlined in 
Appendix Table 8.3 

 

The probabilistic landscape of the localising values of these twelve semiologies are 

shown as forest plots in Figure 4.4. The blue bars represent the probabilities of 

semiologies to localise to a region based on non-topological studies while in grey are 

the probabilities when including all-studies (both topological and non-topological). 

For semiologies clinically expected to localise to the temporal lobe such as epigastric 
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auras, these two estimates were similar. Conversely, in semiologies such as tonic 

seizures that are clinically expected to localise to extratemporal regions (Aghakhani, 

Rosati et al. 2004, So 2006), all-data estimates are heavily biased towards the 

temporal lobe (48% 95% CI [44%, 53%]) whereas non-topological estimates mitigate 

this by significantly reducing the temporal lobe estimate (20% [15%, 24%]) while 

revising up the estimate for tonic frontal lobe localisation (all-data 29% [26%, 32%] 

vs SS-subset 54% [47%, 61%]). 

If a patient had an epigastric aura as a manifestation of seizures, there was an 83% 

probability (95% CI [72%, 94%]) that the seizure originated from the temporal lobe 

(specifically mesial temporal structures in 61% [52%, 71%], non-topological studies 

in Figure 4.4). Autonomic auras indicated temporal lobe onset in 58% [47%, 67%] 

(mesial temporal in onset in 36% [27%, 44%]), with 13% [7%, 18%] having frontal 

and 15% [10%, 21%] hypothalamic sources. Olfactory auras were less specific, 

with 21% [15%, 28%] being frontal, 28% [20%, 35%] parietal, and 40% [31%, 49%] 

temporal in origin.  

Undifferentiated somatosensory auras implicated three lobes (frontal 23% [15%, 

32%], temporal 31% [21%, 42%], and parietal 38% [28%, 48%]). Head Version 

implicated temporal (46% [36%, 57%]) or frontal regions (33% [24%, 41%]) while 

tonic and dystonic seizures originated mainly from the frontal lobes (54% [47%, 

61%] and 53% [40%, 66%] respectively).  

Oral and manual automatisms were mainly temporal (47% [40%, 53%]) or frontal 

(31% [25%, 36%]) in origin. Other automatisms, of which more than half (62/108) 

were gelastic and dacrystic seizures (Table 4.1), implied an original source in the 

hypothalamus in 41% [30%, 50%], the temporal lobe in 35% [24%, 45%], or the 

frontal lobe in 11% [5%, 17%] of cases.  

Mimetic automatisms, such as grimacing, mainly involved frontal (40% [29%, 

52%]), cingulate (26% [18%, 33%]) and temporal lobes (20% [13%, 30%]). 

Nonsensical ictal vocalisation, such as grunting, was slightly more frontal in origin 

than temporal (44% [35%, 53%] vs 36% [28%, 45%]), while the reverse was true for 

loss of awareness (dialeptic seizures) (temporal 42% [36%, 49%] vs frontal 28% 

[23%, 34%]).  



Page 180 of 388 
 

These results are broadly concordant with clinical expectations from studies of 

frontal and temporal lobe epilepsy seizure semiologies (Aghakhani, Rosati et al. 

2004, So 2006, Tufenkjian and Lüders 2012) but are more nuanced with greater 

numbers of datapoints. 

The insula featured mainly in topological studies due to publication bias (Figure 4.3), 

as indicated in the all-data forest plots (Figure 4.4 in grey) and only significant for 

the four subjective symptoms of epigastric (10%), autonomic (18%), olfactory (44%) 

and somatosensory auras (59%).  

In these twelve seizure manifestations, the semiology that most significantly 

implicated the cingulate was mimetic automatisms 26% [18%, 33%] consistent with 

reports of anterior cingulate seizures demonstrating chapeau de gendarme 

(downturned mouth facial expressions) (Souirti, Landre et al. 2014), but the cingulate 

was also less frequently the source of seizures in oro-alimentary and manual 

automatisms 10% [7%, 13%], vocalisation 9% [6%, 13%], tonic 7% [4%, 9%], 

dystonic 5% [2%, 9%], and dialeptic 3% [1%, 4%] semiologies, consistent with other 

reports (Powell, Elwes et al. 2018).  
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4.4.2.1 Probabilistic Localising Values of Seizure Semiologies 

Figure 4.4: Forest Plots  

 

Figure 4.4 Seizure semiology localising values for the twelve most commonly occurring semiologies: 
seven top-level brain regions are shown and the temporal lobe is split in to five subregions. The 
Temporal Lobe includes datapoints from its subregions as well undifferentiated localisations to the 
temporal lobe. Results from all-data is in grey and spontaneous semiologies (non-topological studies) 
in blue. Error bars represent 95% CI for 10000 repeated bootstrapped samples. N: number of 
semiological datapoints (all-data, non-topological subset). Datapoints are normalised to numbers of 
patients. LOA: loss of awareness. Oral & Manual: orofacial automatisms and/or manual automotor 
signs.   
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4.4.2.2 Intrinsic localising value of individual semiologies relative to all others 

The intrinsic localising values of each semiology relatively to all others are shown in 

Figure 4.5 as odds-ratios, using internal semiological benchmarks. Semiologies that 

significantly deviate from the prior EUD-Loc (Figure 4.2B) – compared to all other 

semiologies in the data – are shown in blue (non-topological) and grey (all-data). The 

presence of other automatisms (Table 4.1) implicates the hypothalamus with an 

OR of at least 9 (13.7, 95% CI [9.2, 20.4]) while autonomic features involve the 

hypothalamus with OR 2.8 [1.8, 4.4]. Dystonic seizures suggest frontal lobe onset 

with OR 2.0 [1.4, 2.7], and similarly tonic seizures intrinsically implicate the frontal 

lobes with OR 3.0 [2.4, 3.7]. Epigastric auras implicate the temporal (specifically the 

mesial temporal) lobes with OR 2.4 [1.9, 2.9].  

Although head version implicates the frontal and temporal lobes probabilistically 

(with probabilities 0.33 [0.24, 0.41] and 0.46 [0.36, 0.57] respectively, Figure 4.4), it 

doesn’t add significant value relative to our prior expectation that the source of 

seizures is likely to be from the frontal (OR 0.9[0.7, 1.2]) or temporal lobes (OR 

1.21[0.9, 1.6]). That is, the knowledge that a patient has head version (odds ratios in 

Figure 4.5) does not significantly revise our expectation compared to before knowing 

any specific semiology (EUD-Loc Figure 4.2B). This can be attributed to temporal 

and frontal lobe epilepsies being the two most common localisation-related 

epilepsies. Head version does however seem to carry intrinsic value for the posterior 

and anterior temporal subregions (Figure 4.5).  

Loss of awareness, whether in isolation or accompanying other semiologies, 

implicates the occipital lobe with OR 2.9 [1.8, 4.6]. Loss of awareness also has 

intrinsic value in implicating the posterior and basal temporal subregions (OR 2.0 

[1.0, 3.6], OR 5.8 [2.4, 14.3] respectively; Figure 4.5).  

Mimetic automatisms such as grimacing localises to the cingulate gyrus with OR 

5.6 [3.6, 8.7], while Olfactory auras implicate both parietal (OR 4.6 [3.2, 6.5]) and 

insular regions (OR 3.8 [2.1, 6.9]).  

Oral and manual automatisms, such as lip smacking and chewing movements, do 

not significantly implicate the temporal lobes more than the prior EUD-Loc, but do 

show a propensity towards the anterior temporal subregion (OR 2.4 [1.7, 3.3]), 
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probably due to the successful and commonly performed anterior temporal 

resections in individuals with TLE.  

Somatosensory auras localise to the primary somatosensory cortex within the 

parietal lobes, OR 7.6 [5.1, 11.3], showing that its presence as an early or prominent 

ictal symptom should significantly steer the clinician towards the parietal lobe. The 

intrinsic localising value of somatosensory symptoms to the insula is statistically non-

significant (OR 1.9 [0.7, 4.9]).  

Vocalisations (unintelligible noises) intrinsically localise to the frontal lobe with an 

OR 1.5 [1.2, 2.0] and the lateral temporal subregions (OR 2.8 [1.8, 4.5]).  
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Figure 4.5: Relative Localising Odds-Ratios of Semiologies  

 

 

Figure 4.5 Relative localising values of semiologies. Odds ratios of 184ocalizing value are shown, 
given a semiology, for the twelve most commonly occurring semiologies in Semio2Brain database. 
These were calculated using two-by-two contingency tables from querying the entire Semio2Brain 
database for ictal semiologies. Blue: spontaneous semiology (non-topological) datapoints. Grey: all-
data.  
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4.4.3 Sensitivity Analyses 

 

The results of the sensitivity analysis forest plots by ground truths can be found in 

Figure 4.4 and Figure 4.6, summarised in Table 4.2. 

 

Table 4.2: Sensitivity analysis summary of ground truths and topological labels 

 Both topological and 
non-topological data 

Non-topological studies only  

(Filtered in spontaneous 
semiology) 

All ground truths  Figure 4.4  

Empty grey circles 

Figure 4.4 

Filled blue circles 

Seizure-freedom only Figure 4.6 

Empty grey circles 

Figure 4.6 

Filled blue circles 

Table 4.2 Summary of forest plots by filtering data by ground truths and non-topological studies. 

  

Figure 4.6 shows the probabilistic localising values when using only the ground-truth 

of postsurgical seizure-freedom. This forest plot is similar to that of using all ground-

truths (Figure 4.4), as can be appreciated when overlaying the results of these two 

figures, as available in Appendix Figure A.20 and Figure A.21. 

Appendix Figure A.20 directly overlays for comparison all-data (topological and 

non-topological) results from Figure 4.4 (empty grey circles) with all-data results of 

the single ground-truth of seizure-freedom from Figure 4.6 (empty grey circles).  

Figure A.21 directly compares the results from topological filtered-data from Figure 

4.4 (filled blue circles) with filtered-data from the single ground-truth of seizure-

freedom in Figure 4.6 (filled blue circles).  

Appendix Figure A.20 and Figure A.21 show overlap in confidence intervals and 

robust results to sensitivity analyses, with the exception of a lack of hypothalamic 

datapoints in seizure-freedom all-data (Figure A.20: “autonomic”, “other 

automatisms” and “LOA”) and a lack of hypothalamic datapoints in seizure-freedom 
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filtered-data (Figure A.21: including the three aforementioned semiologies as well as 

“Tonic”, “Head Version”, “Oral and Manual Automotor”).  

The probabilistic localising values from all ground-truths when excluding data from 

children under seven years (Figure A.22) was also similar to that of the probabilistic 

forest plot of all ages (Figure 4.4). 

Therefore, in summary, the probabilistic localising values obtained using all ground-

truths (Figure 4.4), were robust to sensitivity analysis using only the ground-truth of 

postsurgical seizure-freedom, for all regions, and semiologies; with the exception of 

hypothalamic datapoints (Figure 4.6, Figure A.20, Figure A.21). The probabilistic 

localising values obtained using all ground-truths was also robust to excluding 

patients under 7-years of age (Figure A.22).  
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Figure 4.6: Ground Truth of Postsurgical Seizure-Freedom Only 

 

Figure 4.6 Seizure-freedom ground-truth only: localising values for the 12 most commonly occurring 
semiologies. This Figure is the sensitivity analysis counterpart to all three ground truths used in Figure 

4.4, using only the ground-truth of postsurgical seizure-freedom. Empty grey circles include 
topological and non-topological studies, filled blue circles are filtered data (non-topological only).   
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4.5 Discussion 

Epilepsy affects 50 million people worldwide, and one-third continue to have frequent 

seizures despite medications. Surgery can be curative if a seizure-focus is identified 

(West, Nevitt et al. 2019), but less than half of resections result in complete seizure-

freedom (Duncan, Sander et al. 2006, Téllez-Zenteno, Dhar et al. 2007). Epileptic 

symptoms and signs help to localise the seizure focus in the evaluation of patients 

with drug-resistant focal epilepsy for curative surgery, but few clinical experts can 

interpret these seizure manifestations (Luders 2008) and the art is somewhat 

subjective. We created the largest database linking ictal symptoms and signs to 

lobar and sub-lobar localisations (Semio2Brain v.1.2.2, 2021, 

doi:10.5281/zenodo.4473240). Semio2Brain is a fully open-source and data-driven 

database obtained from a PRISMA-guided systematic review of the corpus of 

seizure semiology publications with over 11 thousand localising datapoints from 

4643 patients across 309 peer-reviewed publications. In this study we described the 

objective clinical values of seizure semiology in terms of lobar localisation, by using 

ground-truthed data and applying a Bayesian data filter whereby probabilities of 

lobar localisation given a semiology were not mixed with studies that preselected 

patients based on prior knowledge of their epileptogenic foci. We showed that 

Bayesian filtering (non-topological studies) more accurately represented clinical 

expectations, but also provided more nuanced information by quantifying the 

localising distributions of different semiologies. Results were robust to sensitivity 

analyses by known age labels and postsurgical seizure-freedom ground-truth. 

4.5.1 Semio2Brain database and publication bias 

The localising probabilities of semiologies can be obtained from the literature to 

capture brain areas that determine observed ictal signs and experienced seizure 

symptoms. The novelty of our approach was threefold: first, we curated data from a 

systematic review of 1194 screened articles resulting in full-text data-extraction from 

309 publications across many different centres over seven decades (earliest 

publication included in Semio2Brain is from 1954).  

Second, we mitigated publication bias through conditional data labelling of studies 

that described patients’ semiology based on prior knowledge of their seizure-foci 

(topological studies, such as a case series of temporal lobe epilepsy or cortical 

stimulation studies). The cortical heatmap summary of all topological studies (Figure 
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4.2C) and the Sankey diagram (Figure 4.3 interactive figure available in the 

repository) clearly demonstrate temporal lobe bias, whereby 81.7% of temporal lobe 

datapoints arise from topological studies, and 75% of topological datapoints localise 

to the temporal lobe. This temporal lobe bias in the literature is expected, as 

temporal lobe epilepsy occurs both most commonly and has the best surgical 

outcomes (Galovic, Baudracco et al. 2019, West, Nevitt et al. 2019, Gleichgerrcht, 

Keller et al. 2020, Alim-Marvasti, Pérez-García et al. 2021).  

Third, we mitigated bias by filtering results using the topological labels in the 

Semio2Brain database, in order to approximate the conditional probability of 

localising to any particular brain region given a specific semiology. By comparing 

unfiltered (all-data) results with filtered (non-topological data only) localising 

datapoints in forest plots, we showed that data-filtering more accurately captured 

extratemporal localisations, mitigating frequentist bias which would otherwise 

implicate the temporal lobe as the source of seizures in eight of twelve of the most 

commonly occurring semiologies. These eight semiologies in which the filter (non-

topological studies) significantly reduced the probability of localisation to the 

temporal lobe were: head version, tonic, dystonic, orofacial and manual 

automatisms, other automatisms including gelastic seizures, mimetic, unintelligible 

vocalisations, and episodes of loss of awareness (dialeptic) (Figure 4.4).  

4.5.2 Localising probabilities 

Even if cortical seizures are stable and reproducible from neurophysiological and 

semiological perspectives in individuals (O'Muircheartaigh and Richardson 2012), 

marked variations can exist between patients. Additionally, dense neural connections 

result in rapid seizure propagation within and between cerebral hemispheres,(Bonini, 

McGonigal et al. 2014) leading to variable semiology even within an individual, 

limiting the value of univariate methods in localising semiology. Therefore, we 

propose that the manifestations of cortical stimulations and the semiology of a given 

brain region are best considered non-injective surjective mappings involving network 

nodes. That is, seizures arising in any part of an isolated early spread network will 

manifest in a stereotyped manner with a small variance, but any specific semiology 

can arise from disparate network nodes with a larger variance. We modelled this 

latter case as a conditional probability of localisation given a semiology and showed 

that the set of non-topological studies more accurately represent this conditional 
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probability than topological studies. As Semio2Brain is the largest ictal phenotype 

database with over 11 thousand localising datapoints for semiologies, we were able 

to capture these variances in semiological localising values and display results as 

forest plots at the lobar (and sub-lobar) levels.  

Our best estimate for the unbiased prior distribution of localisations from the 

literature (EUD-Loc, Figure 4.2B) used mixed ground-truths of postoperative 

seizure-freedom, imaging and neurophysiological concordance, and invasive EEG. 

As EUD-Loc was derived from non-topological studies, it is the closest attempt thus 

far at accurately capturing the distribution of epileptogenic anomalies in the brain 

from the literature at the resolution of seven brain regions (temporal, frontal, parietal, 

and occipital lobes; insula, cingulate and hypothalamus). The EUD-Loc and 

semiology-specific probabilistic localising values derived from the database are 

consistent with observations that distributed epileptogenic networks are often 

involved during seizures, and can be used as prior probabilities of epileptogenic 

abnormalities in applications of network theory to focal epilepsy (Bartolomei, Lagarde 

et al. 2017). Our forest plots provide the probabilistic localising values for major 

network nodes that may be involved in the production of the most common 

semiologies, capturing the combined concepts of seizure onset, symptomatogenic, 

lesional, irritative, and epileptogenic zones that constitute our underlying ground-

truths (Kellinghaus and Lüders 2008, Tufenkjian and Lüders 2012, Lüders, Vaca et 

al. 2019). 

For example, although frontal, temporal, and hypothalamic regions are known to be 

involved in the production of gelastic and dacrystic seizures, the probabilities of their 

involvement have not been adequately quantified (Blair 2012). Our filtered forest 

plots quantified these probabilities (Figure 4.4). As a further example, ictal 

unintelligible vocalisations mainly involved distributed frontal and temporal networks 

(filtered Figure 4.4) in line with previous studies investigating the distributed 

networks of lexical retrieval (Damasio, Grabowski et al. 1996). We also found that 

these nonsensical ictal vocalisations (such as grunting), whether in isolation or as 

co-occurring semiologies, were of frontal or temporal origin in most cases but could 

not definitively differentiate between the two lobes (44% [35%, 53%] vs 36% [28%, 

45%] respectively). Complementary to this finding, a previous study of 102 patients 

with ictal vocalisation showed high sensitivity (91%) and specificity (70%) for 
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detecting temporal lobe seizures when vocalisations co-occurred with automatisms 

but not alone (Hartl, Knoche et al. 2018). 

Furthermore, in semiologies with established network models, such as functional-

MRI activation changes in the default mode network associated with impairments in 

consciousness or dialeptic episodes (Blair 2012), our forest plots quantified the 

diverse localisations to all seven regions: temporal 42% [36%, 49%], frontal 28% 

[23%, 34%], occipital 9% [6%, 11%], parietal 8% [5%, 11%], hypothalamus 8% [5%, 

10%], and cingulate and insula both under 5% [1%, 4%]. These results are 

consistent with other studies on the value of altered consciousness in focal seizures, 

suggesting they may originate mainly from the temporal lobe (but unquantified) 

(Luders, Amina et al. 2014) or multiple brain regions including 35% from temporal, 

16% from frontal and 5% from parieto-occipital regions (Baykan, Altindag et al. 

2011).  

The Semio2Brain open-source database and derived results have the potential to be 

complementary to lesion-deficit mappings, and can serve as the basis of future 

phenotypic imaging whereby ictal symptoms and signs are probabilistically mapped 

to cortical epileptogenicity.  

4.5.3 Relative localising values using odds ratios 

While many studies have evaluated the localising values of semiologies (So 2006, 

Tufenkjian and Lüders 2012, Bonini, McGonigal et al. 2014), fewer have explored its 

relative value compared to other investigative tools such as EEG, PET or MRI 

(Elwan, Alexopoulos et al. 2018), or quantified the additional value semiology 

provides alongside other modalities such as the combination of semiology and the 

MRI finding of hippocampal sclerosis for the diagnosis of TLE (chapter 2) (Alim-

Marvasti, Pérez-García et al. 2021). No study has evaluated the intrinsic relative 

value of any one semiology over all other ictal manifestations, mainly due to the 

absence of sufficient data. This was made possible through our collection of 4643 

patients’ data. Combining thousands of semiological localising datapoints from the 

non-topological data subset enabled us to estimate the relative localising values of 

each semiology compared to all others. In effect, the intrinsic values of semiologies 

presented in this study (as odds ratios) approximate the EUD-Loc as a prior 

benchmark and evaluate to what degree a particular semiology’s localising odds 

diverge from this.  
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To illustrate this, we could consider the probabilistic transformation of the EUD-Loc 

(shown as a frequency heatmap in Figure 4.2B and a Sankey diagram in Figure 

4.3) as a good clinical estimate for the source of seizures in patients with focal 

epilepsy prior to having any clinical information or investigation results, mainly 

favouring temporal (44%) and frontal lobe (31%) epilepsies. Subsequently, 

knowledge about the presence of any particular semiology e.g., epigastric auras, will 

then update our prediction for considering the temporal lobe as the source of 

seizures with an OR of 2.4 [1.9, 2.9] (specifically the mesial temporal OR 2.8 [2.3, 

2.9], Figure 4.5). Epigastric auras localise to the temporal lobe with 83% probability 

(95% CI [72%, 94%]) (Figure 4.4), but this does not take into account that at 

baseline there is a higher likelihood that the temporal lobe is involved than any other 

brain region (EUD-Loc Figure 4.2B).  

In EUD-Loc (non-topological) there is approximately 44% probability of the temporal 

lobe being the source of seizures before knowing the semiology, this is in contrast to 

using combined topological and non-topological datapoints which would return a 

prior estimate for TLE of over 66% (all-data Figure 4.2A).  

Therefore, odds ratios with 95% confidence intervals not overlapping 1 for any given 

semiology in Figure 4.5 signify value-added localising information over and above 

the baseline frequencies, and these semiologies and their localisations help to 

narrow the likely seizure sources (section 4.4.2.2 Intrinsic localising value of 

individual semiologies relative to all others).  

Although we have shown the relative localising values of the twelve most commonly 

occurring semiologies, the odds ratios were calculated using all semiologies that 

occur in Semio2Brain database, including the less frequently occurring semiologies 

(A.5 Chapter 4 Supplementary Materials 

 

 

Table A.3).  

4.5.4 Semio2Brain Database: Future Uses 

4.5.4.1 Mapping seizure phenotypes to cortical epileptogenicity 

The Semio2Brain database can serve as the foundation for phenotypic imaging, 

whereby ictal symptoms and signs are probabilistically mapped to cortical 
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epileptogenicity, which if clinically validated could help objectively localise seizure-

foci in the evaluation of individuals with focal drug-resistant epilepsy. 

4.5.4.2 Lateralising values 

Semio2Brain contains lateralising information relative to semiology and language 

dominance that can be used to determine the lateralising values of semiologies as 

we have done for their localising values. 

4.5.4.3 Comparisons by ground-truths 

The data and analyses can be filtered by ground-truths to compare the values and 

effects of the epileptogenic, symptomatogenic, irritative, lesional and seizure-onset 

zones (Figure 4.6 and Table 4.2) (Kellinghaus and Lüders 2008, Tufenkjian and 

Lüders 2012, Lüders, Vaca et al. 2019). 

4.5.4.4 Evaluation of the Localisation Values of Semiologies in Adults vs Children 

Although our study found that the probabilistic localising values were robust to 

sensitivity analysis by known age labels, we may reasonably expect adult and young 

infant semiology localisations to differ. We think this discrepancy can be explained 

by the following points:  

i) we only used the twelve most frequently occurring semiologies in the Semio2Brain 

Database, and all of these are mainly reported in adults and not specific to children. 

ii) the majority of the labelled datapoints in the database are derived from adults. 63 

out of 309 included articles that make up Semio2Brain had data exclusively from 

paediatric patients (under 7 years old where the semiology is likely to most differ 

from adults), pertaining to localising information from only 278 individuals (out of a 

total of 4643 individuals included in Semio2Brain database). That means that under 

6% of the individuals were children. 

In future, the Semio2Brain’s missing age labels can be corrected, and two parallel 

databases, one for children, and another for adults, could be maintained. 

4.5.4.5 Generative models of seizure semiology  

Seizures with similar semiologies are thought to involve abnormal paroxysmal 

neuronal discharges that originate and propagate within concordant brain networks. 

We used frequency analysis of semiologies localising to brain regions to describe the 

probabilistic and intrinsic relative values of seizure semiology. Because the 

Semio2Brain database captures the partial set-of-semiologies from the literature 
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when chronology was unspecified, its topological studies could be used to derive the 

reverse conditional probabilities of brain regions’ abilities to generate ictal symptoms 

and signs as a proxy for rapid seizure propagation to other regions within its network.  

Although similar methods have shown topological organisation of brain regions and 

semiology, such as in 54 patients with hierarchical clustering of 24 frontal lobe 

regions and 31 ictal signs (Bonini, McGonigal et al. 2014), this has not been directly 

compared with structural or functional connectivity correlations between the same 

cortical regions to investigate the degree to which seizure manifestations may arise 

from underlying brain connectomes. The thousands of patients in Semio2Brain 

enable this comparison. A future model built on the topological subset could be the 

basis of a generative model of ictal phenotypes for incorporation into Bayesian virtual 

epileptic brain models (Hashemi, Vattikonda et al. 2020), and could also be used to 

obtain a semiological connectivity matrix for comparison with structural, functional, 

and electrographically derived dynamic connectivity measures (Scheid, Ashourvan et 

al. 2021). Such analyses could ascertain the degree to which semiology and 

connectivity measures may be correlated and elucidate the extent to which seizure 

manifestations are single-node or network driven (McGonigal, Bartolomei et al. 

2021). This may lead to integration of semiological sequence predictions with 

propagation zone predictions for any given epileptogenic zone in personalised virtual 

brain network models (Proix, Bartolomei et al. 2017).  

4.5.5 Limitations 

4.5.5.1 Ground Truths 

Imaging and neurophysiological concordance may not be as strong a ground-truth as 

postoperative seizure-freedom, and the seizure onset zone determined by SEEG 

may be part of a larger early spread network still downstream to the initial seizure 

focus (Chauvel and McGonigal 2014), adding noise to the localising values. For 

example, posterior cingulate epilepsy can have electroclinical findings that mimic a 

temporal lobe origin (Alkawadri, So et al. 2013), reducing the number of cingulate 

datapoints from the concordance ground-truth. An important issue was the 

heterogeneous nature of data collection and reporting mechanisms. This is also 

supported by a statement in 2010 of “The creation of standard protocols among 

epilepsy centres is needed to allow for a detailed evaluation of outcomes across 
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different centres and, ultimately, to better assess the factors associated with 

improved outcomes.” (Ansari, Tubbs et al. 2010) 

Studies such as SPECT are limited by the required imaging technology, rapid 

administration required, and poor inter-observer agreements for interpretation of 

SPECT images (kappa < 0.4) (Elwan, Wu et al. 2014) but were used for multimodal 

concordance in the database.  

Previous meta-analysis and systematic reviews, for example in extratemporal 

epilepsy surgery outcomes in children (Ansari, Maher et al. 2010) and in adults 

(Ansari, Tubbs et al. 2010), mention the heterogeneity between centres in reporting 

semiology and outcomes, especially in the use of Engel and ILAE outcomes scores. 

ILAE 1 translates into Engel Ia and ILAE 2 to Engel Ib and many publications refer to 

“Engel Class I outcome” without further specification. Time of follow up is also 

important in determining the accuracy of localisation and lateralisation, with patients 

who have been seizure free for decades a better indicator of unifocal EZ resection 

compared to patients who have been ILAE 1 or 2 for 12 months. Although ILAE 

2/Engel Ib is considered a good surgical outcome, it carries theoretical problems for 

attributing the resection to the EZ, as subjective seizures indicate seizure 

propagation to the SZ, implying the SOZ is intact – this could arise from disruption of 

propagating networks distal to the SZ.  

An inevitable caution is that the symptomatogenic zone, that generates the observed 

semiology, may be distant from the seizure onset zone. Thus, semiological analysis 

may only infer the likely localisation of the site of seizure onset. 

 

4.5.5.2 Topological priors and Bayesian filtering 

Our correction methods for publication bias involved selectively filtering the 

topological subset of the database, because non-topological studies more accurately 

portrayed the conditional probability of localisation to a lobe given a semiology. 

However, as seen in the case of the insula which disproportionately features 

datapoints from topological studies, some regions may require a high degree of prior 

clinical suspicion to be detected.  

This highlights a limitation in simply filtering out topological studies. As topological 

studies could be modelled to represent the probability of a semiology occurring given 



Page 196 of 388 
 

a brain region, instead of excluding data, in future a Bayesian formulation of the 

conditional probabilities from topological studies could be helpful in leveraging these 

datapoints to invert the conditional probabilities and predict seizure foci. A 

subsequent clinical validation on an inverse variance weighted average of the non-

topological values used in our main manuscript with a Bayesian formulation of the 

topological studies could be used.  

Sometimes it was difficult to ascertain what priors a study used, e.g. study 

investigated semiology X and Y in patients with TLE and ET could be topological 

and/or non-topological – thus could be patient specific within the article, increasing 

chances of errors. 

As the Semio2Brain database is at best a sample of all semiologies taken from the 

literature, and even though we mitigated topological localising bias, it is possible to 

still have unmitigated semiological biases. This precludes entirely excluding the 

relative values of brain regions with odds ratios below 1 as the source of seizures. 

4.5.5.3 Normalising to Patient Numbers 

In normalising to the number of patients as described in the main manuscript, we 

assumed that multiple localising datapoints are distributed equally between multiple 

patients per database row, because we used a simple normalising ratio.  

 

4.5.5.4 Descriptions of Semiology and Localisations 

There are inherent limitations in using descriptions of semiology (McGonigal, 

Bartolomei et al. 2021) and descriptions of regions of interest to develop probabilistic 

localising models. Errors can be introduced at multiple stages including publication 

bias, data collection, mapping to both hierarchical regions and semiologies, and 

during normalisation (Table A.4). 

As an example, one of the twelve most commonly occurring semiologies presented 

in this chapter was mimetic automatisms such as a fearful expression. This is a 

rather behavioural sign, which may or may not be accompanied or preceded by a 

subjective fearful emotional aura. Given the data was from a systematic review, the 

best we could do was to use the description in the original article. This introduces 

inherent heterogeneity to the definitions of the semiological categories, as there may 

not be a fine line that distinguishes a fearful aura from a mimetic automatism. This 
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limitation relates to both the ability of individuals to report and recollect their auras, 

as well as their capacity to name their emotions depending on their age.  

When the semiological chronology was specified in the literature, only the initial 

semiology was collected. However, semiologies reported without specified 

chronology were collected (regardless of their ictal time of onset). Therefore, due to 

semiological reporting bias, the collected semiologies in this study are not all the 

earliest semiology, but rather a mix of both initial (or co-occurring) and other 

semiologies, adding further noise to the findings. Because no chronological evolution 

is available in the database, it was impossible to include seizure evolution 

information in our EUD-Locs, likely resulting in a relatively poor estimate of EUD-

Locs. Temporal evolution data was frequently not given in the literature and this is a 

limitation of the data. 

The collected semiologies are neither all the initial semiology nor consistently the full 

set, rather a hybrid due to reporting bias of prominent semiologies even though they 

may occur late in the sequence. Nevertheless, this may make the results from this 

study more clinically applicable for predicting localisation, as semiologies reported in 

clinic are not always chronologically accurate; for example,  some early experiential 

auras may not be recollected at all and if they are recollected, only the most 

prominent aura (rather than the initial aura) may be reported (Hirfanoglu, Serdaroglu 

et al. 2007). 

The database had a significant proportion of missing age labels which could bias 

results, because semiology and localisation can differ between children and adults, 

reflecting brain maturation and shifts in propagating networks (Brockhaus and Elger 

1995, Fogarasi, Janszky et al. 2001, Ray and Kotagal 2005). In this study, we looked 

at all ages and the known adult subgroup only. In future we hope to evaluate 

paediatric data separately.  

Seizure propagation may be unidirectional, emphasising the value of sequences 

over sets, e.g., caudal spread from prefrontal cortex but not vice versa (Bonini, 

McGonigal et al. 2014). Therefore, semiological sequences are likely to have better 

localising values to early propagating networks compared to our dataset because 

Semio2Brain is devoid of chronology. 
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• CES frequency of stimulation and presence or absence of after discharges 

were not always reported and not collected 

• Engel I may include many patients with ongoing seizures, compromising the 

integrity of seizure-freedom ground truth 

• The most common reported semiologies in CES are likely to be because of 

direct electrical activity in the stimulated region, mostly invariant across 

individuals and robust to differential network activations within individuals. 

Whereas the least commonly reported semiology may represent differential 

seizure propagation to other networks. Not all articles reported on after 

discharges or the delay between onset of CES and onset of symptoms, 

otherwise this information would be useful to correlate with the frequency of 

reported semiologies e.g. hypothesising an expected inverse correlation 

between latency to semiology and frequency of reported semiology. The 

effects of publication bias must also be borne in mind: both in terms of 

publishing results which confirm already held theories, and on the other end of 

the spectrum in terms of publishing unusual semiologies which are novel and 

rare. Established relationships, such as that of the topographic homunculus in 

the primary motor area and contralateral limb movement may not be oft-

reported.  

 

4.6 Conclusions 

We present the largest data-driven and open-access database, Semio2Brain, for 

early seizure semiology consisting of 11230 localising datapoints from 4643 patients 

across 309 publications, with ground-truths for localisations. We investigated and 

mitigated publication bias using topological data filtering. As a specific semiology can 

arise from disparate brain nodes, we modelled this as a conditional probability of 

localisation given a semiology and showed that the set of non-topological studies in 

Semio2Brain database more accurately represented this than topological studies. As 

Semio2Brain is the largest ictal phenotype database, we were able to capture these 

variances in semiological localising values and display results as forest plots at the 

lobar (and sub-lobar) levels. 

We therefore paint the probabilistic localising landscape of the twelve most 

commonly occurring semiologies, and their intrinsic localising values relative to any 
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other semiology. We also propose other potential uses for the database including a 

generative model of seizure semiology. 
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5 Semiology-to-Brain Visualisation Tool: Data-Driven Mapping 

of Semiology to Cortical Epileptogenicity  
 

This chapter builds on the Semio2Brain database described in chapter 4, by giving 

open access to the database and instead of forest plots display cortical probabilistic 

heatmaps that can be more intuitively understood by the clinician. Part of this work 

has been published to introduce the Semiology Visualisation Tool as a software 

(Pérez-García, Alim-Marvasti et al. 2022). 

 

5.1 Summary 

Epileptic semiology is the sequence of symptoms and signs during a seizure. It is 

used in the clinical determination of the likely seizure focus in individuals with focal 

drug resistant epilepsy undergoing evaluation for resection. Patients can be cured if 

the source of seizures is identified and resected. Multimodal investigations are used 

to ascertain the seizure focus, including brain imaging, electroencephalography and 

semiology. Semiology is however a combination of the subjective description of what 

patients feel and what neurologists obtain through clinical history and video-EEG 

telemetry. Neuronal activations in an anatomically dispersed network can generate 

the same symptomatology, so there is no one-to-one mapping of semiology to brain 

region. Currently there are no objective methods to visualise seizure semiology 

networks in either a common coordinate or patient’s brain space.  

We developed open-source software, Semiology-to-Brain Visualisation Tool (SVT), 

built around an open dataset of 4643 patient semiologies and associated seizure foci 

from 309 journal articles (Semio2Brain v.1.2.3, 2021, doi:10.5281/zenodo.4606589). 

SVT queries the database using a semiological taxonomy and by mapping 

descriptions of brain regions to brain parcellations. SVT uses a two-level bias 

correction, including Bayesian inference on data that would otherwise be biased 

towards the mesial temporal lobes. SVT combines multiple semiologies and subsets 

of the database using inverse-variance weighted averaging of binomially modelled 

brain parcellations, and displays probabilistic cortical heatmaps for localising and 

lateralising semiology within the framework of 3D-slicer (https://www.slicer.org/). 

I validated SVT in two ways. First, I compared SVT predicted cortical heatmaps to 

expectations from the literature. Second, I compared SVT predictions to expert 

https://www.slicer.org/
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epileptologists’ predictions using a random sample of 14 patients who had 

undergone surgery at our centre and remained seizure-free, simulating a real-world 

clinical scenario.   

SVT performed well in both validations. Bayesian inference improved theoretical 

validations. In our simulated real-world scenario, SVT beat naïve classifiers and 

matched the best experts’ scores for localisation whilst surpassing expert scores for 

lateralisation.  

SVT takes an important step, approximating seizure-phenotypes to non-invasive 

grey-matter imaging. This approach enables future multimodal integration of 

structural brain imaging and clinical semiology for the presurgical evaluation of 

seizure sources in patients with focal drug resistant epilepsy, with a potential to 

improve or guide clinical decision-making.  
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5.2 Background 
Epilepsy surgery is an established treatment for drug resistant focal epilepsy with a 

large proportion of patients having excision of the seizure onset zone becoming 

seizure-free (Wiebe, Blume et al. 2001, Spencer and Huh 2008). The main 

objectives of presurgical evaluation are to lateralise and localise the seizure- onset 

zone for excision, minimise postsurgical deficits, and prognosticate surgical 

outcomes (Ryvlin, Cross et al. 2014). Presurgical evaluation integrates seizure 

semiology, other clinical features, imaging, electrophysiology, video-telemetry EEG, 

and neuropsychology (De Tisi, Bell et al. 2011, Bell, de Tisi et al. 2017). 

Epileptic semiology describes the sequence of symptoms and signs during a seizure. 

Seizure manifestations are determined by the seizure-onset zone and propagation in 

the brain (Tufenkjian and Lüders 2012).  

No current method directly links semiology to cortical epileptogenicity in a 

probabilistic objective manner. There have been four barriers to objectifying 

semiological lateralisation and localisations. First, semiology can be inaccurately 

described by patients and witnesses of seizures, with diverging terminology, and 

possibly low inter-observer reliability even on assessment of video recordings by 

experts (Deacon, Wiebe et al. 2003, So 2006). Second, there may be a discrepancy 

between the symptomatogenic zone (SZ) which is based on clinical history and the 

seizure onset zone (SOZ) obtained from neurophysiology (Luders 2008, Foldvary-

Schaefer and Unnwongse 2011). Third, while brain regions can have specific or non-

specific semiological correlates (Kellinghaus and Lüders 2008, Rona 2008), neuronal 

activations in an anatomically dispersed neural network can generate the same 

symptomatology. Thus, there is no one-to-one mapping of semiology to localisation 

(Manford, Fish et al. 1996, Jan and Girvin 2008). Even very focal epilepsy can 

manifest semiological sequences that vary between seizures and between 

individuals (So 2006) due to propagation via different brain networks (Chauvel and 

McGonigal 2014). Therefore, any attempt to link semiology back to cortical 

epileptogenicity must take into account that this an inverse-problem of predicting 

semiology from known ictal localisations (Rossetti and Kaplan 2010). Fourth, 

although a data-driven method is well suited to associate semiologies to localisations 

as objectively as possible, a major hurdle has been the lack of a sufficiently large 

dataset.   
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The Semio2Brain database links descriptions of semiologies to their hierarchical 

categorical brain regions (11230 localising datapoints) and lateralisations (2391 

datapoints) from 4643 patients across 309 included articles (Semio2Brain v.1.2.3, 

2021, doi:10.5281/zenodo.4606589) [Chapter 4]. This open dataset is the largest on 

seizure semiology-localisations, using ground-truths based on the presence of at 

least one of three criteria: 1) postsurgical seizure-freedom for at least 12 months 

indicating that the epileptogenic zone (EZ) was resected; 2) invasive EEG recordings 

documenting the SOZ; 3) concordance of neuroimaging and neurophysiology. 

Semio2Brain links seizure symptoms and signs with brain structure and function, and 

creates an imaging-based tool to map semiological descriptions to either patient 

brain-space or the Montreal Neurological Institute (MNI-152) template space using 

the Desikan-Killiany-Tourville protocol. 

I present the methods and validation of our user-friendly open-source software built 

on the Semio2Brain database, termed Semiology Visualisation Tool (SVT), which 

probabilistically maps seizure semiology to cortical epileptogenicity. I show that, 

despite the biases in the literature used to curate the dataset [Chapter 4], a 

database-level filter and Bayesian inference can mitigate publication bias and 

capture the variances of semiological localisations, matching expert clinician 

predictions at the lobar level. 

SVT takes into account the inverse problem thereby bringing semiology – that had 

otherwise been left to the clinician to infer lateralisation and localisation – into the 

same space as other investigative modalities and could be integrated with MRI and 

EEG-source-localisations as part of multimodal predictive models for the 

identification of seizure-foci.  
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5.3 Methods 
Our software is built on the semiology-brain-localisation database (Semio2Brain 

v1.2.3 doi:10.5281/zenodo.4606589) and as an extension to the open-source 3D 

Slicer platform (v4.11.0 https://www.slicer.org) (Fedorov, Beichel et al. 2012). SVT 

python code and software are available to download from the repository (v1.8.1 

https://github.com/thenineteen/Semiology-Visualisation-Tool). SVT uses the Pandas 

and SciPy libraries, and is compatible with python 3.6 and 3.7 (Pandas , Python , 

Virtanen, Gommers et al. 2020).  

An outline of SVT’s components is shown in Figure 5.1. 

Figure 5.1: Dependencies of SVT  

 

Figure 5.1 The components of Semiology Visualisation Tool (SVT). From 1172 articles, 309 were 
included and contained semiology localisation and lateralisation data from 4643 individual patients. 
3D-slicer is a dependency used to visualise cortical heatmaps. Adapted from Poster (Alim-Marvasti, 
Romagnoli et al. 2020) 

 

5.3.1 Semio2Brain Database 

The database is an open-access Microsoft Excel spreadsheet. The database was 

curated according to the Preferred Reporting Items for Systematic Reviews and 

Meta-Analyses (PRISMA), and its flowchart, inclusion and exclusion criteria have 

been recently reported [Chapter 4](Alim-Marvasti, Romagnoli et al. 2020, Alim-

Marvasti, Romagnoli et al.). The database rows state patients’ initial semiology (if 

this was clearly identified and reported) or the most prominently reported seizure 

https://www.slicer.org/
https://github.com/thenineteen/Semiology-Visualisation-Tool
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semiology, and the columns state their associated cerebral localisations and 

hemispheric lateralisation (ipsilateral, contralateral, dominant, non-dominant 

hemisphere or bilateral). To homogenise semiology descriptions, each semiology 

has two columns, one documenting the semiology as reported in the literature, and 

the other summarising the description into clinician determined categories in line with 

the ILAE Task Force on Classification and Terminology and semiological literature 

(Tufenkjian and Lüders 2012, Fisher, Cross et al. 2017, McGonigal, Bartolomei et al. 

2021). Localisations were descriptive, hierarchical, and multi-one-hot-encoded: for 

example, if a semiology localised to the hippocampus, this resulted in three data 

entries for the hippocampus, mesial temporal, and temporal lobe.  

The total number of patients with a semiology was summarised as a datapoint 

integer during data collection, 𝑑𝑙𝑜𝑐
𝑝𝑎𝑡𝑖𝑒𝑛𝑡

. There were seven top-level regions: temporal 

lobe, frontal lobe, parietal lobe, cingulate cortex, insula, occipital lobe, and 

hypothalamus (section 4.3.2.6). For each patient’s semiology (row), all localisation 

categories (totalloc) were descriptive and constituted the union of the set of top-level 

regions (toploc) and their subregions (subloc): 𝑡𝑜𝑡𝑎𝑙𝑙𝑜𝑐 = 𝑡𝑜𝑝𝑙𝑜𝑐⋃ 𝑠𝑢𝑏𝑙𝑜𝑐. The 

subregions for each localisation were devised iteratively during data entry from the 

309 included articles. Datapoints pertaining to top-level regions, per row, are 

denoted 𝑑𝑙𝑜𝑐
𝑡𝑜𝑝

. As a semiology could partially localise to more than one top level 

region but data entry was multi-one-hot encoded, then ∑𝑑𝑙𝑜𝑐
𝑡𝑜𝑝

 ≥  𝑑𝑙𝑜𝑐
𝑝𝑎𝑡𝑖𝑒𝑛𝑡

.  There 

were up to four levels of subregions in the hierarchy, with datapoint values 

collectively denoted  𝑑𝑙𝑜𝑐
𝑠𝑢𝑏 (Semio2Brain v.1.2.3, 2021, doi: 

10.5281/zenodo.4606589). 

There were three Boolean ground truths associated with each semiology (EZ with 

Engel I seizure-freedom for at least 12 months after surgery, SOZ determined by 

invasive EEG, and/or concordance of imaging and neurophysiology). There was also 

a topological-label as to whether the semiology came from a study based on region-

of-interest (studies that preselected patients based on pre-specified brain regions 

e.g., temporal lobe epilepsies) if so, then the publication’s approach was categorised 

as topological study (TS, see section 4.3.2.9) [chapter 4]. Otherwise, the datapoint 

was categorised as non-topological (e.g., selected based on presence of a particular 

semiology).  
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The localising datapoints have been previously summarised (Figure 4.2 and Figure 

4.3). 

5.3.2 Semiology Taxonomy Replacement: SemioDict 

A nested taxonomy of regular expressions, SemioDict, searches both the detailed 

descriptions of the semiologies and the summary terms in Semio2Brain database, 

avoiding mistakenly classifying negations and string similarities (e.g., myoclonic vs 

clonic and dystonic vs tonic). 

There are 35 predefined ictal semiological categories, 7 postictal semiologies and an 

asymptomatic “no semiology” category for cortical stimulation studies (SemioDict 

v1.8.1). The list of semantically equivalent semiological terms was defined to reflect 

the International League Against Epilepsy Glossary of Descriptive Terminologies for 

Ictal Semiology (Blume, Ociepa et al. 2001), however, some categories were 

combined such as ‘Other Automatisms’ which includes gelastic (laughing) and 

dacrystic (crying) seizure manifestations. Due to uncertainties in classifying some 

datapoints related to dysphasia and ictal speech during data collection, related to 

how these were described in the original articles, these two categories are presently 

combined in a single category, but the user can customise semiologies. SVT 

supports expanding the predefined semiological categories for custom queries based 

on user preference. Descriptive definitions are available in Table 4.1 and as 

previously described in chapter 4 (Alim-Marvasti, Romagnoli et al.). 

In this study, I mapped, visualised, and validated only ictal semiology and so used 

the 35 ictal categories of SemioDict (A.5 Chapter 4 Supplementary Materials 

 

 

Table A.3). However, if a semiological term of interest was not found within these 

predefined categories, custom regular expression queries were made within SVT, 

e.g., by searching for the presence of the word “euphoria”.  

5.3.3 Mapping descriptive localisations to 3D-brain parcellations 

The database’s descriptions of brain regions were mapped to whole-brain Desikan-

Killiany-Tourville (DKT) parcellations using the geodesic-information-flow (GIF) 

algorithm that gave 108 regions of interest (Cardoso, Modat et al. 2015).  
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There was not always a one-to-one correspondence between descriptions and 

parcellations. In these instances, I manually calibrated each mapping using 3D Slicer 

to align the descriptions of localisations to their visualised parcellations. For 

example, the “pre-frontal cortex” was mapped to the following bilateral DKT 

parcellations: middle frontal gyri, medial segment of the superior frontal gyri, 

opercular and triangular parts of the inferior frontal gyri, the superior frontal gyri and 

the supplementary motor cortex. This may create artefacts as the regions were not 

always as finely grained as the descriptions. The calibrated mappings of each 

descriptive region to brain parcellations are available in the Semio2Brain excel 

spreadsheet in the repository.  

5.3.4 Querying the Database 

5.3.4.1 Overview  

A summary call stack of the workings of the software for single semiologies without 

Bayesian inference are shown in A.6 Chapter 5 Supplementary Materials 

 

Figure A.23. These are summarised below. 

First, data integrity is checked for missing semiology or localisation labels and 

imputed if possible. Key terms are searched for in both "reported semiology" and 

"semiology category" columns. Key terms can be custom user defined or a 

predefined list of semantically equivalent semiological descriptions from SemioDict, 

using a graphical user interface checkbox.  

If the query includes information on at least one laterality variable (the side of the 

patient’s dominant cerebral hemisphere or their unilateral semiology), the resulting 

localisations are lateralised to the appropriate left or right parcellations using either 

micro- or global-lateralisation options. Micro-lateralisation stays true to the 

Semio2Brain data, integrating lateralising and localising datapoints for individual 

patient semiologies by row (each row is a patient or groups of patients with the same 

semiology from the same publication). Global-lateralisation, on the other hand, 

evaluates localising and lateralising data separately, imitating clinical evaluations. 

These can produce different levels of confidence when lateralising semiologies.  
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5.3.4.2 Database Level Filters and First-Level Bias Correction  

The user can filter data based on any of the three ground-truths and/or publication 

approaches (topological labels, described under section 5.3.1 Semio2Brain 

Database). Additionally, for the purposes of this study on ictal semiology, I excluded 

all postictal semiologies that featured in the Semio2Brain database.  

5.3.4.2.1 Filtering queries by ground truths 

• Epileptogenic zone – the patient had resective surgery and remained seizure-

free (Engel I) for at least 12 months (Tonini, Beghi et al. 2004). 

• Invasive EEG – localisations were based on the use of intracranial electrodes. 

• Concordance of imaging and neurophysiology (mainly EEG, but could include 

magnetoencephalography). Imaging was mainly MRI but could include 

SPECT or PET abnormalities.  

5.3.4.2.2 Filtering by publication approaches (topological studies): first-level bias correction 

• Epilepsy topology (ET) – publications that preselected patients based on prior 

knowledge of their seizure focus. 

• Cortical electrical stimulation studies (CS) – studies that stimulated a brain 

region and documented the generated semiology. 

• Spontaneous semiology (SS, equivalently non-topological studies) –

publications that preselected patients based on semiology rather than 

localisation. 

CS and ET studies are collectively termed topological studies (TS) as they more 

closely represent generative semiology likelihoods, given a brain region; hence 

are excluded from SS-subset (non-topological) results. Conversely, SS is a more 

genuine representation of the probabilities of localisation to brain regions, given a 

semiology, and therefore are non-topological. This filtering out of topological 

studies (chapter 4) is our first-level of bias correction as a solution to the inverse-

problem (Rossetti and Kaplan 2010).  

5.3.4.3 High-Resolution: Hierarchical Localisation Reversal 

As localising data entry was hierarchical, to display granular data at the lowest level 

of the hierarchy, SVT uses a high-resolution option by default to estimate hierarchy-

reversed top-level datapoint values 𝑑𝑙𝑜𝑐
𝑡𝑜𝑝−ℎ𝑟

. The hierarchy is not fully invertible; the 

default settings maximally reverse the hierarchy:  

𝑑𝑙𝑜𝑐
𝑡𝑜𝑝−ℎ𝑟 =  𝑑𝑙𝑜𝑐

𝑡𝑜𝑝−𝑙𝑜𝑏𝑒  – ∑𝑑𝑙𝑜𝑐
𝑠𝑢𝑏−𝑙𝑜𝑏𝑒   
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Equation 1 Maximal hierarchy reversal of top-level regions: for a given top-level lobe (𝑑𝑙𝑜𝑐
𝑡𝑜𝑝−𝑙𝑜𝑏𝑒) the sum of its subregions’ 

datapoint values (𝑑𝑙𝑜𝑐
𝑠𝑢𝑏−𝑙𝑜𝑏𝑒) is subtracted to give the hierarchy-reversed top-level datapoint value.  

This may excessively reduce datapoints from top-level regions, artefactually 

increasing the contrast between the datapoint values for constituent cortical regions 

(high-resolution). Hierarchy reversal does not, however, alter the absolute datapoint 

values for the highest-resolution cortical subregions. This option enables subsequent 

normalisation of datapoints to number of patients 𝑑𝑙𝑜𝑐
𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠

, described below.  

The alternative to high-resolution output is low-resolution (only using top-level 𝑑𝑙𝑜𝑐
𝑡𝑜𝑝

 

for visualisation).  

5.3.4.4 Normalising Datapoints to Patient Numbers 

Normalisation is performed after hierarchy reversal using high-resolution output, 

such that it makes numbers of patients with the semiology (𝑑𝑙𝑜𝑐
𝑝𝑎𝑡𝑖𝑒𝑛𝑡

) the unit of 

analysis. That is, the more regions a semiology localises to, the lower its normalised 

localising-value.  

For each row, all region specific datapoints are multiplied by the ratio of the row's 

patient numbers to the sum of region specific datapoints: 

𝑑𝑙𝑜𝑐−𝑛𝑜𝑟𝑚
𝑡𝑜𝑡𝑎𝑙  =  

𝑑𝑙𝑜𝑐
𝑝𝑎𝑡𝑖𝑒𝑛𝑡

∑ 𝑑𝑙𝑜𝑐
𝑡𝑜𝑡𝑎𝑙−ℎ𝑟

∀ (𝑡𝑜𝑝−ℎ𝑟,𝑠𝑢𝑏)

𝑑𝑙𝑜𝑐
𝑡𝑜𝑡𝑎𝑙−ℎ𝑟   

Equation 2: Normalising datapoints to numbers of patients with the semiology after hierarchy reversal for high-resolution 
output. 

Additionally, SVT imputes any missing data for each row during normalisation. 

5.3.4.5 Lateralisation  

After the initial query of the database with the semiological term(s) of interest, if the 

query included information on at least one laterality variable (the side of the patient’s 

dominant cerebral hemisphere or their semiology), then lateralisation modules map 

the resulting localisations to their appropriate left or right brain segmentation regions.  

5.3.4.5.1 Micro-Lateralisation 

Query_Lateralisation module uses the lateralising datapoints (contralateral dCL, 

ipsilateral dIL, dominant dDom or non-dominant dNonDom hemisphere) together with 

laterality of semiology and/or hemispheric dominance, to individually map datapoints 

(each row) to lateralised GIF parcellations.  
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If there are no lateralising data for an individual patient (dlat = 0, where dlat = dCL + dIL 

+ dDom + dNonDom), then the localising datapoints (𝑑𝑙𝑜𝑐
𝑡𝑜𝑡𝑎𝑙) are mapped to both the right 

and left GIF parcellations (without modification). If there are lateralising data (d lat > 0) 

and right lateralising datapoints exceed left datapoints (dR > dL), then the right-sided 

GIFs receive the mapped localising datapoints as above, while the left-sided GIF 

values are reduced by the proportion 
𝑑𝐿

𝑑𝑅
. If the final right and left datapoint values are 

equal (dR = dL), both sides get the total localising datapoints without modification 

(similar to when dlat = 0).  

If there are more lateralising than localising datapoints for a row (d lat > 𝑑𝑙𝑜𝑐
𝑝𝑎𝑡𝑖𝑒𝑛𝑡

), the 

excess lateralising datapoints are mapped to the entire relevant unilateral 

hemisphere’s GIF parcellations. 

Micro-Lateralisation stays true to the Semio2Brain data as reported from the 

literature, in that it integrates lateralising and localising datapoints for individual 

patient semiologies by row (each row is a patient or groups of patients with the same 

semiology from the same publication).  

5.3.4.5.2 Global Lateralisation 

Query_Lateralisation_Global module evaluates localising and lateralising data 

separately, imitating clinical evaluations. The overall proportion of right vs left is 

obtained from hemispheric language dominance and the side of the seizure 

manifestation as before. These are used to determine simple proportions of the GIF 

values on either side. If left and right are symmetric, in contrast to micro-

lateralisation, the localising values are divided equally between both sides. This 

means that for the same single semiology with equal right and left value or no 

lateralising data, micro- and global lateralisation both produce the same heatmaps 

visually, however, if the Rescaling option (section 5.3.5.1 Rescaling) is used for 

visualisation (but not proportions option, 5.3.5.2 Proportions and Weightings), then 

the values shown for the global lateralising option would be half of the micro-

lateralisation. 

The distribution of the localising values in the global option occurs with the following 

coefficient for left-sided parcellations and vice versa: 
𝑑𝐿

𝑑𝐿  + 𝑑𝑅
 𝑑𝑙𝑜𝑐−𝑙𝑒𝑓𝑡

𝑡𝑜𝑡𝑎𝑙 . This is both 

more intuitive as the total datapoints remains constant after distribution between the 
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hemispheres, is symmetric, and akin to relative risk of global lateralisation (cf the 

odds-ratio micro-lateralisation only reduces the value of the least datapoint side).  

Bayesian queries exclusively use global lateralisation (see 5.3.6 Bayesian ). 

A drawback of both methods of lateralisation is that if 𝑑𝑙𝑜𝑐
𝑝𝑎𝑡𝑖𝑒𝑛𝑡

 >> dlat, all the 

datapoints are still proportionally distributed to each side based on much fewer 

lateralising datapoints. Although this is desired clinically whereby localisation and 

lateralisation are treated independently, in data-driven methods can result in 

overconfident lateralisation. There is therefore support for a non-default option to 

consider the proportion of the entire localising data that lateralises (𝑑𝑙𝑎𝑡  / ∑ 𝑑⃗⃗⃗ ⃗
𝑙𝑜𝑐
𝑡𝑜𝑡𝑎𝑙), 

such that hundreds of localising data are not overconfidently lateralised based on a 

handful of lateralising datapoints.  
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5.3.5 Methods to Combine Multiple Semiologies, and Averaging Bayesian with Non-

Bayesian Estimates for Single Semiologies 

We defined methods to combine semiologies, with options to alter the heatmap 

values. Options include “rescaling” and “proportions” (see below). Although both 

methods result in the same visualisation of cortical heatmaps for single semiologies, 

they combine multiple semiologies differently. To mitigate the publication bias that 

favours more commonly occurring semiologies, when combining semiologies, the 

“rescaling” and “proportions with equal weights” options weigh all semiologies 

equally, irrespective of which studies they originated from or the number of patients 

and datapoints. 

5.3.5.1 Rescaling 

This option rescales all datapoint values for each parcellation, separately for each 

semiology (from 0 to 1, using the MinMaxScaler from sklearn’s preprocessing 

module (Pedregosa, Varoquaux et al. 2011)). Then all datapoints across semiologies 

are summed for each region and divided by the maximum datapoint value, and 

displayed as a percentage. Therefore, after combining semiologies, “rescaling” gives 

a single score from 0 to 100 for each region.  

5.3.5.2 Proportions and Weightings 

Proportions of semiologies localising to each parcellation region are displayed as 

values between 0 and 1, obtained by dividing by the total frequency for each 

semiology across all regions. This results in the sum of all datapoints across all 

regions for a given semiology to be one, as an estimate for the probability. 

Combining semiologies using “proportions” enables the use of inverse variance (or 

equal) weightings as below.  

5.3.5.2.1 Inverse Variance Weighting 

For each semiology, the frequency of occurrence of normalised datapoints mapped 

to each parcellation region was approximated as an independent binomial random 

variable 𝑑𝐺𝐼𝐹~𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑛, 𝑝) with n number of patients with the semiology and 

probability p of localising to the parcellation region. Each parcellation region’s 

conditional probability was 
𝑑𝐺𝐼𝐹

𝑛
= 𝑝(𝐺𝐼𝐹|𝑆𝑒𝑚𝑖𝑜𝑙𝑜𝑔𝑦). The variances for each 

semiology-region pair are 
𝑝(1−𝑝)

𝑛
. 



Page 213 of 388 
 

This approach was used to combine semiologies using inverse variance weighting of 

proportions. If variances are assumed equal then the weights are also equal and the 

mean was used, otherwise I estimated the Binomial p as below. 

5.3.5.2.1.1 Marginal probabilities as estimate of p  

The default inverse variance weighted method uses marginal probabilities (Marginal-

IV). This assumes that the probability for each parcellation region being involved as 

the seizure-source is constant, obtained via the marginal distributions of the 

parcellation regions from the entire topological-dataset (5.3.4.2 Database Level 

Filters and First-Level Bias Correction). Inverse variance weighting favours 

localisations which deviate significantly from the prior average (very low p) and with 

high frequency of occurrence in the semiological query. This method uses 

topological-dataset marginals as estimates of p, highlighting regions whose signals 

may otherwise be drowned by other regions with high frequency of observation e.g., 

the mesial temporal structures. The marginal method to estimate variances are 

shown in the variance-matrix in FigFigure 5.2. The variance matrix is obtained by 

the dot-product �⃗⃗⃗�. �⃗⃗⃗�, where �⃗⃗⃗� is a column-vector of 
1

𝑛𝑠𝑒𝑚𝑖𝑜𝑙𝑜𝑔𝑦(reciprocals of the 

number of patients with a semiology) of length equal to the number of semiologies 

being combined (doubled if using Bayesian inference, see below) and �⃗⃗⃗� is a row-

vector of length equal to number of parcellation regions. 

5.3.5.2.1.2 Sample (query result) estimate of p 

Unlike the Marginal-IV method, this method does not assume any constant prior 

probability for each region and estimates a unique p for each semiology-parcellation 

region combinatoin, but the variance-matrix is still the same dimensions as the 

number of semiologies by number of parcellation regions. The estimates of p 

denoted �̂�, change with each query. When normalised to patient numbers, the 

sample probability of success, �̂�, is the number of patients localising to that 

parcellation region divided by the total number of patients with the semiology. When 

not normalised to patient numbers, the success rate, �̂�, is the ratio of the parcellation 

region’s datapoints to the total datapoints across all parcellation regions for the given 

semiology. Therefore, inverse variance weighting with this method uses individual 

sample results to estimate probability of parcellation regions being epileptogenic 

(Sample-IV).  
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5.3.5.2.1.3 Equal weightings 

Equal weightings allow each of the semiology results 𝑝(𝐺𝐼𝐹 𝑟𝑒𝑔𝑖𝑜𝑛|𝑆𝑒𝑚𝑖𝑜𝑙𝑜𝑔𝑦) to be 

weighted equally by taking the mean for each parcellation region, i.e., assuming 

equal variances. This ensures that combining results are not biased by the frequency 

of occurrences in the literature.  

 

5.3.6 Bayesian Inference: Second-Level Bias Correction  

As the Semio2Brain database labelled datapoints as either the approximate 

likelihoods of semiologies given a localisation (topological studies subset, 

𝑝(𝑆𝑒𝑚𝑖𝑜𝑙𝑜𝑔𝑦|𝐺𝐼𝐹 𝑟𝑒𝑔𝑖𝑜𝑛)), or estimates of the distribution of localisations given a 

semiology (non-topological subset, 𝑝(𝐺𝐼𝐹 𝑟𝑒𝑔𝑖𝑜𝑛|𝑆𝑒𝑚𝑖𝑜𝑙𝑜𝑔𝑦)) (chapter 4), I 

incorporated Bayesian inference into our SVT model to invert the conditional 

probabilities from topological studies.  

First, I estimated the marginal priors of localisations p(GIF region) using topological-

studies (TS), and the semiological priors p(Semiology) using the non-topological 

studies. These were performed using the proportions option to ensure probabilities 

sum to one (5.3.5.2 Proportions and Weightings). Next, I queried all TS for all ictal 

semiologies to directly obtain the likelihoods 𝑝(𝑆𝑒𝑚𝑖𝑜𝑙𝑜𝑔𝑦|𝐺𝐼𝐹 𝑟𝑒𝑔𝑖𝑜𝑛) for all 

parcellation regions. Finally, using Bayes rule, SVT obtains the topological-posterior 

probability (Equation 3). Topological-posterior results are renormalised to represent 

cortical epileptogenic probabilities given a semiology. 

𝑝(𝐺𝐼𝐹 | 𝑆𝑒𝑚𝑖𝑜𝑙𝑜𝑔𝑦)𝑇𝑆−𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 =  
𝑝(𝑆𝑒𝑚𝑖𝑜𝑙𝑜𝑔𝑦 | 𝐺𝐼𝐹)𝑇𝑆−𝑞𝑢𝑒𝑟𝑦  �̂�(𝐺𝐼𝐹)𝑇𝑆

�̂�(𝑆𝑒𝑚𝑖𝑜𝑙𝑜𝑔𝑦)𝑆𝑆
  

Equation 3: Bayes rule to obtain the topological posterior estimate, using the likelihood and estimated priors.  

TS: Topological Studies Semio2Brain data subset. GIF= parcellation region.  

  

The topological-posterior uses cached query results from the all topological-studies 

for both normalised and not normalised GIF parcellation region priors. This is 

intended to mitigate what is otherwise a topological dataset from the literature that is 

heavily biased towards the mesial temporal lobe. These priors are the same 

marginals used for Marginal-IV semiology combinations (5.3.5.2.1.1 Marginal 

probabilities as estimate of p). As these results are symmetric (neutral laterality for 
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semiology and hemispheric dominance), only global lateralisation is performed after 

obtaining posteriors from Equation 3.  

I integrated this topological-posterior estimate (second-level bias correction), with the 

likelihood obtained from the non-topological dataset query (first-level bias mitigation). 

As each dataset represents an independent source of the estimate of the posterior, I 

took the inverse variance weighted mean of the probabilities for each parcellation 

region obtained from the two data subsets (5.3.5.2.1 Inverse Variance Weighting). 

The Marginal-IV or Sample-IV method chosen to combine multiple semiologies is 

also used to obtain the topological-posterior probability and combine the topological-

posterior probability with non-topological likelihood.  

When querying semiology combinations across the topological and non-topological 

subsets using inverse variance weighted means, each semiology is queried 

separately for each dataset. If there are n semiologies to combine, SVT obtains 2n 

localising probabilities that are then combined using the inverse variance method 

(Figure 5.2).  

I broadly validate SVT’s Bayesian approach to the SS and TS through semiological 

localisation expectation theory and a retrospective clinical sample (Sections 5.3.9 

and 5.3.10).  

Later, in chapter 7, I use unsupervised hierarchical clustering on the topological and 

non-topological studies to compare their “semiological connectome” with both clinical 

expectations and structural connectivity to further assess the approaches undertaken 

in this chapter and the previous chapter 4. 
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Figure 5.2: SVT Overview: Integration of Bayesian Querying, Global Lateralisation, and Combining Semiologies 

 

Figure 5.2 Localisation p(region | semiology): SVT methodological overview for querying Semio2Brain database of 4643 patients’ semiological localising 
and lateralising datapoints. Direct and Bayesian queries for lateralising and localising datapoints, combining semiologies and inverse variance weighting of 
parcellations are shown with a sample SVT cortical heatmap output without the colour bar. The variance matrix shows the Marginal-IV method. There are 
also equal-weights and Sample-IV methods (described in the methods section 2.6.2.1).  
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SS: spontaneous semiology data subset from Semio2Brain representing probability of region given semiology. TS: topological studies from Semio2Brain 
subset where patients and hence their semiologies were preselected based on prior knowledge of their seizure focus.  
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5.3.7 Interface with 3D Slicer 

Semiology-Visualisation-Tool (SVT) is a downloadable module for the open-source 

3D-Slicer platform (v4.11.0-2020-05-12, https://www.slicer.org/) (Fedorov, Beichel et 

al. 2012). This integration with 3D-Slicer provides a user-friendly graphical user 

interface with checkboxes for relevant modules and filters, displaying the cortical 

heatmaps on coronal, sagittal, axial and 3-dimensional views in MNI space. The 

default opacity of the lowest 75% probabilities of cortical regions is translucent to 

avoid distractions from the least relevant cortical regions. The default colourmap is 

Viridis. There are options to change the opacity and colourmap settings to support 

colour-blind users.  

The SVT user interface in 3D-Slicer is shown in the repository as below.  

5.3.8 Code and Availability 

All code was written in python (Python , Virtanen, Gommers et al. 2020) and uses 

the following packages: openpyxl to load the Microsoft excel Semio2Brain database 

(Semio2Brain v1.2.3 doi:10.5281/zenodo.4606589), pandas, PyYAML for SemioDict, 

and scikit-learn (Pedregosa, Varoquaux et al. 2011) to rescale semiology 

combinations. Internal testing covers 84% of the code with continuous integration. 

SVT software is available to download from the repository: 

https://github.com/thenineteen/Semiology-Visualisation-Tool  

5.3.9 Theoretical Validation: Comparison with Clinical Priors 

I demonstrate results for simulated patient semiologies to illustrate the features of 

SVT and to highlight this chapter’s approach to the inverse-problem and bias 

correction.  

I compare our data-driven approach to that of clinically expected hemispheric 

lateralisation and brain-region localisation, by incrementally using SVT data-filters 

and options to query: 1) all-data; 2) only non-topological or TS; 3) using Bayesian 

inference on topological-data to obtain the topological-posterior; 4) and the Marginal-

IV averages between the topological-posterior and non-topological data. I show that 

these corrective methods more accurately match clinical expectations, supporting 

SVT’s approach.  

I compare cortical heatmaps for the three most-frequently occurring semiologies in 

the database using filters for publication approaches (non-topological, topological, 

https://www.slicer.org/
https://github.com/thenineteen/Semiology-Visualisation-Tool
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and all data), and ground truths. I also demonstrate SVT outputs for various options, 

including high and low-resolution, with and without normalisation. Lateralised 

semiologies and combinations of semiologies are also displayed for simulated cases.  

For all simulations, I queried SVT for both paediatric and adult cases. Unless 

otherwise stated, the semiologies are bilateral in onset and the dominant hemisphere 

is unknown.  

5.3.10 Retrospective Clinical Validation Benchmarked to Expert Epileptologists’ 

Performances 

I present the results from 14 retrospective patients who underwent epilepsy surgery 

at the National Hospital for Neurology and Neurosurgery and were entirely seizure-

free (ILAE 1 – no seizures and no auras) for all follow-up years (minimum of 12 

months) (Wieser, Blume et al. 2001). They were selected using a random number 

generator such that there was an equal probability of selecting a temporal lobe or 

extratemporal resection. Both set-of-semiology (devoid of sequence information) and 

initial semiology were manually obtained for each patient by a consultant neurologist 

from their presurgical evaluation records and assigned an appropriate semiology 

from the SemioDict list (Appendix A.5 Chapter 4 Supplementary Materials 

 

 

Table A.3).  

SVT’s top-level predicted seizure-focus (e.g., if the granular prediction was inferior 

frontal gyrus, this was taken as frontal lobe) and predicted laterality were qualitatively 

compared to the actual resected lobe and side of surgery. Overlap scores were not 

computed as semiology alone (without the rest of the clinical history, EEG or imaging 

data) would not be clinically expected to be able to predict the epileptogenic zone 

precisely.  

Each correct lobar prediction (one of temporal, frontal, parietal, occipital, insula, 

cingulate, or hypothalamus) was scored as 1 (including if there were two top 

predicted lobes including the correct one), and incorrect as 0. Each correct 

lateralisation was scored as +1, bilateral predictions were scored as 0, and 

incorrectly predicted side was negatively scored as -1.   
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The objective of clinical validation was two-fold; firstly, to compare SVT scores with 

naïve and expert clinician benchmarks; secondly to test how well the two-step bias 

corrections, one at the level of the dataset using the non-topological subset, and the 

other using Bayesian posterior estimates from TS, would perform in real patients. 

The first-level bias correction was tested by comparing all-data vs the non-

topological studies. The second step was tested by comparing non-Bayesian 

topological results with topological-posterior probability results. I therefore performed 

all the SVT predictions for each patient using all publication priors, non-topological, 

topological, Bayesian topological-posteriors, and inverse-variance weighted 

averaging of non-topological and topological-posterior queries. All queries were 

normalised to patient numbers without an age filter.  

I compared SVT’s performance against two benchmarks. First, a naïve classifier that 

predicted temporal lobe in all cases (average accuracy 50%) and would randomly 

choose between left, right, or bilateral sides (expected lateralisation score of 0/14). 

The second benchmark was the scores of four expert epileptologists at the National 

Hospital for Neurology and Neurosurgery London, all experienced in interpreting 

semiology and estimating the epileptogenic zone by integrating clinical and 

investigatory information during presurgical evaluations. Clinicians were given the 

same information as SVT (initial and set-of-semiologies for each patient and their 

language dominance, but also the patient’s age and sex) and were blinded to other 

patient details, outcomes, and resections. Clinicians’ predictions were scored the 

same as SVT for localisation and lateralisation.  

 

  



Page 221 of 388 
 

5.4 Results 
I first review results from single semiology queries and compare SVT predictions by 

ground-truths and publication approaches to expected localisations and lateralisation 

from the literature. We then compare SVT visualisations by resolution and 

normalisation. Next, I demonstrate the effects of Bayesian inference on simulated 

patients with single initial semiologies and averaging topological-posterior with non-

topological queries. Then, I explore combinations of semiologies using Bayesian and 

non-Bayesian methods. Finally, I present the results of the retrospective clinical 

validation on fourteen patients.  

5.4.1 Non-Topological Studies: Single Semiology Queries  

The top three most frequently occurring ictal semiology categories in the database 

were 1) oral and manual automatisms, during which patients exhibit automotor 

fiddling with their hands or oral movements, including chewing and lip smacking 

(𝑛 = ∑𝑑𝑙𝑜𝑐
𝑝𝑎𝑡𝑖𝑒𝑛𝑡

 = 2298 patients); 2) olfactory auras in which seizures are heralded by 

any unusual smell (𝑛 = ∑𝑑𝑙𝑜𝑐
𝑝𝑎𝑡𝑖𝑒𝑛𝑡

 = 979); 3) tonic limb contractions (𝑛 = ∑𝑑𝑙𝑜𝑐
𝑝𝑎𝑡𝑖𝑒𝑛𝑡

= 

972).  

5.4.1.1 Localisations: Theoretical Validation of Publication-Priors 

Figure 5.3 displays the interacting effects between different ground-truths and 

publication-priors for bilateral tonic seizures as an exemplary semiology. Tonic 

seizure’s localisations vary the most by ground-truths when using the topological 

data (Figure 5.3 B, E, H, and K), and both topological and all-publication prior 

approaches are biased towards the mesial temporal lobes or insulae. Conversely, 

non-topological queries accurately localise tonic semiology to the frontal lobes 

(Figure 5.3 A, D, G, and J), consistent with previous studies that suggest tonic 

seizures arise from the frontal lobes in over 60% of cases (Tufenkjian and Lüders 

2012, Bonini, McGonigal et al. 2014). Generally, non-topological visualisations more 

closely match clinical expectations [chapter 4] (see also Section 5.4.2 Theoretical 

Validation of Bayesian Inference Using Topological Subset ). This supports the 

first-level bias correction that filters out topological studies used both in the forest 

plots in chapter 4 and in SVT.



Page 222 of 388 
 

Figure 5.3: Ground Truths and Publication Prior Interactions 

 

Figure 5.3 SVT results for tonic semiology query for all ground-truths and publication prior 
interactions. The non-topological data subset of Semio2Brain (first column) approximates 
probabilities of brain regions given a semiology and accurately identifies the frontal lobe as the likely 
source of tonic-seizures, irrespective of ground-truths, suggesting non-topological data approximate 
the conditional probabilities of localisation given a semiology. Topological Semio2Brain data (second 
column), however, incorrectly implicate the mesial temporal or insulae as the source of tonic-seizures 
when rendered as frequentist probabilities (without Bayesian inference). All-data query (third 
column, non-Bayesian) also incorrectly emphasise the mesial temporal lobes due to the topological 
bias towards the temporal lobes.  

The colour bars here represent numbers of normalised datapoints per parcellation region using 
rescaling. The table of regions and scores from the SVT output have been omitted and only axial 
views are shown.  
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GT: ground-truths. EZ: epileptogenic zone resected in surgery. SOZ: seizure onset zone determined by 
invasive electrodes. Concordance: concordant imaging and neurophysiology localising the seizure 
source.  

 

5.4.1.2 Visualisation: Resolution and Normalisation 

The high-resolution option shown in Figure 5.4C uses hierarchy reversal, displaying 

the maximum granularity of the Semio2Brain mapping. The colour bars represent 

datapoints using the Rescaling option, whether normalised (Figure 5.4 B and D) or 

not (Figure 5.4 A and C). The normalisation process makes the unit of analysis 

individual patients with the selected specific semiology. However, for semiologies 

with numerous datapoints such as tonic seizures, the normalisation process does not 

alter the heatmaps as much as changes to ground truths or publication priors 

(Figure 5.3). In this example, hierarchy-reversal gives a more granular prediction 

restricted to the middle frontal gyri, as it analyses data at a sub-lobar level, whereas 

low-resolution only analyses top-level lobes from the database.  
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Figure 5.4: Low and High-Resolution with and without normalisation 

 

Figure 5.4 Results for bilateral tonic semiology query using SS and all ground truths with rescaling for 
various resolution and normalisation options. A and B show low-resolution axial and 3D projections 
with and without normalisation implicating the frontal lobes in tonic semiology. Normalisation (B) 
changes the colourbar scale, but the visualisation is otherwise similar. C and D show high-resolution 
results with and without normalisation. Normalisation changes the colourbar scale and also 
influences the visualised display. The displayed axial and 3D projections are two of the four views 
shown in the complete SVT-3D-Slicer display which also include sagittal and coronal views.  
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5.4.1.3 Lateralisation: Theoretical Validation 

Figure 5.5 shows the prediction for a left-sided unilateral tonic seizure, which is 

associated with a contralateral frontal cortical source. In this query of non-topological 

studies, the total number of contralateral datapoints were 110 compared to 18 

ipsilateral, with 345 localising datapoints. 

 

Figure 5.5: Left-sided tonic seizures 

B. Global-lateralisation: left-sided tonic seizures 

 
 

Figure 5.5 Left sided tonic seizures using all ground truths and querying SS (non-topological data) 
with normalisation, rescaling, and global lateralisation. The seizure focus lateralises contralateral to 
the semiology. This is a screenshot from the SVT-3D-Slicer results display. From top left: axial, 3D, 
sagittal, and coronal views. The right hemisphere is displayed on the left of the image. 

 

 

  



Page 226 of 388 
 

5.4.2 Theoretical Validation of Bayesian Inference Using Topological Subset  

I demonstrated the first-level of bias-correction in Figure 5.3, showing that non-

topological studies more closely matched clinical expectations of tonic seizures 

localising to the frontal lobe than topological studies. Topological studies results 

were biased towards the mesial temporal and insular regions. Here I demonstrate 

the second-step of bias correction with Bayesian inference, using topological studies 

to obtain a topological posterior-probability of brain region being involved, given a 

semiology.  

Additionally, as non-topological data can still be biased towards particular 

semiologies, I demonstrate the utility of a third-step bias correction using an inverse-

variance weighted average of the topological-posterior with non-topological queries.  

5.4.2.1 Topological-Posterior Estimates vs Non-Bayesian Topological Queries 

Visual symptoms such as hallucinations or illusions during a seizure are clinically 

expected to arise from the occipital lobes but, if not the initial semiology, can occur 

as a result of rapid propagation from other brain regions. The topological-query is 

biased towards the mesial temporal structures, whereas non-topological queries 

match clinical expectations of the symptomatogenic zone being the occipital lobes 

(Tufenkjian and Lüders 2012)[chapter 4]. Bayesian inference rectifies this for 

topological studies of the Semio2Brain database (Figure 5.6). This shows that the 

topological-posterior is a more accurate probabilistic model of epileptogenicity given 

a semiology and confirms the dataset labels whereby topological studies represent 

data from studies that preselected patients based on knowledge of their seizure 

source. As I use a frequentist approach in the non-Bayesian queries, these 

incorrectly implicate the more commonly epileptogenic mesial temporal lobes, 

whereas the topological-posterior corrects this to the occipital lobe (148 total 

datapoints returned from the visual query in both cases).  
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Figure 5.6: Bilateral Visual Aura Bayesian and Non-Bayesian Queries 

 

Figure 5.6 Bilateral visual aura query, comparing non-Bayesian to Bayesian predictions on 
topological studies. The top panel displays the cortical heatmaps for a non-Bayesian frequentist 
query, while the bottom panel displays the topological-posterior using marginal priors. The left 
panels show 3D views and right panel axial views from SVT-3D-Slicer. Colour bars are estimates of 
the probability of cortical localisation given a non-lateralised visual aura. TS: topological studies 
query.  

 

The improvements of Bayesian inference were not limited to the occipital lobe, as the 

topological-posterior probabilities for left-sided auditory auras localises to the 

contralateral lateral-temporal lobe more than the mesial temporal, but still includes 

the insula, more closely reflecting clinical expectations whereby the primary auditory 

cortex lies in Heschl’s gyrus (transverse temporal gyrus) (Chauvel and McGonigal 
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2014). Conversely, a direct non-Bayesian query unduly implicated the insula more 

than the lateral temporal cortex (Figure 5.7). 
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Figure 5.7: Left Auditory Auras Bayesian and Non-Bayesian Queries 

 
Figure 5.7 Non-Bayesian topological query (top panel) unduly implicates the right insula with over 8% 
probability as the most likely structure responsible for left auditory auras. Bayesian query for left 
auditory auras (bottom) more accurately implicates the transverse temporal gyrus as one of the 
structures with the highest (posterior) probability of being responsible for the semiology, as expected 
clinically. The left panel shows 3D views while the right panel displays coronal projections from SVT-
3D-Slicer. Colour bars are estimates of the probability of cortical localisation given a left-sided 
auditory aura. TS: topological studies query. 

 

The implementation of Bayesian inference correcting for publication bias does not 

adversely affect semiologies that are expected to localise to the mesial temporal 

structures, such as oral and manual automatisms (Figure A.24). 

 

5.4.2.2 Non-Topological and Topological-Posterior Averaging 

Figure 5.8 shows an example of averaging non-topological and topological-posterior 

queries for olfactory auras, compared to either subset alone. Non-topological queries 
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omit the insula, while topological-queries overlook the mesial temporal structures of 

entorhinal cortex, peri-amygdaloid, uncus and piriform regions, all known to be 

involved in olfaction (Tufenkjian and Lüders 2012). The corrected Bayesian 

topological-posterior query mitigates this, but still unduly emphases the insula 

(Figure 5.8 second row). An inverse-variance weighted average combines these 

data subsets, mitigating the imbalance between mesial temporal and insular 

datapoints in both subsets. Marginal-IV averaging shows the most likely distributions 

of the epileptogenic source as a probabilistic cortical heatmap most congruent with 

clinical expectations. In this case, using equal-weights option also gives a similar 

result, while Sample-IV averaging flattens the insular probabilities to near zero 

(Figure A.25: Averaging Methods using Olfactory Queries).  
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Figure 5.8: Two-step correction for a simulated patient with olfactory aura 

 

 

 

Figure 5.8 Olfactory aura query in SVT produces the above probabilistic cortical heatmaps using non-
topological (top left) or topological studies (top right). Bayesian inference on topological studies 
(middle right) and combining the subsets using inverse-variance weighted averaging are also shown 
(bottom panel sagittal and axial views). Olfactory queries of non-topological studies return mainly 
mesial temporal structures, including entorhinal, piriform and amygdaloid regions, but do not include 
the insulae. Topological-queries, on the other hand, unduly emphasise the insulae. This topological 
data imbalance is mitigated using Bayes rule. Using inverse-variance weighting, the average of the 
two datasets shows mesial temporal and insular origins of the epileptic olfactory aura. Marginal-IV: 
marginal method for inverse-variance weighted averaging.  
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5.4.3 Combining Semiologies 

For results to be more clinically applicable, we demonstrate methods to combine 

semiologies. For example, a patient may have different seizure types, some 

beginning with tonic contraction of the right arm, and others beginning with an 

olfactory aura. In the absence of sequence information or large external datasets to 

calibrate combining semiologies using learned coefficients, the most consistent 

method to combine initial and set-of-semiologies is to combine the probabilistic 

cortical heatmaps for each semiology and each dataset using inverse variance 

weighting as in individual participant meta-analyses. For comparison we also include 

results from the rescaling method which is a special case of equal-weights (5.3.5.1 

Rescaling). 

5.4.3.1 Non-Bayesian Semiology Combinations 

Figure 5.9 shows right tonic semiology combined with olfactory seizures as co-initial 

clinical presentation in a simulated patient. Figure 5.9A shows the non-topological 

SVT query predicts the contralateral supplementary motor area (SMA) and other 

frontal and mesial temporal structures as being the brain regions involved in the 

generation of these combined semiologies. As the SMA is usually associated with 

asymmetric tonic semiology (Baumgartner, Flint et al. 1996), it would be unusual for 

seizures originating in the SMA to initially manifest as olfactory auras. A (non-

Bayesian) topological studies query implicates the insulae and mesial temporal 

structures but entirely overlooks the frontal lobes (Figure 5.9B).  

Combining the above queries as a non-Bayesian all-data query using both 

topological and non-topological studies implicate a combination of the above 

structures (Figure 5.9C), overemphasising the contralateral mesial temporal lobe 

due to publication bias (chapter 4).  

The Marginal-IV averaging method combining the two non-topological studies 

queries of right-tonic and olfactory semiologies predicts contralateral frontal lobe as 

the source but again overlooks the insula (Figure 5.9D), as did Rescaling of non-

topological studies in Figure 5.9A. Therefore, none of these non-Bayesian results in 

Figure 5.9 yield heatmaps that include both the frontal lobe and insula as the top 

probabilities, except for Figure 5.9C which is significantly biased towards the mesial 

temporal lobes. Bayesian results do yield such a result (Figure 5.10).  
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Figure 5.9: Non-Bayesian Semiology Combinations 

 

Figure 5.9 Combining right tonic seizures and olfactory auras as initial semiologies using non-
Bayesian Rescaling (A-C) and non-Bayesian proportions (D) displayed using axial and coronal views. 
The right cerebral hemisphere is displayed on the left of the images. (A) Non-topological studies 
query shows the regions implicated as most likely for these combined semiologies to originate from 
include the contralateral frontal lobe (mainly supplementary motor area). (B) Non-Bayesian 
topological studies query mainly implicated the contralateral insula and mesial temporal lobe. (C) All-
data (non-Bayesian topological and non-toplogical) queries implicated the contralateral mesial 



Page 234 of 388 
 

temporal lobe due to publication bias. (D) Proportions with Marginal-IV weighted averaging of 
results from non-topological queries for both semiologies, mainly implicated the contralateral frontal 
lobe again as in the case of Rescaling (A) but with lower right hemisphere predictions.  

 

5.4.3.2 Bayesian Semiology Combinations 

Without Bayesian inference, the combination of right tonic seizure and olfactory 

auras as initial semiologies in different seizure types mainly implicated the 

contralateral frontal, mesial temporal, and/or insular structures (Figure 5.9). When 

repeated using Bayesian methods and Marginal-IV averaging, the topological query 

returned mesial temporal regions more than insula (Figure 5.10A) whereas the non-

Bayesian topological query had given prominence to the anterior insula (Figure 

5.9B). A Marginal-IV weighted average of the non-topological probabilities and 

topological posterior-probabilities for both semiologies, which is the weighted 

summary of the constituent region score vectors of Figure 5.9D (non-topological) 

and Figure 5.10A (topological-posterior), resulted in the visualisation displayed in 

Figure 5.10B implicating the frontal and mesial temporal structures without 

overlooking the insulae (left SMA 3.0%, left hippocampus 2.8%, left anterior and 

posterior insulae 1.5% and 1.4%). This was in contrast to non-topological studies 

that had overlooked the insulae (Figure 5.9); and non-Bayesian topological and all-

data queries, which conversely overemphasised the mesial temporal and insulae 

(Figure 5.9 B and C).  
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Figure 5.10: Bayesian combinations 

 

Figure 5.10 Probabilistic cortical heatmaps of right tonic seizure and olfactory aura as concurrent 
semiologies, (A) using Marginal-IV weighted averaging of data from Bayesian queries of topological 
studies. (B) Marginal-IV weighted averaging of non-topological and Bayesian topological-posterior 
probabilities for combined right tonic and olfactory semiologies. Intermediate probabilistic heatmaps 
show where frontal and mesial temporal structures are similarly implicated, and the insulae are not 
overlooked. The right hemisphere is displayed on the left. 
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5.4.4 Retrospective Clinical Validation 

Table 5.1 shows the demographic details, initial and set-of-semiologies, resected 

brain regions, and durations of seizure-freedom for the 14 randomly selected 

patients. Eight had temporal lobe resections, four frontal, one insular and one both 

frontal and insular resections (patient #13). The median duration of follow up was 8 

years (range 1-12 years). Investigation results and scores for each patient can be 

found in Supplementary Table A.5–Table A.12.   

All four expert clinicians scored higher than a naïve classifier (Table 5.2). SVT’s best 

performances matched that of the best expert clinician for localisation (11/14) and 

exceeded it for lateralisation (+9/14 for SVT vs +7/14 for the best clinician). Set-of-

semiology was better for lateralisation than initial semiology. The results based on 

the two-step correction are summarised in Figure 5.11. The first-level bias correction 

using non-topological studies resulted in the largest improvement in localisation, 

matching the best expert clinician’s score. The Bayesian method to obtain the 

topological posterior-probability (second-step bias correction) was a slight 

improvement over the non-Bayesian method for topological studies using initial 

semiology. Marginal-IV weighted averaging of binomially modelled brain 

parcellations from non-topological and topological-posterior queries of the set-of-

semiology matched the scores of the non-topological subset (Figure 5.11).  

Examples of two SVT predictions that closely match the actual resections are shown 

in Figure 5.12 (patient #12, extratemporal resection) and Figure 5.13 (patient #2, 

temporal lobe). Patient #2’s SVT predictions are shown for initial semiology and set-

of-semiology, using both non-topological and Marginal-IV averaging of both data 

subsets. Set-of-semiology resulted in more variations in localisation, while the 

Bayesian Marginal-IV averaging of the datasets more definitively lateralised and 

localised to the right anterior and mesial temporal lobes.  
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Table 5.1: Patient Summaries 
Patient 

 
Age 

Handedne
ss 

Sex 
 

Language 
Dominance 

Initial Preoperative 
Semiology (SemioDict 

category) 

Preoperative Set-of-Semiology 
(SemioDict category) 

Resection: 
Laterality, 
structure/ 

lobe, 
year 

Postopera
tive 

Seizure 
Freedom 
ILAE 1:  

follow-up 
duration 

1 
 

48 RH M 
 

L Rising sensation aura 
(Epigastric) 
Euphoria (“euphoria”) 

Loss of awareness (LOA) 
Dyspraxia (“dysprax”) 

R 
Temporal 

2005 

11 years 

2 
 

56 RH F 
 

L Sing-song feeling in head with 
no identifiable tune (Auditory) 
R hand automatisms (Oral and 
Manual Automatisms) 

Groan (Vocalisation – Unintelligible 
Noises) 
Flexion at elbows and clenching of 
fists (Tonic) 
Side-to-side rocking movements 
upper body and head (Hypermotor) 
Utters grammatically correct 
sentences but out of context 
(Dysphasia – Ictal Speech) 
Dribbles, altered breathing, blue lips 
(Autonomic) 
 

R 
Temporal 

2009 

6 years 

3 
 

33 RH F 
 

L Rising warning in stomach 
(Epigastric) 
Out of body experience = 
autoscopic (Psychic) 

Unresponsive and unaware (LOA) 
Lip smacking (Oral and Manual 
Automatisms) 
Brings up her right hand as if wiping 
her face (R Automatisms – Other)  
Left arm bent in tonic posture (Tonic) 

L 
Temporal 

2016 

1 year 

4 
 

36 M 
 

Unknown? Butterflies (Epigastric) 
Panicky (Fear-Anxiety) 
Can’t think unaware (Dialeptic-
LOA) 
Lip smacking (Oral and Manual 
Automatisms) 
 

L arm myoclonic jerks (Myoclonic) 
 

L 
Temporal 

2003 

12 years 

5 
 

45 RH F 
 

L 
Amytal 
injection  

Blank for minutes (Dialeptic-
LOA) 
Fiddles, chews (Oral and 
Manual Automatisms) 
 

Sometimes wanders (Complex 
Behavioural) 
 

R 
Temporal 

2003 

12 years 

6 
 

30 LH M 
 

L  
on language 
fMRI 

Abdominal auras butterflies 
(Epigastric) 
Mild altered awareness 
(Dialeptic-LOA) 
Nervous feeling (Fear-Anxiety) 
 
 

Bilateral limb automatisms, R>L, 
rubbing hands over shins (Oral and 
Manual Automatisms) 
Dribbling (Autonomic) 
Looks scared or as if about to cry with 
L facial grimacing (Mimetic 
Automatisms) 
Stands up and wanders around 
(Complex Behavioural) 

R 
Temporal 

2011 

9 years 

7 
 

24 RH F 
 

L 
on language 
fMRI 

Subjective palpitations 
autonomic aura (Autonomic) 
Second type: suddenly very 
fidgety, pulling bed sheets 
(Oral and Manual 
Automatisms) 
Face grimace (Mimetic 
Automatisms) 
 
 
 
 

Followed by fear feeling (Fear-
Anxiety) 
Speech arrest with staring (Dialeptic-
LOA) 
Plucking clothes or objects with both 
hands, automotor (Oral and Manual 
Automatisms) 
Type 2: loud choking sounds 
(Vocalisation) 
Punching sideways (Hypermotor) 
Slow head deviation to right (Head or 
Body Turn) 
Left head version (Head Version) 
L arm clonic prior to generalisation 
(Clonic) 

R 
Temporal 

2012 

5 years 
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8 
 

28 RH M 
 

L R head versive seizures (Head 
Version) from sleep 
(“awakening”, “arousal” part of 
Complex Behavioural) 
 

R Eye Version (Eye Movements) 
Speech arrest (Aphasia) 
L arm raised and L leg tonic seizures 
(Tonic) 
Turns to the right (Head or Body Turn) 

L 
Frontal 
2011 

 

4 years 

9 
 

17 RH F 
 

L Strange metallic taste 
(Gustatory) and de ja vu 
(Psychic)  

Loss of awareness and fixed stare 
(Dialeptic-LOA) 
Head slumped forward and will fall if 
standing (Atonic) 
Arm posturing (Dystonic) 
Salivation, breath holding and 
cyanosis (Autonomic) 
Facial grimacing (Mimetic 
Automatisms) 

L 
Insula 
2008 

9 years 

10 
 

25 M 
 

Unknown? Epigastric aura (Epigastric) 
Non-specific warning (Non-
Specific Aura) 

Stares blankly ahead (Dialeptic-LOA) 
Speech arrest (Aphasia) 
R arm raised above head (Tonic) 
Head turn to L (Head or Body Turn) 
Automatisms L arm (Oral and Manual 
Automatisms) 

L 
Temporal 

2003 

11 years 

11 
 

38 RH M 
 

L Awakes from sleep and pokes 
at partner with R arm, gets up 
and walk around (Complex 
Behavioural). 
Blinking (“blink”) 

Hugs with both arms (“hug” = not 
found in database), 
says inappropriate things (Dysphasia 
– Ictal Speech) 
Swallow, Bilateral fidgeting of arms 
under bed sheets (Oral & Manual 
Automatisms)  
and stares into space (Dialeptic-LOA) 
Head turn to left (Head or Body Turn) 
Hiccup 
Lifting R arm (Tonic) or both knees 
(Hypermotor) 
Face grimacing (Mimetic 
Automatisms) 

R 
Frontal 
2010 

7 years 

12 
 

32 RH F 
 

L  
functional 
MRI 

Odd head sensation (Non-
Specific Aura) 

Blank glazed expression (Dialeptic-
LOA)  
then right arm elevates (Tonic) 
and head turns to right (Head or Body 
Turn).  
Falls to ground (Astatic).  
Sometimes jerking of right limbs 
(Clonic). 

L 
Frontal 
2011 

5 years 

13 
 

38 RH F 
 

L 
functional 
MRI 

Déjà vu (Psychic) 
and metallic taste (Gustatory) 
Vacant spells with motor arrest 
(Dialeptic-LOA) 

R arm motor seizure and R mouth 
tonic (Tonic) 
Aphasia (Aphasia) 
Figure of 4 with R arm extended 
(Asymmetric Tonic) 
 

L 
Frontal 

(IFG) and 
Insula –  

2011 

5 years 

14 
 

22 RH M 
 

L Vacant, loses awareness 
(Dialeptic-LOA) 

Confused speech (Dysphasia) R 
Frontal 
2004 

12 years 

Table 5.1 Patient details used in retrospective clinical validation (first four columns). The last two 
columns (in white) are information that SVT and expert clinicians were blinded to. ILAE: International 
League Against Epilepsy Outcome Scale, outcomes were consistent across the entire duration of 
postsurgical follow-up. SemioDict: semiology dictionary taxonomy replacement with 35 categories of 
ictal semiology. These category labels are provided where available, otherwise a regular expression 
query was made using a term used in the notes and/or database, specified in quotations. Initial and 
set-of-semiology were collected if present during the presurgical evaluation period, but not if 
reported to be historical and no longer occurring. In the absence of evidence to the contrary, 
language dominance was assumed to be contralateral to handedness otherwise unknown. LOA: loss 
of awareness. R: right. L: left. Investigation summaries can be found in 
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Table A.5.  
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Table 5.2: SVT scores compared to expert clinicians for localisation and 

lateralisation 
 Localisation Score (/14) Lateralisation Score (/14) 

Naïve Benchmark 8 0 

Epileptologist #1 11 +2 

Epileptologist #2 11 +7 

Epileptologist #3 10 +4 

Epileptologist #4 10 +6 

Best performing SVT  
using initial semiology 

11non-topological +3 Avg 

Best performing SVT  
using set of semiology 

11 non-topological and Avg +9all
 

Table 5.2 Summary of SVT performance vs clinician scores for localisation and lateralisation. 

 Non-topological: Database first-level filter excluding topological studies and using epileptogenic zone 
(seizure freedom) ground-truth. Avg: Marginal-IV average of non-topological studies and Bayesian 
topological-posterior. all: Non-Bayesian all publication priors and ground truths. 

 

Figure 5.11: SVT localisation and lateralisation scores 

 

Figure 5.11 Summary of retrospective clinical testing using multi-level bias corrective methods. The 
first level has the most effect on improving results, such that localisation and lateralisation scores 
match the best expert clinicians’ scores.   
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Figure 5.12:: Extratemporal SVT prediction vs epileptogenic zone 

 

 

 

  

Figure 5.12 Patient #12 prediction vs actual epileptogenic zone. Top panel shows the 
patients actual resection, coronal T2 FLAIR MRI sequence (left) and T2 axial (right). 
The patient was seizure-free at 5 years postoperatively, indicating correct resection of 
epileptogenic zone. Bottom panel shows SVT prediction using set-of-semiology with 
inverse-variance weighted average of non-topological and Bayesian topological-
posterior queries, correctly predicting both localisation and lateralisation.  
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Figure 5.13: Temporal SVT prediction vs epileptogenic zone 

  

Patient #2 actual resection compared to 
SVT’s probabilistic cortical prediction.  

Top panel: right anterior temporal lobe 
resection including the mesial temporal 
structures, as shown on sagittal (left) and 
coronal T1-weighted MRI (right). The 
patient was seizure-free for all 6 
postoperatively years of follow-up. 

Second row: SVT’s prediction using initial 
semiology to query non-topological 
studies. 

 Third row: prediction using initial 
semiology and averaging non-topological 
and Bayesian topological-posterior 
queries, nearly doubling the probabilities 
of the right mesial temporal lobe as the 
seizure-source.  

Fourth row: probabilistic cortical heatmap 
using set-of-semiology on the non-
topological subset.  

Fifth row: heatmaps using set-of-
semiology and inverse-variance weighted 
averaging of both datasets with Bayesian 
inference.   
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5.5 Discussion 
Semiology Visualisation Tool (SVT) is an open-source software that probabilistically 

maps descriptive seizure semiologies to brain regions. It is based on the likelihood of 

epileptogenicity using the open-access Semio2Brain database of 4643 patients and 

over 13000 datapoints [chapter 4]. This is the first time that descriptive seizure 

semiologies have been transformed into the same space as brain imaging, allowing 

future multimodal models to be trained to predict seizure foci more accurately, 

assisting the clinical endeavour of lateralising and localising seizure foci for 

presurgical evaluations by integrating clinical, imaging and neurophysiological data 

(De Tisi, Bell et al. 2011, Bell, de Tisi et al. 2017).  

Publication priors: topological and non-topological 

Obstacles to such probabilistic representations of seizure semiology have included: 

1) the lack of adequately labelled and ground-truth datasets; 2) publication bias 

favouring temporal lobe epilepsies. The SVT algorithms used the largest semiology 

database [chapter 4] and mitigated the publication bias inherent in the database by 

using publication prior labels for each data pertaining to an individual study: 

topological or non-topological. Topological studies were those that preselected 

patients based on prior knowledge of the source of seizures then described 

associated semiologies, contributing data to the conditional probabilities of 

semiology, given a specific brain region. Topological data are biased towards the 

mesial temporal lobes and insulae, and as they constitute the majority of the 

datapoints in the Semio2Brain database, all-data (topological and non-topological 

combined) are also biased towards the temporal lobe (chapter 4). 

In the previous chapter I showed that the non-topological studies, purported to be the 

probabilities of localisation to brain regions given a semiology, produced more 

accurate probabilistic forest plots with the ability to mitigate publication bias [chapter 

4]. However, forest plots are not easily converted into MNI space to be easily 

compared with imaging data. Furthermore, whereas Semio2Brain work summarised 

the findings for only seven top-level brain lobes (except for temporal lobe 

subregions), in this chapter I demonstrated that the publication prior filter also 

mitigated bias at more granular segmentations. SVT uses higher-resolution 3-

dimensional cortical visualisations, with 54 parcellations for each hemisphere. Non-

topological studies result in the most clinically concordant cortical heatmaps, such 
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that the regions with the highest probabilities match clinical expectations. This not 

only replicates clinical intuition on the value of semiological localisation and 

lateralisation, but also captures the distribution of localisations in a data-driven 

manner. The visualisations affirm that SVT mitigates publication bias at this higher 

resolution. Such publication approach labels are not routinely collected during clinical 

data curation, making the combination of this dataset and SVT unique in that they 

account for patient-selection priors in publications. 

Additionally, using simulated patient semiologies, I showed that while all-data 

(topological and non-topological studies combined) were biased towards mesial 

temporal structures, the non-topological subset produced robust heatmaps 

irrespective of ground-truths (imaging and electrophysiological concordance, 

invasive EEG, or postoperative seizure-freedom after resection of the epileptogenic 

zone).  

Although this non-topological data subset comprises the first-level filter to mitigate 

bias, it produces the most theoretically valid heatmaps, and is the most robust, it 

discards the majority of the datapoints in Semio2Brain database. Therefore, SVT 

implemented Bayesian inference on topological studies, demonstrating that the 

topological posterior-probability more closely matched clinical expectations than non-

Bayesian topological queries. 

Bayesian inference and binomial modelling for inverse-variance weightings 

I showed that the theoretical conditional probability models used for topological and 

non-topological data subsets were appropriate, such that non-topological data 

approximated probabilities of localisations given semiology, and vice versa for the 

topological subset.  Non-topological queries more accurately depicted clinical 

expectations, whereas topological queries were heavily biased towards the mesial 

temporal lobe. Nevertheless, because the publication prior filter discarded 

topological data that constitute the largest subset of the Semio2Brain database, 

filtering out topological studies altogether introduces a bias against brain regions 

where a high prior clinical suspicion is required to identify them as the seizure-

source. Such difficult to localise regions include for example the insula, because 

insular seizures can mimic frontal, temporal or other brain semiologies (Ryvlin, 
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Minotti et al. 2006, Nguyen, Nguyen et al. 2009, Obaid, Zerouali et al. 2017, Singh, 

Principe et al. 2020).  

This study introduced a semiological Bayesian method that estimated marginal priors 

and obtained the topological-posterior probabilities, so that topological data were not 

entirely discarded. I showed that by inverting the topological conditional probabilities 

to posterior probabilities, the topological bias was rectified. Bayesian (but not non-

Bayesian) inference using the topological dataset correctly localised visual 

symptoms to the occipital lobe and auditory auras to Heschl’s gyrus with a 

secondary role for the insulae in auditory auras (Figure 5.6 and Figure 5.7) 

(Tufenkjian and Lüders 2012, Singh, Principe et al. 2020).  

It may be tempting to dismiss Bayesian results on the topological dataset as 

redundant, for example a non-topological (frequentist) query for visual auras also 

returns a probabilistic heatmap mainly implicating the occipital lobe. However, the 

topological dataset is much larger than the non-topological subset (Sankey diagrams 

in chapter 4 and appendix), and using non-topological studies alone would likely be 

inadequate, because certain brain regions may go undetected if clinicians do not 

highly suspect these as the source of seizures, such as the insula, as symptoms and 

signs can resemble temporal and frontal lobe seizures (Ryvlin, Minotti et al. 2006, 

Nguyen, Nguyen et al. 2009). The majority of insular datapoints arise from 

topological studies [chapter 4] as seen in the Sankey diagrams (Figure 4.3, Figure 

A.17, Figure A.18, Figure A.19). Therefore, without averaging both datasets that 

make up the Semio2Brain database, such localising information would be lost. 

Without a large external dataset to train machine learning models on to calibrate how 

best to combine Bayesian topological-posteriors and non-topological queries, I took 

inspiration from the meta-analytical literature and used inverse-variance weighting. 

Therefore, a central theoretical implementation in SVT was the inverse-variance 

weighted averaging of non-topological and topological-posterior queries, in which 

each semiology from each data subset was treated as independent evidence and 

each brain region was modelled as a binomial random variable. This inverse-

variance weighted averaging ensured that brain regions for which a high prior clinical 

suspicion was required, such as the insulae (Singh, Principe et al. 2020), were not 

overlooked, as they would be in queries restricted to non-topological studies.  
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Lateralisation and normalisation 

Micro-lateralisation independently lateralises patients from different studies without 

one patient’s lateralisation affecting another’s. The micro-lateralisation approach 

remains as true as possible to the data collected in the Semio2Brain database by 

integrating each patient’s localising and lateralising values. This was a more 

balanced approach to ascertaining absolute laterality of the seizure focus but can be 

too conservative. Global lateralisation is more confident in assigning absolute 

laterality and more akin to clinical evaluations in which localisation and lateralisation 

are evaluated independently.  

The normalisation process ensures datapoints represent numbers of patients, and 

does not produce significant artefacts for the frequently occurring semiologies. 

Clinical Validation 

The bias-mitigating steps included: i) filtering out topological studies, ii) Bayesian 

inference on topological studies; and iii) inverse-variance weighted averaging of 

non-topological and topological studies. I validated these steps by showing: a) they 

improved predictions for simulated patients with single semiologies as judged 

against theoretical clinical expectations, and b) by demonstrating performance was 

on par for localisation and potentially better than the best expert clinicians in a 

retrospective sample of 14 patients (localisation scores 11/14, lateralisation 9/14 for 

SVT vs 7/14 for the best clinician). The non-topological data performed optimally 

using both initial semiology and set-of-semiology, while the binomial modelled brain 

parcellations’ inverse-variance weighted average performed equally well when using 

set-of-semiology. 

In summary, to determine the localisation of the seizure focus in future clinical 

validations and patient queries, non-topological data could be used for single 

semiologies, and the inverse-variance weighted average of both data subsets 

(Marginal-IV method) for combinations of semiology; all of these options are 

available as simple checkboxes in SVT (see online repository).  

Future 

There exist methods to estimate the epileptogenicity of brain networks, based on 

sEEG data, using the epileptogenicity index, or the modified connectivity 
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epileptogenicity index (Bartolomei, Chauvel et al. 2008, Balatskaya, Roehri et al. 

2020), as well as methods that combine imaging and sEEG using the Virtual 

Epileptic Patient (VEP) (Makhalova, Medina Villalon et al. 2022). The existing 

Bayesian Virtual Epileptic Patient (BVEP) integrates seizure propagations and prior 

epileptogenicity, requiring imaging and clinical priors to inform the chosen seizure-

onset node (Hashemi, Vattikonda et al. 2020). SVT can complement these models 

as it attempts to ibjectively quantify the role of semiology in assigning 

epileptogenicity values to various brain structures. For example, in the BVEP, SVT 

can help set the initial node(s) of seizure-onset. SVT brings the clinical history of ictal 

manifestations as objectively as possible from 4643 patients into the imaging 

domain, and displays probabilistic cortical heatmaps. SVT combined with imaging 

could be used to help infer the epileptogenic zone and integrated into probabilistic 

programming models of seizure propagation using patient-specific structural 

connectivity (as is done in BVEP). As dynamic measures of connectivity, such as 

series of effective connectivity measures, may best model seizure propagation 

(Scheid et al., 2021), in future work external datasets could be used to train machine 

learning classifiers using multiple semiologies with chronological sequence 

information to better predict seizure-foci.   

Models of seizure propagation could be paired with a generative model of semiology 

obtained from inverting SVT’s conditional probabilities, evaluating the degree to 

which integrated models of propagation and generative semiology may match actual 

patient semiological sequences. 

 

5.5.1 Limitations of SVT 

Limitations can be categorised as database-related, segmentations and software 

related, or model-related.  

5.5.1.1 Database-related 

The Semio2Brain database uses descriptions of seizure semiology from the 

literature that even if verified on video-EEG are still subjective. Semiologies captured 

in the SemioDict taxonomy replacement rarely include information on the affected 

body part or limb, nor do they include data on co-occurring semiologies or their 

sequence, which provides SVT with less information than expert clinicians obtain 

from reviewing video-telemetry. Semio2Brain links descriptive semiologies to 
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descriptive localisations, which although labelled with three ground-truths, are 

sometimes broad in cortical coverage and at other times finer. To produce 

probabilistic maps our models assumed the database was large enough to be 

representative of the population of individuals with focal epilepsy. 

Normalisation was limited by the database’s data entry process; if there was more 

than one patient with the same semiology in a single row, then all top-level 

localisations and subregions were multiplied by the same ratio, as we lacked 

information on which particular regions were associated with each patient. 

Nevertheless, normalisation ensured that datapoints represented numbers of 

patients and with nearly 3000 rows of data on 4643 patients, we expect any 

artefacts, from this batch-normalisation performed by row for each semiology, to be 

minimal. These limitations have been previously described [chapter 4]. 

5.5.1.2 Segmentation and software related 

A limitation of SVT is the complex mapping of localisation terms from Semio2Brain 

database to brain parcellations. Although I incorporated low and high-resolution 

options to visualise cortical regions associated with semiologies, the DKT 

parcellations were not always able to faithfully capture these, especially when 

splitting subregions to anterior and posterior segments (Cardoso, Modat et al. 2015). 

For example, the superior, middle, and inferior frontal and temporal gyri occupy large 

anterior-posterior cortical regions. On the other hand, other parcellations such as the 

anterior and posterior insula or triangular, orbital, and opercular parts of the inferior 

frontal gyrus are more granular. Of note, the hypothalamus was unavailable as a 

parcellation and instead represented by the thalamus as a placeholder. As the 

piriform and uncus did not have their own specific parcellations in the atlas, we used 

composite GIF parcellation regions to approximate them.  

The hierarchical cortical regions (section 4.3.2.6) resulted in successively broader 

localisation categories, which may have not otherwise have been found in the 

patient’s described localisation. This may create artefacts during mapping of 

localisation terms to brain segments. SVT performs hierarchy reversal for the high-

resolution option, which is only an estimate as the hierarchical data is not fully 

invertible.  
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The probabilistic cortical heatmaps integrated lateralising and localising datapoints, 

but we did not explicitly display confidence intervals. 

5.5.1.3 Model-related 

Whereas BVEP defines three categories for each brain region, the epileptogenic 

zone, propagation zone, and healthy zone using a normal distribution as 

epileptogenicity prior (Hashemi et al., 2020); I used a novel binomial prior to model 

whether each region is involved in the initiation of seizures. 

For the averaging of the two data subsets, as well as the combinations of 

semiologies, I used an inverse-variance weighting of the binomial model. Because 

the set-of-semiology is more informative about the seizure focus compared to single 

semiologies, especially when combined with imaging features in support vector 

classifiers (Alim-Marvasti et al., 2021), I considered it imperative to deduce a novel 

model for averaging brain nodes between co-occurring semiologies devoid of 

sequence information in an attempt to utilise the full value of the set-of-semiology, 

and to maximise the future value of combining SVT with imaging. Despite the 

binomial model of combining semiologies having little previous theoretical grounding, 

utilising it in the retrospective validation matched the best scores from experts.  
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5.6 Conclusion 
Semiology-to-Brain Visualisation Tool (SVT), built on the open-access Semio2Brain 

database, probabilistically maps seizure semiology to cortical epileptogenicity, 

visualised within the 3D-Slicer platform.  

This model infers probabilistic cortical maps of epileptogenicity (seizure foci) based 

on patient clinical history (ictal seizure manifestations), using a three-step correction 

for publication bias affecting the database, one at the level of the dataset (publication 

prior approach), the second using Bayesian inference on a subset of the database, 

and the third by combining data subsets using inverse-variance weighted averaging 

of binomially modelled brain regions. These methods correct for bias by comparing 

predictions with clinical expectations of the likely seizure foci for simulated 

semiologies. SVT performed well in a randomly selected sample of 14 patients, 

matching the best expert clinician’s localisation scores and exceeding them for 

lateralisation.  

SVT’s approach is the most comprehensive and integrated method yet to capture the 

variances of semiological localisation and lateralisation and demonstrates the utility 

of a non-invasive functional imaging method using ictal behaviour alone.  

In future, SVT can be combined using machine learning algorithms with MRI and 

EEG for multimodal predictions of the epileptogenic zone, towards integrated clinical 

decision support for epilepsy surgery. Larger clinical validations of the potential utility 

of the software in stereotactic-EEG electrode placement, multimodal predictions, and 

presurgical planning are required. 
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6 Retrospective SVT Validation in Frontal Lobe Epilepsy  
 

In this chapter, the Semio2Brain database introduced in chapter 4 which was used 

to build Semiology Visualisation Tool in chapter 5, are used to assess the value of 

semiology in predicting epileptogenic zone and surgical outcomes following frontal 

lobe epilepsy surgery using a cohort of patients from the National Hospital for 

Neurology and Neurosurgery.  

 

6.1 Summary 
Objective 

To evaluate use of semiology to correctly lateralise and localise the seizure onset 

zone in people with frontal lobe epilepsy who underwent resective surgery. 

Methods 

We reviewed data on individuals who had frontal lobe epilepsy surgery at our centre 

over a decade. Descriptions of ictal semiology were obtained from video-EEG 

telemetry reports and presurgical multidisciplinary meeting summaries. Surgical 

records and post-operative MRI imaging were reviewed to identify the site and extent 

of resective surgery. We assessed how well initial and combined set-of-semiologies 

correlated anatomically with surgical resections, using a semiology visualisation tool 

to generate probabilistic cortical heatmaps of involvement in seizures. Subgroup 

analysis was performed to determine if correlation between semiology and site of 

resection was different between those who were seizure free and those who were 

not. 

Results 

Sixty-one individuals had frontal lobe epilepsy surgery during the study period, 

comprising 52 (85%) cortical resections and 9 (15%) lesionectomies. The most 

common initial semiology was a dialeptic state, seen in 12 (20%) individuals, 

followed by non-specific auras in 9 (15%), psychic auras in 6 (10%) and 

somatosensory auras in 6 (10%). Twelve months following surgery, 36/61 (59%) 

were seizure free. In these people, combined set-of-semiology was able to correctly 

lateralise in 78% (95% CI: 64%-92%), localise to the frontal lobe in 50% (95% CI: 
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34%-66%), subregions of the frontal lobe in 47% (95% CI:  31%-63%), and frontal 

gyri in 17% (95% CI: 5%-29%). No difference in degree of correlation was seen 

comparing those with ongoing seizures 12 months after surgery to those seizure 

free.  

Conclusion 

Semiology alone was able to correctly lateralise the seizure focus in 78% and 

localise to a sublobar level in approximately half of individuals who had frontal lobe 

epilepsy surgery. Semiology must be combined with other aspects of the multimodal 

presurgical evaluation to accurately predict the seizure onset zone in FLE.  

 

6.2 Introduction 

Seizure semiology is used to help identify areas of the brain involved in the onset 

and propagation of epileptic seizures in the presurgical evaluation of drug resistant 

epilepsy (chapters 1 and 2) (Foldvary-Schaefer and Unnwongse 2011). This aids in 

determining the seizure onset zone, which is a critical step in evaluating the 

feasibility of epilepsy surgery (Tufenkjian and Lüders 2012). Most studies, however, 

tend to focus on seizures which originate in the temporal lobe (e.g., chapter 2 and 

Semio2Brain datapoints in chapter 4) rather than of the frontal lobe. 

Frontal lobe epilepsy is associated with a wide variety of clinical manifestations, 

reflecting the rich and diverse connectivity of frontal lobe networks (Chowdhury, Silva 

et al. 2021). Although characteristic seizure patterns have been described, there is 

only modest correlation with anatomical origin, particularly at the sublobar level 

(O'Muircheartaigh and Richardson 2012). This may relate to rapid propagation of 

epileptic discharges within widely connected frontal networks, which lead to 

activation of areas distinct from the seizure onset zone (Unnwongse, Wehner et al. 

2012). 

We sought to evaluate how well semiology performed in lateralising and localising 

the seizure onset zone in people with frontal lobe epilepsy who underwent resective 

surgery. Similar to previous chapters, postsurgical seizure freedom was used as an 

indication that resection involved the presumed epileptogenic zone. We therefore 
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investigated the degree of correlation between semiology, site of resection, and 

seizure outcomes 12 months after surgery.  

6.3 Methods 

6.3.1 Participants and Setting 

We reviewed electronic records of all individuals who had frontal lobe epilepsy 

surgery at the National Hospital for Neurology & Neurosurgery, London, UK, over a 

10-year period between 1st of January 2011 and 31st December 2020. All individuals 

had been discussed in presurgical multidisciplinary meetings having undergone 

scalp video-EEG telemetry, neuropsychology and neuropsychiatry assessments, 

MRI imaging, and in selected cases FDG-PET, ictal SPECT or intracranial EEG 

monitoring before proceeding to resective surgery. This cohort of people who had 

frontal lobe surgery included resections that also involved cingulate cortex or insula. 

We excluded those in whom surgery was primarily performed for reasons other than 

epilepsy.  

Seizure outcomes 12 months after surgery were obtained from a prospective 

epilepsy surgery database at our centre. Outcomes were classified according to the 

International League Against Epilepsy (ILAE) surgery outcome scale (Wieser, Blume 

et al.). 

6.3.2 Data: Semiology 

Detailed descriptions of ictal semiology and their evolution were obtained from video 

telemetry reports and summaries of multidisciplinary meetings. Semiologies were 

categorised using the descriptions listed in SemioDict (A.5 Chapter 4 Supplementary 

Materials 

 

 

Table A.3), derived from previously described semiological seizure classification 

(Luders, Acharya et al. 1998) and Semio2Brain database (chapter 4). Using the 

semiology-to-brain visualisation tool (chapter 5), initial and combined set-of-

semiology were correlated with the site of resection, which indicated the final 

presumed seizure onset zone following multidisciplinary discussion and review of all 

investigations. Initial semiology was defined as the first seizure manifestation 

described by the patient or witnessed on video telemetry. Combined set-of-
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semiology included all ictal manifestations, devoid of chronological sequence, as 

witnessed on video-EEG telemetry. 

6.3.3 Data: Localisation and Lateralisation 

Surgical records and post-operative MRI imaging were reviewed to identify the site 

and extent of resective surgery. Resections were visually categorised into those that 

involved orbitofrontal, frontomedial, dorsolateral, and/or frontocentral regions, as has 

been previously described (Elsharkawy, Alabbasi et al. 2008). Surgical operations 

were deemed extensive if they involved two or more of these regions. Localisation 

was then further categorised at the gyral level, with resections involving the 

precentral gyrus, superior, middle or inferior frontal gyri, anterior cingulate, and 

insula. For the one individual who had several procedures, only data for the first 

surgical resection was included.  

6.3.4 Predictions: Semiology-to-Brain Visualisation Tool 

We assessed how well initial and combined set-of-semiologies anatomically 

correlated with surgical resections, using SVT (v1.8.1, chapter 5) to generate 

probabilistic cortical heatmaps of involvement in seizures (Alim-Marvasti, Romagnoli 

et al. 2020, Alim-Marvasti, Romagnoli et al. 2022, Pérez-García, Alim-Marvasti et al. 

2022). This software uses the Semio2Brain database which links descriptions of 

semiologies to brain regions using data from 4643 patients across 309 peer-

reviewed articles, and generates probabilities of brain regions being involved in the 

generation of the semiology. Default SVT settings were used: proportions, global 

lateralisation, using all ground-truths irrespective of patients’ ages, including the 

normalisation and high-resolution options, and on non-topological data to mitigate 

publication bias that favours temporal lobe epilepsies. 

Predictions of the seizure source from SVT were visually assessed using the 

probabilistic colour bar, in which any brain region highlighted in bright yellow on the 

viridis colourmap spectrum signified high probability.  SVT predictions were 

categorised using seven top level brain regions, as in chapter 4 (frontal lobe, 

cingulate cortex, insula, hypothalamus, temporal, occipital, and parietal lobes).  

6.3.5 Comparison of Predicted and Resected Localisations and Lateralisation 

Predictions from SVT were scored in comparison with resections at three levels: 1) 

frontal lobe (all frontal lobe regions, including cingulate cortex and insula); 2) frontal 
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lobe regions (orbitofrontal, frontomedial, dorsolateral, or frontocentral); 3) at the level 

of the gyri (precentral gyrus, superior, middle or inferior frontal gyri, anterior 

cingulate, and insula).  

For all three levels, if the top predicted region(s) (“bright yellow”) on SVT overlapped 

with the resection, it was regarded as a correct/congruent prediction. Conversely, if 

the top predicted brain region(s) in SVT did not overlap with the resection, an 

incongruent prediction was recorded.  

Lateralisation was scored correctly if SVT’s top predicted region was on the same 

side as the resection, otherwise it was scored as incorrect. 

Proportion lateralising and localising correctly at all three levels were compared 

between initial and set-of-semiologies using two-sided Fisher’s exact tests with a p-

value of <0.05 considered significant.  

An example of SVT scoring compared to actual resection is shown in Figure 6.1. 
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Figure 6.1: Example SVT prediction compared to actual resection 

Epileptogenic zone prediction using initial semiology only 

  

Epileptogenic zone prediction using combined set-of-semiology 

  

MRI of surgical resection 

  

 

Figure 6.1 Example of Semiology Visualisation Tool prediction, compared to actual resection. 

Initial semiology and combined set-of-semiology correctly lateralised the seizure focus to the right 
hemisphere and localised to the frontal lobe, however neither correctly localised to the inferior 
frontal gyrus. Top panel: SVT’s prediction using initial semiology in coronal and 3D views. Middle 
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panel: SVT’s prediction using set-of-semiology in coronal and 3D view. Bottom panel: Post-
operative MRI coronal and axial views.  

The colourbars represent the probability of the seizure source being at a given cortical location, 
with yellow representing SVT’s prediction for most likely region responsible for the generation of 
seizures. For this patient’s semiology (Table A.13, patient 1), both initial semiology (left-sided 
clonic seizures) and set-of-semiology (left-sided clonic and left asymmetric tonic semiology) gave 
similar probabilistic cortical heatmaps.  

 

6.3.6 Subgroup Analysis: Predicting Seizure Freedom 

Subgroup analysis was performed to determine if the correlation between predicted 

and actual resections were different between those who were seizure free (ILAE 

outcome score 1 or 2) and those who were not (ILAE outcome score 3-6). This 

would help identify individuals in whom discordance between semiology and site of 

resection was a consequence of an inadequately localised seizure onset zone, as 

implied by ongoing seizures following surgery. Additionally, we evaluated the 

univariate association between the presence of any semiology in predicting seizure 

freedom.  

Subgroup analysis for both individual semiologies and set-of-semiology were 

compared between seizure free and not seizure free groups using two-sided Fisher’s 

exact test with a p-value <0.05 considered significant.  

6.3.7 Ethical Approval 

This study used de-identified data collected as a service evaluation into postsurgical 

outcomes following frontal lobe epilepsy surgery at University College London 

Hospitals NHS Trust (registration number 135-202021-SE). As a service evaluation 

posing no risk, individual informed consent was not required. 
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6.4 Results 
 

A total of 61 individuals had frontal lobe epilepsy surgery at our centre during the 10-

year study period. The median age at surgery was 33.9 (IQR 28.1-43.1) years, with a 

median duration of epilepsy of 21.9 (IQE 21.3-25.1) years. An abnormal MRI was 

present in 43 (70%) individuals, with a focal abnormality in 35 (57%). Operations 

comprised 52 (85%) cortical resections and 9 (15%) lesionectomies. Baseline 

characteristics of all individuals and site of resections are summarised in Table 6.1.  
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Table 6.1: Characteristics of 61 individuals who had frontal lobe epilepsy surgery 
Characteristic Numbers  

Age of epilepsy onset, yr, median (IQR) 12.0 [6.8-18.0] 

Age at time of surgery, yr, median (IQR) 33.9 [28.1-43.1] 

Duration of epilepsy, yr, median (IQR) 21.9 [21.3-25.1] 

Abnormal MRI, n (%) 

  Focal abnormality 

  Diffuse abnormality 

 

35 (57) 

8 (13) 

Intracranial EEG performed, n (%) 41 (67) 

Side of resection, n (%) 

  Left 

  Right 

 

32 (53) 

29 (47) 

Location of resection, n (%) 

  Orbitofrontal 

  Frontomedial 

  Dorsolateral 

  Frontocentral 

  Extensive 

    OF+FM+DL 

    OF+FM 

    FM+DL 

 

4 (7) 

22 (36) 

20 (33) 

1 (2) 

 

9 (15) 

2 (3) 

3 (5) 

Pathology in surgical specimen, n (%) 

  Focal cortical dysplasia 

  Cavernoma 

  Dysembryoplastic neuronal tumour 

  Low grade glioma 

  Gliosis 

  No abnormality / non-specific changes 

 

26 (43) 

6 (10) 

6 (10) 

3 (5) 

7 (12) 

13 (22) 

Abbreviations – MRI: Magnetic Resonance Imaging, EEG: electroencephalography, OF: orbitofrontal, FM: 

frontomedial, DL: dorsolateral, IQR: interquartile range 

Table 6.1 Characteristics of individuals who had frontal lobe surgery.  

 

A variety of seizure manifestations were noted on ictal video telemetry. The 

frequency of initial and subsequent semiologic features are noted in Table 6.2. The 

most common initial semiology was loss of awareness (a dialeptic state), seen in 12 

(20%) individuals, followed by non-specific auras in 9 (15%), psychic auras in 6 

(10%) and somatosensory auras in 6 (10%). Chronological semiologic features in 

these 61 individuals are displayed in Table A.13. 
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Table 6.2: Semiologies identified on ictal video telemetry 

  Initial semiology Combined (set of) semiology 

Semiology Frequency, N = 61 (%) Frequency, N = 61 (%) 

Aphasia 1 (2) 3 (5) 

Asymmetric tonic 0 (0) 11 (18) 

Atonic 0 (0) 2 (3) 

Auditory aura 1 (2) 1 (2) 

Automotor (including manual or orofacial 
automatisms) 

2 (3) 13 (21) 

Autonomic 2 (3) 9 (15) 

Clonic 2 (3) 7 (11) 

Complex behaviour 3 (5) 12 (20) 

Dialeptic 12 (20) 25 (41) 

Dystonic 0 (0) 2 (3) 

Eye movements 1 (2) 2 (3) 

Eye version 0 (0) 4 (7) 

Fear-Anxiety 2 (3) 3 (5) 

Gustatory aura 2 (3) 2 (3) 

Head/Body turn 3 (5) 6 (10) 

Head version 1 (2) 12 (20) 

Hypermotor 0 (0) 6 (10) 

Ictal Speech 0 (0) 2 (3) 

Myoclonic 0 (0) 5 (8) 

Non-specific aura 9 (15) 10 (16) 

Psychic aura 6 (10) 6 (10) 

Somatosensory 6 (10) 9 (15) 

Tonic 3 (5) 23 (38) 

Vestibular 1 (2) 1 (2) 

Vocalisation 4 (7) 7 (11) 

Table 6.2 Identified semiologies from video telemetry.  

 



Page 261 of 388 
 

Following surgery, 28 (46%) people were completely seizure free, with a further eight 

(13%) experiencing only auras. Thirteen (21%) experienced a >50% reduction in 

seizure frequency (ILAE outcome class 4), and three (5%) people noted no change 

in seizure frequency following surgery (ILAE outcome class 5).     

Seizure outcomes for all individuals are listed in Table 6.3.  

 

Table 6.3: Seizure frequency 12 months following frontal lobe epilepsy surgery 

Postsurgical ILAE 

outcome score 

Description Number of individuals, 

n = 61 (%) 

1 Completely seizure-free; no auras 28 (46) 

2 Only auras; no other seizures 8 (13) 

3 One to three seizure days per year; +/- auras 8 (13) 

4 Four seizure days per year to 50% reduction of 

baseline seizure days; +/- auras 

13 (21) 

5 Less than 50% reduction of baseline seizure days to 

100% increase of baseline seizure days; +/- auras 

3 (5) 

6 More than 100% increase of baseline seizure days; 

+/- auras 

0 (0) 

Other Lost to follow-up 1 (2) 

Table 6.3 Seizure-freedom outcomes 12 months after frontal lobe surgery.  

 

We compared how well the first reported semiology and set of combined semiologies 

performed in localisation and lateralisation of the presumed seizure onset zone. 

Analysis was divided into those individuals who were seizure free (ILAE outcome 

group 1 or 2) following surgery and those who had ongoing seizures (ILAE outcome 

group 4-6).  

In those who were seizure free, initial semiology alone was able to correctly 

lateralise the seizure focus in 28%, localise to the frontal lobe in 22%, localise to 

subregions of the frontal lobe in 17% and localise to frontal lobe gyri in 6%. 
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Combined set-of-semiology was able to lateralise correctly in 78%, localise to the 

frontal lobe in 50%, correctly localise to frontal lobe subregions in 47% and correctly 

localise to frontal gyri in 17% (Table 6.4 and Figure 6.2). Combined set-of-

semiologies were superior to initial semiology alone for identification of lateralisation 

(p<0.0001, two-sided Fisher’s exact) and localisation to frontal lobes (p=0.026), 

frontal sub regions (p=0.011), but not to individual gyri (p= 0.28). 

The lateralisation scores quoted above and in Table 6.4 are from amongst the total 

61 individuals with FLE. Initial semiology alone lateralised predictions in only 19 of 

61 (31%) individuals, while set of semiology lateralised predictions in 50 out of 61 

(82%) cases. Therefore, although initial semiology correctly lateralised in only 28% 

of 61 cases, out of the cases where SVT gave unilateral predictions, initial semiology 

was correct 89% (17/19) of the time. Similarly, from amongst lateralised predictions, 

set of semiology correctly lateralised in 96% (48/50).  

 

Table 6.4: Retrospective lateralisation and localisation of seizure onset focus in 

frontal lobe epilepsy by semiology in patients who remained seizure-free 

postoperatively 

 

 Initial semiology alone 

(n=61) 

Combined set-of-semiology 

(n=61) 

Correct Lateralisation 28% (95% CI: 13%-43%) 78% (95% CI: 64%-92%) 

Correct Localisation to FL 22% (95% CI: 8%-36%) 50% (95% CI: 34%-66%) 

Correct Localisation to 

frontal sub-region 

17% (95% CI: 5%-29%) 47% (95% CI:  31%-63%) 

Correct Localisation to 

frontal gyri 

6% (95% CI: 0-15%) 17% (95% CI: 5%-29%) 

Table 6.4 Retrospective lateralisation and localisation of the focus of seizure onset in seizure-free 
patients. 

 

No significant differences were found in SVT semiology prediction scores comparing 

those who were seizure free (Figure 6.2 in blue and Table 6.4) to those who were 
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not seizure free (Figure 6.2 in yellow) for either initial or set-of-semiologies. No 

significant differences in prediction scores were seen among those with focal MRI 

abnormalities compared with diffuse MRI abnormalities or normal imaging. Similarly, 

no differences in rates of correct lateralisation or localisation to any of the levels was 

seen among those with lobectomies or ‘extensive’ resections compared with those 

with lesionectomies.  
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Figure 6.2: SVT scores 

 

Semiology Visualisation Tool predictions of seizure source compared to the actual resections in 61 individuals with frontal lobe epilepsy surgery. Proportions 
of correct predictions are shown with 95% confidence intervals using the normal approximation for the binomial proportion.  
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6.5 Discussion 
A number of semiologic features, such as adopting a ‘fencing posture’ and duration 

of postictal confusion, have been demonstrated to reliably distinguish between 

frontal and temporal lobe epilepsy (O'Brien, Mosewich et al. 2008). Sub-lobar 

identification of ictal foci within the frontal lobe on the basis of semiology alone is, 

however, more challenging.  Intracranial studies have suggested that certain 

semiologic features can be correlated with specific areas of the frontal lobe, 

organised along a rostrocaudal axis (Bonini, McGonigal et al. 2014). Seizures 

originating from rostral prefrontal regions have been associated with  integrated 

behaviours that resemble natural activities, whereas those from more posterior 

regions produce elementary motor manifestations.  In practice, however, accurate 

localisation can be challenging as a result of rapid propagation through shared 

networks (Bonini, McGonigal et al. 2014). Semiologic features of mesial frontal lobe 

seizures have not been consistently elicited during electrocortical stimulation 

(Unnwongse, Wehner et al. 2012). 

Although clinical teaching emphasises identification of initial semiology as helping to 

identify the epileptogenic zone (Kotagal, Arunkumar et al. 2003, Noachtar and Peters 

2009), this feature alone performed poorly in localising the presumed seizure onset 

zone. This is likely the result of many of these first manifestations involving 

consciousness or sensorial spheres, and in our cohort loss of awareness and a 

variety of auras were the most common initial semiologic features. Combined 

semiology performed better than initial semiology and could successfully lateralise 

seizure foci in 78% of cases.  

These results are consistent with previous studies looking at the lateralizing value of 

seizure semiology (Elwan, Alexopoulos et al. 2018, Alim-Marvasti, Pérez-García et 

al. 2021). There was no significant difference in semiology prediction rates between 

those with focal MRI abnormalities and those with diffuse MRI changes or normal 

imaging. This emphasises the important distinction between imaging abnormalities 

and the symptomatogenic zone, both of which may not always correspond to the 

epileptogenic zone.  

Localisation to sublobar frontomedial, dorsolateral, orbitofrontal and frontocentral 

regions by semiology alone remained relatively poor and was correct in only half of 

all cases. This is lower than estimates in temporal lobe epilepsy, where lobar 
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localisation by semiology can be up to 90% (Elwan, Alexopoulos et al. 2018). It is 

likely that even in dorsolateral or ventrolateral prefrontal seizures, projection to 

medial structures plays an important role in observed motor semiology (Bonini, 

McGonigal et al. 2014). This also highlights how semiology needs to be coupled with 

other components of the presurgical evaluation such as neuroimaging, scalp video 

EEG telemetry and, in selected cases, intracranial recording to adequately identify 

the seizure onset zone (Khoo, de Tisi et al. 2021). Over two-thirds of individuals who 

had frontal lobe epilepsy surgery during the 10-year study period had undergone 

intracranial EEG recordings prior to resection. 

No significant association was found between seizure freedom outcome and 

accuracy of SVT predictions and no relationship was identified between outcome 

and specific site of resection. These results are consistent with previous reports in 

epilepsy surgery cohorts, including one on 309 individuals who had epilepsy surgery 

that showed a lack of association between surgical outcome and detailed semiology 

in focal epilepsy (Alim-Marvasti, Pérez-García et al. 2021), and a review of meta-

analyses that showed focal semiology was an uncertain prognostic feature (Alim-

Marvasti, Vakharia et al. 2022). Postsurgical outcome is influenced by a variety of 

other factors such as presence and location of focal MRI abnormalities, and the 

nature of the underlying pathology (De Tisi, Bell et al. 2011).  

Over 90% of those who had epilepsy surgery in our cohort experienced an 

improvement in seizure frequency at 12 months, and approximately half were 

seizure free. This shows the value of surgery in drug-resistant frontal lobe epilepsy, 

with seizure freedom rates considerably higher than those who complete presurgical 

evaluation but do not have a resection (Khoo, de Tisi et al. 2021). Our present study 

nonetheless highlights the complex relationship between symptomatogenic and 

epileptogenic zones in the workup for epilepsy surgery suitability, and suggests 

relatively few frontal lobe seizures can be reliably localized to sublobar regions on 

clinical grounds alone (Manford, Fish et al. 1996, Rosenow and Lüders 2001). 

There were limitations to our study, which was retrospective, and limited to a single 

tertiary hospital in the UK. We used site of resection as a surrogate for the seizure 

onset zone. The cohort was selected from individuals who had completed 

presurgical evaluation and subsequently proceeded to surgery, which may also lead 
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to bias, as this group is likely to have more lateralising and localising semiology than 

those who not deemed to be surgical candidates. Resections often involved 

combinations of the orbitofrontal, frontomedial, dorsolateral and precentral regions, 

reducing the granularity of our analysis. Finally, seizure outcomes in all cases were 

self-reported, which is susceptible to reporting bias, but reflects real world conditions. 

 

6.6 Conclusion 
Using seizure semiology, the SVT software was able to correctly localise the seizure 

focus to a sublobar level in approximately half of individuals who had frontal lobe 

epilepsy surgery, and correctly lateralised the focus in 78%. Semiology must be 

combined with other aspects of the multimodal presurgical evaluation to accurately 

predict the seizure onset zone 
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7 Semiological and Structural Connectomes and Implications 

for Probabilistic Seizure Propagation 
 

7.1 Summary 
Objective 

I hypothesised that structural brain connectivity subserves manifestations of seizure 

semiology and so set out to relate semiological similarities between brain regions to 

the connectivity between those same regions. In other words, are the correlations 

between the list of semiologies that two brain regions are likely to produce, 

correlated with their structural connectivity? 

Methods 

Using the large semiology-localisation database from chapter 4 (Semio2Brain), I 

introduce a seizure semiology brain-connectome matrix (semiological connectome) 

based on a cortical map of semiological likelihoods. This semiological connectome 

was obtained through correlating pair-wise brain parcellations using their generative 

semiological potential from the topological studies in Semio2Brain.  

Peter Taylor obtained a similar structural connectivity matrix linking the same brain 

regions in 100 healthy controls.  

Results  

Peter Taylor and I showed that the topological semiological connectome (but not the 

non-topological estimate of the semiological connectome) correlated with structural 

connectivity. Nevertheless, results indicate that there is more to seizure phenotypes 

than ictal propagation through underlying structural connectivity. 

Conclusion 

This work further validates my Bayesian approach to Semio2Brain database in 

chapters 4 and 5. Results suggest future generative models can be devised and 

integrated with personalised structural connectivity measures – such as the 

Bayesian Virtual Epileptic Patient (Hashemi et al., 2020) – to check whether the 

suspected source of seizures is likely to reproduce patient semiologies.  
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7.2 Introduction 
Semiology and cortical localisation are the central topics of this chapter, comprising 

two out of the four features in the four-dimensional classification of epilepsy (section 

1.4) (Lüders, Vaca et al. 2019).  

Even very focal epilepsy can manifest semiological sequences that vary between 

seizures and between individuals (So 2006) due to propagation via different brain 

networks (Chauvel and McGonigal 2014). Virtual brain network models such as The 

Virtual Brain (TVB) (Sanz Leon, Knock et al. 2013) can be personalised to predict 

propagation networks for a given epileptogenic focus using Virtual Epileptic Patient 

models (VEP) (Proix, Bartolomei et al. 2017). TVB has been used to simulate 

neuroimaging signals, including seizure propagation. It is presumed that the 

sequence of semiology is related to structural and functional connectivity, such as is 

seen in cortical electrical stimulation studies (Foldvary-Schaefer and Unnwongse 

2011, Mazzola, Mauguiere et al. 2017) but ictal symptoms and signs have not been 

explicitly modelled during seizure propagation to evaluate how well propagation 

models predict semiological evolution.  

Ictal manifestations may arise from one or more of three hypothetical causal settings 

related to structural connectivity: 

i) complex functional hierarchical activations and deactivations largely 

independent from both seizure propagation and direct structural 

connectivity. 

ii) involve kindled minority tracts through which seizures propagate 

(otherwise independent of the number of white matter tracts 

connecting brain regions) 

iii) ictal manifestations may be highly correlated with structural 

connectivity in a probabilistic manner, such that propagation and 

semiology are both probabilistic.  

Semio2Brain database (chapter 4) contains semiological data on 4643 patients with 

focal epilepsy and their localisations. The database was curated from an epilepsy 

literature comprising of 309 articles. The semiologies could be downstream to the 

identified localisation, depending on the publication and ground truth – for example, if 

postoperative seizure freedom was used to confirm the epileptogenic zone, the 
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semiology reported in the literature could have occurred from propagation to distal 

brain regions. Therefore, the semiologies could be used to rank similarities between 

brain regions and compared to structural connectivity.  

I used the Semio2Brain database to obtain a semiological-connectivity matrix 

between brain parcellations and Peter Taylor and I compared this to structural 

connectivity between the same regions. Results show that these two are correlated, 

indicating that seizure propagation and clinical manifestations occur probabilistically 

via white matter tracts and validate the Bayesian approach to semiological 

localisation.   
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7.3 Methods 

7.3.1 Hypothesis 

My hypothesis was that topological studies from Semio2Brain represent the 

likelihood of semiologies given a region (chapter 4), and that seizure propagation is 

constrained and determined by structural connectivity such that the stronger the 

connectivity the higher the likelihood the seizure will propagate to the next brain 

region. Therefore, the resulting semiological similarity matrix (topological-SSM) 

would be correlated with structural connectivity, whereas the non-topological SSM 

(control-SSM) would not be.  

In other words, if topological-SSM but not control-SSM are correlated with structural 

connectivity, then a plausible explanation would be that seizures propagate 

probabilistically based on the strength of structural connectivity, and each brain 

region that the seizure propagates through can be approximated as a probabilistic 

generative model of semiologies. 

7.3.2 Brain Regions 

For pairwise brain region semiological and structural connectivity, I first removed all 

non-grey matter parcellations (such as white matter), as well as all cerebellar 

parcellations due to paucity of data (10 datapoints from over 11 thousand, chapter 4 

section 4.3.2.7).  

The Semio2Brain database’s descriptions of brain regions were mapped to whole-

brain Desikan-Killiany-Tourville (DKT) parcellations using the geodesic-information-

flow (GIF) algorithm that gave 108 regions of interest, 54 per cerebral hemisphere 

(Cardoso, Modat et al. 2015) (chapter 5).  

7.3.3 Semiological and Structural Connectomes 

7.3.3.1 Semiological Similarity Matrix (topological-SSM) 

To answer the question as to what extent ictal manifestations may correlate with 

structural connectivity, semiological and structural connectivity matrices were 

obtained and compared. 

I used a probabilistic generative model for semiology derived from Semio2Brain 

topological studies (chapter 4). I obtained a SSM using spearman rank correlation 

coefficients on this topological data (topological-SSM). SSM was then compared to 

structural connectivity between the same brain regions again using spearman’s rank 

correlation coefficients.  
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Topological studies are the largest subset of the Semio2Brain database, which is a 

PRISMA-guided systematic review of semiological localisation data (chapter 4). 

Topological studies are those that pre-selected patients based on prior knowledge of 

their seizure source, and thus the entire topological studies subset has been 

previously interpreted to approximate the probabilities of generating a semiology, 

given the seizure source. This contrasts with SVT’s display of probabilities of the 

cortical seizure sources, given a semiology (chapter 5).  

7.3.3.2 Control Semiological Similarity Matrix (control-SSM) 

I used the non-topological studies from Semio2Brain to obtain a control matrix of 

semiological similarity (control-SSM) to compare with structural connectivity. 

7.3.3.3  Structural Connectivity 

To obtain the structural connectivity matrix we used diffusion MRI from 100 unrelated 

healthy controls from the Human Connectome Project. Reconstruction was 

performed using Q-space diffeomorphic reconstruction (QSDR), a model-free 

method that calculates the orientational distribution of the density of diffusing water 

in a standard space (Yeh and Tseng 2011) and tractography (1,000,000 streamlines) 

in DSI studio (http://dsi-studio.labsolver.org). We used healthy controls because i) 

we wanted to avoid the structural changes in patients with epilepsy which may 

increase structural variance between patients ii) we did not have MRIs for the 

individual patients described in Semio2Brain, and iii) to test whether our collected 

database of ictal behaviours follows intact structural connectivity and could therefore 

potentially be modelled for example using the Bayesian virtual epileptic patient 

(BVEP) (Hashemi, Vattikonda et al. 2020). To obtain the structural connectivity 

matrix, we log transformed the streamline counts and took the mean across all 100 

controls. We then computed Spearman’s correlation matrix between the semiological 

(SSM) and structural connectivity for pairwise brain parcellations and plotted a robust 

regression line between the two using MATLAB (version 8.5.0 R2015a, The 

MathWorks Inc., Natick, Massachusetts).   

http://dsi-studio.labsolver.org/
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7.3.4 Sensitivity Analysis 

I checked if the results were sensitive to changes in the data, including using the raw 

data (instead of normalised data), and excluding the hypothalamus (as it was the 

least frequently occurring source in the Semio2Brain topological data).  

7.3.5 Hierarchical Clustering 

I used the unsupervised machine learning method of agglomerative hierarchical 

clustering based on spearman’s rank correlation coefficients for semiologies and 

cortical regions (SSM). I compared obtained clusters with clinical expectations for 

both topological and non-topological studies. The seaborn library’s (v.0.11.1, Dec 

2020, doi:10.5281/zenodo.4379347) clustermap function was used for this.  
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7.4 Results 

7.4.1 Semiological and Structural Connectomes 

Semiological and structural connectivity matrices from topological studies were 

correlated (spearman’s rho=0.14, p<0.00001, Figure 7.1), whereas the control 

matrix from SS-subset was not (rho=-0.02, p=0.23, Figure 7.2). Figure 7.1 shows 

this as a scatter plot on the left panel. Black dots on the vertical axis are mean 

connectivity across healthy individuals, and semiological correlations on the 

horizontal axis. 

This supports the hypothesis that topological studies (but not non-topological) in 

Semio2Brain database approximate probabilities of semiology, given a brain region, 

validating both the first-level bias correction (chapter 4 and 6), and suggesting the 

approach we took in the second step of Bayesian inference on topological-studies is 

also appropriate (chapter 5). 

Sensitivity analyses showed no significant changes to results, with Spearman’s 

correlation coefficient between topological semiological and structural connectivity 

varying between [0.124, 0.139] and p-value between [3.83x10-19, 2.96x10-24] 

(Appendix Figure A.26 and Figure A.27) and control-SSM still not correlated with 

streamline counts (p>0.05).  
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Figure 7.1: Topological-SSM Correlates with Structural Connectivity 

 

Figure 7.1 Left: Spearman’s correlation between topological studies semiological correlations (topological-SSM, horizontal axis) and structural connectivity 
(vertical axis). Centre: Topological-SSM which is the pairwise Spearman’s correlations between brain parcellations (both axes) of their semiologies. Right: 
Structural Connectivity Matrix which is the log transformed streamline count using tractography between the same brain parcellations as SSM (both axes).   
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Figure 7.2: Control-SSM does not correlate with Structural Connectivity 

Figure 7.2 Left: scatter plot of logarithm of streamline count vs semiological similarity for the control-SSM (normalised SS-subset). Control-SSM is not 
significantly correlated with structural streamline count (p=0.23). Centre: Control-SSM.  
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7.4.2 Hierarchical Clustering 

7.4.2.1 Topological Studies 

Hierarchical clustering of topological studies shows that the resulting brain region 

clusters were broadly concordant with semiology theory and all the parcellations 

generally clustered within their expected lobe (Figure 7.3). The exception was the 

central opercula, which although Semio2Brain database categorised under the 

frontal lobes, clustered with the parietal and occipital supercluster. The central 

opercula lie at the anterior border of the parietal lobes, so this clustering suggests 

they are also functionally (in terms of semiologies) more like the parietal than frontal 

lobes (Figure 7.3). 

This suggests the mapping of descriptions of localisations to regions performed for 

the Semio2Brain database (chapter 4) did not introduce major artefacts.  

The parietal and occipital lobes then clustered with the temporal lobe at the next 

level. The frontal lobe and cingulate were also closely related, clustering with the 

insulae. The correlation between cingulate and frontal in terms of semiological 

similarity is expected (Bonini, McGonigal et al. 2014, Powell, Elwes et al. 2018).  

As the height of each node in the dendrogram is proportional to the value of the 

dissimilarity between its daughters, nodes with intermediate heights are most likely 

to imitate semiologies from all other regions. The only regions with intermediate 

heights were the insulae and temporal lobes, followed by the cingulate and central 

opercula, which is congruent with clinical understanding about the limbic system and 

how it can imitate a wide variety of regions based on semiology (Tufenkjian and 

Lüders 2012, Wang, McGonigal et al. 2020).  

The prominent brain-semiology correlations (Figure 7.3) included: the hypothalamus 

and gelastic seizures (not shown separately but as a subset of other automatisms), 

visual auras, eye movements, tonic and other automatisms arising from the occipital 

lobe. Gelastic seizures (n=15) were clustered with “Automatisms – Other” (n=114). 

When considered separately, the association of the hypothalamus with gelastic 

seizures in topological-studies was even greater in magnitude on the correlation 

heatmap. The frontal lobe was the source for ictal pouting, non-specific auras, and 

automatisms, and along with the occipital-parietal and cingulate was associated with 

tonic seizures. The frontal and temporal lobes were regions responsible for 
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generating head version, and the frontal lobe was more correlated with loss of 

awareness or autonomic seizure manifestations than the temporal lobe, which may 

reflect the wider variety of temporal lobe manifestations (Figure 7.3).  

The cingulate cortex was associated with various typically frontal semiologies (tonic, 

hypermotor) and limbic manifestations (dialeptic, fear-anxiety, and automatisms). 

The temporal lobe was particularly correlated with oral and manual automatisms, 

while the insulae were most likely to be associated with olfactory and somatosensory 

auras. Non-specific auras are aptly named given the variety of regions they are 

associated with, with a slight predilection for the insulae (Figure 7.3).  

Despite the topological-data being heavily biased towards the temporal lobe 

(chapter 4 and 5), these results are clinically intuitive.  

The semiologies from topological clustering (Figure 7.3) on the other hand have not 

clustered appropriately, for example with the following semiology clusters: epigastric 

and dystonic, olfactory and tonic, and automatisms and head version; despite clinical 

priors informing us that dystonic, tonic, and head version are mainly frontal while the 

other three mesial temporal or limbic in origin (So 2006, Tufenkjian and Lüders 

2012).  

In summary, topological data (semiologies given a brain region from Semio2Brain) 

cluster brain regions well and capture region-semiology correlations, but do not 

cluster semiologies well.  

7.4.2.2 Non-topological Control 

Conversely, non-topological studies in Figure 7.4 clustered semiologies more 

intuitively than brain regions. Examples of the difference in clustering brain regions 

include that the opercula, hypothalamus and insula were clustered differently to 

topological data (cf Figure 7.3) and instead of the temporal lobe, the occipital lobe 

took the prominent intermediate dendrogram height (Figure 7.4).  

Examples of semiologies being clustered in a clinically congruent manner include 

visual and vestibular descriptions that were clustered together based on their 

Spearman’s rank correlations of localisations. This suggests semantic overlap 

between visual and vestibular symptoms described by patients, attesting to the close 

association between them whereby visual and vestibular signals are both integrated 

in the parietal-insular-sylvian region to differentiate head movements from object 
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movements, and one symptom can be misreported as the other (Chen, DeAngelis et 

al. 2011, Wirth, Frank et al. 2018). Non-sensical vocalisations, such as humming, 

were closely clustered with manual and oral automatisms in Figure 7.4, attesting to 

their classification as forms of automatisms associated with mesial-and-lateral 

temporal lobe epilepsy (Maillard, Vignal et al. 2004). Similarly, aphasia and loss of 

awareness or dialeptic episodes were closely related, which may be due to 

inaccurate semiology reporting depending on whether the individual is unresponsive 

or responsive but unable to generate speech (genuine aphasia). The same applies 

to other clusters in the vertical semiological dendrogram in Figure 7.4 such as 

mimetic automatisms and fear-anxiety which are both mesial temporal in origin. Also, 

tonic and hypermotor seizures, associated with asymmetric tonic and clonic 

seizures, all of which are classically frontal in origin.  

In summary, non-topological (control) data showed better clustering of semiologies 

than topological data, clustering them based on semantic similarity and localising 

profiles. This further contributes to the hypothesis that non-topological queries can 

be approximated as direct estimates of the probabilities of localisation, given 

semiology (chapter 4)(Alim-Marvasti, Romagnoli et al.). However, there was by no 

means a perfect clinical congruence, for example psychic auras and eye movements 

co-clustered (Figure 7.4).  
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Figure 7.3: Agglomerative Hierarchical Clustering of Topological Studies 

 

Figure 7.3 Clustering of semiologies and brain GIF parcellations using a distance metric derived from 
spearman’s correlation on TS-subset. The clustering of parcellations is more in keeping with clinical 
expectations than that of the semiologies, as TS-subset represents known localisations. 

During mapping of descriptions to regions, each region was also given a “GIF Lobar Group” which 
was used to label the columns, colours corresponding to the Lobes legend. The clustering does indeed 
group these top-level lobes together, except for the central opercula (GIF parcellations # 113 and 114 
for the left and right central opercula), shown in yellow amongst the occipital and parietal 
supercluster. These parcellations lie at the anterior border of the parietal lobes near the fronto-
temporo-parietal junctions.  
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Figure 7.4: Agglomerative Hierarchical Clustering - Control 

 

Figure 7.4 Clustering of semiologies and brain GIF parcellations using a distance metric derived from 
spearman’s correlation on SS-subset. Semiologies are better clustered than when using topologival-
data in Fig. 16.  
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7.5 Discussion 
There was a correlation between the number of connecting fibres and the 

semiological similarities between two brain regions. This suggests seizure 

propagation and the generation of semiology are linked and probabilistic, paving a 

foundation to further probe and model ictal behaviours concurrent with seizure 

propagation, for example by integrating SVT (chapter 5) with probabilistic 

programming virtual epileptic tools such as the Bayesian Virtual Epileptic Patient 

(BVEP) (Hashemi, Vattikonda et al. 2020). 

Specifically, the topological-SSM, but not the non-topological SSM, was correlated 

with an average structural connectome obtained from 100 healthy individuals’ brain 

scans. Semio2Brain database localises the initial semiology where possible; but 

because not all the literature from which the data is obtained distinguished between 

initial or later semiology, this effectively means the database contains mixed sets-of-

semiology and initial semiology and their localisations (chapter 4). When two 

regions were structurally correlated (high streamline count), seizures were more 

likely to propagate directly from one to the other (instead of an intermediate region). 

Also, if propagation and semiology generation are both probabilistic, then it would be 

expected for them to also have a high degree of correlation between observed sets 

of semiologies – as was found in this study.   

Therefore, if we theoretically define and represent “the semiological connectome” as 

a complete similarity matrix of brain regions based on the probabilities of those 

regions to generate all possible semiologies, then the topological semiological 

similarity matrix (topological-SSM) used in this study approximates the semiological 

connectome. Expressed in another way, topological-SSM and its clustering are 

assumed to represent a generative cortical model of seizure semiology. A generative 

model could be represented by the conditional probability of any given brain region 

generating a particular semiology, which is congruent with how the Semio2Brain 

database was curated (chapter 4). A generative probability must be inverted to 

obtain a probabilistic cortical heatmap given a semiology (chapter 5). This Bayesian 

inversion of the conditional probabilities has already been implemented in the 

Bayesian approach taken in the open-source Semiology Visualisation Tool software 

(chapter 5).  
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This chapter has shown that an approximation to the semiological connectome was 

correlated with an average of normal structural connectomes, validating the 

topological-prior labels used in the underlying Semio2Brain dataset curated from 309 

publications (chapter 4). The correlations also go some way to attest the integrity of 

the mapping of descriptive brain regions to brain parcellations using the DKT 

segmentation in the clinical decision support tool, Semiology Visualisation Tool 

(chapter 5).  

This work lays the foundation for Semio2Brain and SVT to be used towards a 

generative neuroanatomical model of seizure phenotypes, wherein each brain region 

that the seizure propagates through has two attributes: a matrix of probabilities for 

generating various semiologies, and a matrix of probabilities of propagation to the 

next region based on connectomes. 
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7.6 Limitations 
Although there was a significant statistical correlation between topological-SSM and 

structural connectivity (p<0.00001), this was a weak correlation (rho=0.14), which 

could be explained by the following technical aspects of this study.  

Semiology and database related: 1) the topological-SSM is only the partial set of 

semiology rather than a complete list, i.e. we only had an approximation to the 

semiological connectome; 2) the 309 journal articles from which the over 11 000 

localising datapoints are derived in Semio2Brain database are only a sample of all 

possible semiologies and localisations; 3) semiological descriptions in the original 

source articles of Semio2Brain are heterogenous and span seven decades, 

therefore lumping them into categories is bound to create some artefacts; 4) 

Semio2Brain database is a mosaic of semiology-localisations obtained from 4643 

individuals with epilepsy, assumed to give a holistic unified view when combined, 

and 5) Semio2Brain uses differing ground truths of postoperative seizure-freedom 

(epileptogenic zone), seizure-onset zone, cortical stimulation, and imaging and 

neurophysiological concordance of which only cortical stimulation is directly 

comparable to a generative model of seizure semiology with all the others being 

approximations (chapter 1).  

Structural connectivity related: 6) 100 healthy controls’ imaging were used to 

obtain streamline counts, which on average may differ from structural connectivity in 

individuals with epilepsy from which the semiology data were derived from; 7) only 

structural but not functional connectivity was accounted for (Preti, Bolton et al. 2017); 

and 8) structural connectivity is static whereas during seizures dynamic connectivity 

is the norm (Laufs, Rodionov et al. 2014, Preti, Bolton et al. 2017, Scheid, 

Ashourvan et al. 2021).  

These eight reasons are plausible explanations for the statistically significant but 

relatively small magnitude of correlation found in this study.  
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7.7 Conclusion 
The topological semiological similarity matrix derived from the Semio2Brain 

database approximates a complete theoretically defined semiological connectome 

and is correlated with the structural connectome, suggesting seizure propagation is 

probabilistically based on the number of streamline connections between brain 

regions.   

The results further validate the filtering and Bayesian methods used in chapters 4 

and 5 and opens the door to integrate SVT not only with imaging for patient-specific 

seizure source predictions, but with Bayesian virtual epileptic patient models (BVEP) 

as generative models of semiology and propagation.  
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8 Overall Discussion 
 

8.1 Semiological Value in Lateralisation, Localisation, and Outcomes 

A clinical motivation for quantifying the value of semiology in this thesis was to 

provide feedback to the clinician on the approach taken in the presurgical evaluation 

of drug-resistant epilepsy during MDTs and for model explainability which increases 

trust in algorithms (Amann, Blasimme et al. 2020), and to assess its relative values 

and potential to combine with other features in multimodal models. The motivations 

behind the algorithmic diagnosis of TLE, Semio2Brain database, and SVT were to 

identify the source of seizures to aide in the presurgical evaluation of the brain region 

candidates for resection, but also ultimately to improve rates of postsurgical seizure 

freedom. Towards these ends, Chapters 2, 4, 5, and 6 objectively quantified the 

value of semiology in localisation, with a view towards better identification of the 

epileptogenic zone and improved postsurgical outcomes.  

Chapter 2 provided clinical feedback that the long and manual process of reviewing 

video telemetry is valuable despite the plethora of other available investigative 

modalities, specifically adding 25% informative value compared to hippocampal 

sclerosis for detecting TLE (Alim-Marvasti, Pérez-García et al. 2021). This is in 

contrast to overconfidently stating the value of semiologies e.g. post-ictal cough or 

piloerection localising to the temporal lobe based on experience, without an objective 

review of the data (So 2006, Blair 2012). Other studies that tried to quantify using 

positive predictive values, had either overestimated (Marashly, Ewida et al. 2016) or 

underestimated the value of semiology (Manford, Fish et al. 1996). In general, the 

results from the forest plots in chapter 4 were more nuanced and less definitive than 

the positive predictive values from multiple other studies reviewed (So 2006, Blair 

2012). 

A recurring result was the value of multimodal concordance both in localisation 

(chapter 2) and prognosis (chapter 3), which has been well established and utilised 

clinically including for other modalities (So 2006, West, Nevitt et al. 2019, Massot-

Tarrús, White et al. 2020).  

While there are imaging and algorithmic tools such as those based on the 

epileptogenicity index to assess the roles of imaging and EEG in seizure localisation 

(Bartolomei, Chauvel et al. 2008, David, Blauwblomme et al. 2011, Proix, Bartolomei 
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et al. 2017, Balatskaya, Roehri et al. 2020, Makhalova, Medina Villalon et al. 2022), 

there has been no software tool that translates descriptive seizure semiology to 

probabilistic cortical heatmaps of epileptogenicity. Chapter 5 introduced SVT, the 

software tool that brings semiology to an imaging space that in future could be 

combined with other MRI and EEG modalities for even more accurate localisation 

(Pérez-García, Alim-Marvasti et al. 2022). In chapter 6 there was only a modest 

ability of SVT to localise in FLE subtypes. Nevertheless, in both chapters 5 and 6 

the lateralising value of semiology and SVT were undeniable, matching, or 

exceeding, expert epileptologists assessments (chapter 5) and set-of-semiology 

lateralised correctly in 47/61 (77%), lateralised to the opposite hemisphere in 8/61 

(13%) and was non-localising in 6/61 (10%) (chapter 6). 

To put this work in context, one previous large study looked at 830 patients and the 

value of semiology in predicting the EZ (Kim, Jung et al. 2015). Localisation 

accuracy among the five ictal onset areas was low 56.1%. Accuracy for binary mTL 

or lateral temporal-EZ was at 71% (cf unquoted derived naïve accuracy of 63%) 

(Kim, Jung et al. 2015). In contrast, I used the strict ground truth criteria of 

postoperative seizure freedom for all follow-up years and cross-validation in chapter 

2, with the support vector classifier achieving a balanced accuracy of 81% (± 14%) to 

detect TLE. Similarly, stricter ground truths for the curation of the Semio2Brain 

database in chapter 4 and use of Bayesian correction led to more accurate forest 

plots as evaluated in the retrospective trial in chapter 5, yielding localisation 

accuracy across seven different brain lobes of 11/14 (79%) and lateralisation score 

of 9/14 (64%, where 0 was the random naïve benchmark).  

A 2017 review stated that algorithmic identification of EZ networks and the 

propagation of seizures had remained an open issue (Ahmedt-Aristizabal, Fookes et 

al. 2017). This remains the case, because chapter 2 only evaluated the diagnosis of 

TLE and without including measures of network connectivity, while chapters 4 and 5 

attempted to identify non-dynamic correlations between semiology and brain regions 

without adequate brain resolution and inclusion of non-EZ ground truths in the 

Semio2Brain database. Some of the reasons algorithmic identification of EZ and 

propagation networks have remained unsolved is that combinations of multimodal 

features have not been used on large-scale high-quality (ground truth data) patient 
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data (Ahmedt-Aristizabal, Fookes et al. 2017). This would be the main avenue to 

pursue for future work, combining semiology, MRI, and EEG (section 8.3).  

8.2 General Limitations 

8.2.1 Clinical Utility 

All the work in this thesis focuses on focal drug-resistant epilepsy. Therefore, 

multifocal and generalised epilepsies are not aided by these methods (Tufenkjian 

and Lüders 2012).  

Semio2Brain and SVT are only a first step towards multimodal models the use 

semiology, as they only partially bridge the divide between identifying the 

symptomatogenic and the EZ. Using semiology not to predict the symptomatogenic 

zone but the theoretical construct of the EZ (Tufenkjian and Lüders 2012), is also a 

major limitation of this work. Despite promising retrospective results (chapters 5 and 

6), it is unclear if this work will assist in prospective clinical presurgical evaluations 

(e.g., as measured by time taken to discuss patients), let alone improve outcomes 

(e.g., rates of seizure-freedom).  

The proposed solution for better prognostication in chapter 3 was a required five-

step plan, before being able to use machine learning to build prognostic algorithms 

(Alim-Marvasti, Vakharia et al. 2022). Nevertheless, the amount of international 

collaboration required may be prohibitive, without any guarantees of future clinical 

utility.  

8.2.2 Data Limitations 

Although I showed the value of the set-of-semiologies compared to initial semiology 

in chapters 2 and 5, this falls short of utilising the maximum information in 

semiology in the form of sequence. The limitations recurrent throughout this work 

therefore include the lack of information on the chronological evolution of semiology, 

which has been previously purported to have significant value in lateralisation and 

localisation (Marashly, Ewida et al. 2016).  

Results may also be sensitive to how semiology is classified both by the observer 

and during data preprocessing. Classification of semiology used in this thesis was 

based on text (EHRs in chapter 2 (Alim-Marvasti, Pérez-García et al. 2021) and 

published studies for Semio2Brain in chapter 4 (Alim-Marvasti, Romagnoli et al. 

2022)). There are two levels at which heterogeneity may have been introduced:  
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1) when different descriptions are taken to be equivalent during preprocessing, as in 

the use of a semiological taxonomy replacement (chapters 2 and 4); and  

2) in the original labelling and nomenclature of observations of seizures (by the 

doctors and published literature). What is meant by this is that semiologies can be 

classified differently by different observers, and the EHRs used in chapter 2 have 

some heterogeneity based on the reporting of the semiology i.e., interobserver 

agreements (Tufenkjian and Lüders 2012). 

Additionally, because of the dynamic nature of classifications of semiology 

(Tufenkjian and Lüders 2012, Fisher, Cross et al. 2017, McGonigal, Bartolomei et al. 

2021), text based classifications and/or descriptions of semiology from the past may 

be incompatible with present and/or future classification methods.  

Even when semiological terminology and classification were taken from the EHRs 

directly, as in chapter 6 when applying SVT to a cohort of individuals with FLE, there 

was a discrepancy between this cohort where hypermotor seizures only occurred in 

10%, whereas previously a PPV of 95% had been suggested for hypermotor 

seizures to localise to the frontal lobe (Holthause and Hoppe)(Lüders, Luders et al. 

2000). Unfortunately, due to publication bias, hypermotor semiology did not occur 

frequently enough in the Semio2Brain database to be evaluated in the forest plots in 

chapter 4. So, another limitation is the problematic method of using systematic 

reviews to obtain data, which applied to both chapters 3 and 4 (Alim-Marvasti, 

Romagnoli et al. 2022, Alim-Marvasti, Vakharia et al. 2022).   

Chapter 3 identified many relevant prognostic features categorised into three tiers of 

tables (Alim-Marvasti, Vakharia et al. 2022). However, many variables are missing 

from integrated multimodal prognostic models related to the limitation of meta-

analyses investigating these variables, such as network hubness which measures 

the importance of a node to the network (He, Doucet et al. 2017), genetic and 

neurophysiological details, measures of functional connectivity (Larivière, Weng et 

al. 2020), and prognostic connectome reorganisations (Ji, Zhang et al. 2015).  

8.2.3 Artificial Intelligence and Machine Learning Limitations 

Artificial intelligence (AI) and machine learning (ML) have been around for many 

decades, but three main factors have seen these methods become more successful 

and popular.  
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1. Data: the increasing storage of large amounts of digital clinical data in the 

forms of EHRs, imaging, and laboratory results 

2. Hardware: the rise of specialised microprocessors that optimise machine 

learning 

3. Software: advances in algorithms that improve accuracy, generalisability, and 

significantly reduce model training times 

ML can be intuited as high-dimensional statistics. One way to consider AI is as high-

dimensional ML algorithms that perform well in a particular task, usually using deep 

neural network (DNN) architectures. DNN is the name of a family of deep learning 

architectures whereby layers of multiple ML units (“neurones”) are grouped together 

to learn complex associations and enhance accuracy (James, Witten et al. 2013).  

There is an increasing use of AI and machine learning methods in healthcare (Topol 

2019) and diagnosis and prognostication of epilepsy (Yuan, Ran et al. 2021). 

However, it is easy to overfit a dataset, and the resulting models would then not be 

applicable to external data from other centres. To compensate for overfitting, ideally 

results should be reported with regularisation, cross-validation, and test sets (Alim-

Marvasti, Pérez-García et al. 2021). To avoid these limitations, in chapter 2 I used 

cross-validation and regularisation, however, there was insufficient data for a 

separate test set.  

There is also the problem of reproducibility in studies that utilise AI, firstly due to the 

use of sensitive data, secondly due to the use of different software tools and 

packages (R, python, TensorFlow, Theranos) which have different default settings 

and random initialisations for machine learning models. This reproducibility crisis 

seems worse for AI in healthcare that other fields, and may be due to unavailability 

of the original data and/or code (McDermott, Wang et al. 2021). I therefore 

endeavoured to make all data open-source and freely available in all chapters and 

publications. 

Nevertheless, AI studies increasingly suffer from inadequate, incomplete, or poor-

quality data. Data needs to be both adequately large, and of excellent quality. For 

example, in a large study of over 800 individuals, the supervised learning method 

used to predict the EZ suffered from inadequate ground-truth labels: the EZ was 
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often labelled by clinicians on the presence or absence of a particular semiology, 

making the evaluation logic circular (Kim, Jung et al. 2015). Although chapter 2 used 

the super-strict ground truth of entirely seizure-free for all follow up years (ILAE 1), 

the labels of TLE vs non-TLE are less strict as sometimes there is multilobar 

resection. Furthermore, the Semio2Brain database used in chapters 4, 5, 6, and 7, 

could not use such a strict ground truth due to unavailability of such ground-truths in 

the literature. This introduces unwanted noise in the models and results, throughout 

these chapters.  

Studies that use models to predict a state (EZ) or outcomes (prognosticate), should 

also have a baseline comparator benchmark, e.g., the algorithm must beat the 

proportion of cases with good outcome. Although clear, this isn’t always explicitly 

stated in studies, which can artificially bolster the apparent importance of the results. 

For example, in the same study of 830 individuals, the accuracy of detecting binary 

mesial temporal lobe epilepsy (mTLE) or lateral temporal-EZ was 71%, but the naïve 

(guessing) accuracy of 63% was not quoted (Kim, Jung et al. 2015, Alim-Marvasti, 

Pérez-García et al. 2021). 

8.2.4 Ethics and Artificial Intelligence  

Machine learning and AI are a large field, and the number of articles utilising these 

techniques and discussing their ethics has grown exponentially. Although they have 

the potential to automate or improve upon what clinicians’ do daily, the responsibility 

of decision-making remains with clinicians. AI models that can assist the clinician 

without taking over have been termed clinical decision-support tools, which may help 

overcome some bottlenecks through automation for maximum benefit and justice. 

Nevertheless, anything that can change a clinician’s decision needs to meet a 

minimum threshold for safety and accuracy. Such requirements for AI start out as 

clinical and ethical needs, then make the form of AI guidelines that include training 

clinicians and data scientists in ethics (Chiang, Picard et al. 2021), and may also 

take the form of a legal framework. It is important, however, to avoid the discussion 

around ethics itself from becoming a distraction that deflects from the notions of 

serious commitment to legal regulations (Hagendorff 2020).  

Many steps must be taken before attainting a trustworthy AI algorithm (Vayena, 

Blasimme et al. 2018). Trust in algorithms is required by both doctors and the public, 

just as their trust is required in the medical profession. A combination of the 
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presence of factors from a list of enablers and the absence of impediments are 

required for trust in AI (Adjekum, Blasimme et al. 2018). The requirements for trust is 

informed consent for the use of healthcare data with autonomy and control over 

access (Vayena and Blasimme 2017), integrity of data, robustness of ground-truths, 

safety, accuracy, and transparent accountability mechanisms within established legal 

frameworks (Adjekum, Blasimme et al. 2018, Vayena, Haeusermann et al. 2018). 

Modern Data-Centric AI for use in clinical decision support algorithms is as much 

about data integrity and generalisability as it is about the algorithms and research 

objectives (Vayena, Blasimme et al. 2018, Zigon 2019). 

The data should also reflect the demographics of the population for which the 

algorithm is intended. When considering demographics, it can be useful to assess 

the diversity in the data, and to evaluate how the resulting algorithm’s performance 

may differ by e.g., ethnic subgroups, to avoid building unfair bias into the models. 

Confidentiality, data governance, and data protection are paramount for clinical data, 

with measures in place to avoid conflict from commercial interests. The above list 

can be used for self-assessment during data and model development, as a form of 

“checklist” approach to ethics, as set out by the independent high-level expert group 

on AI for the European Commission (Stix 2020).  

Linear or rul—based triage models, such as those used by emergency call centres, 

only decide what to do for the patient from a list of pre-determined options and can 

never be uniquely suited for all individuals. The promise of AI has been its ability to 

consider large volumes of complex information, learn relationships between 

variables that may be too complex even for humans, and come up with bespoke 

answers for unique situations. Nevertheless, although better than rule-based 

algorithms, AI can get it wrong too, and then whose responsibility will it be? If a piece 

of hospital equipment is faulty but not picked up, then it is less likely for the physician 

to be able to be successfully treat the patient. Physicians are well trained to use 

hospital equipment, and the same is argued that anyone using any algorithms should 

be well trained in their strengths, weakness, and intended uses, and that data 

scientists keep relational ethics in mind when training the algorithms (Zigon 2019).  

Model explainability, whereby the important features that determine the alogirthm’s 

prediction are identified, is important for sanity checks before applying models to 
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external real world data, and is important to patients for trust (Amann, Blasimme et 

al. 2020). This could the take the form of feature ranking (chapter 2).  

8.3 Prospects for Future Work 
The work in chapter 2 established the value of the set of semiology over single initial 

semiology when combined with hippocampal sclerosis in diagnosing TLE. Future 

work can evaluate and quantify the incremental value of the chronological sequence 

of semiology over the set of semiology, akin to the value of epigastric auras evolving 

to automotor seizures in differentiating TLE (Henkel, Noachtar et al. 2002). 

Furthermore, set of semiology and sequential semiology could be compared 

incrementally with other localising modalities for the diagnosis of TLE, including ictal 

and interictal EEG. Time-series models and/or Markov chain modelling could be 

used. 

The future work related to prognostication of outcomes (chapters 2 and 3) can be 

summarised in the five-step plan requiring an international working group to collate 

prognostic features and a theoretical SCM, and curate an open anonymised 

postsurgical outcomes database that includes all these features (Alim-Marvasti, 

Vakharia et al. 2022). This work would be a valiant effort to definitively provide 

personalised postsurgical prognostications. The new federated model of learning 

could also be implemented, to enable the sharing of multicentre data without 

compromising sensitive clinical data security or confidentiality (Rieke, Hancox et al. 

2020).  

The Semio2Brain database (chapter 4) can be expanded to include more paediatric 

data labels, helping to differentiate it from adult semiology, which may improve SVT’s 

predictive performance too (chapter 5). The lateralising values of individual 

semiologies and their relative odds ratios could also be derived from the database as 

forest plots, as the localising values were (Alim-Marvasti, Romagnoli et al. 2022). 

Results could be compared to previous studies that quantify lateralising values (So 

2006) e.g., dystonic 93% contralateral (Wyllie, Chee et al. 1993). This would provide 

a first step towards objectively integrating multimodal presurgical patient 

investigations, combining imaging and neurophysiology with a visualisation of the 

relevant semiology. 
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Chapter 7 (along with its pre-requisite chapters 4 and 5) lay the foundation for 

Semio2Brain and SVT to be used towards a generative neuroanatomical model of 

seizure phenotypes. Each brain region that a seizure propagates through has two 

attributes: a matrix of probabilities for generating various semiologies, and a matrix 

of probabilities of propagation to the next region based on connectomes. The results 

from this generative model could then be compared to a large review on behavioural 

and perceptual manifestations of electrical stimulation studies (Selimbeyoglu and 

Parvizi 2010). Data-augmenting work to be considered in future would be to combine 

the data from Selimbeyoglu with the Semio2Brain database (Selimbeyoglu and 

Parvizi 2010, Alim-Marvasti, Romagnoli et al. 2020, Alim-Marvasti, Romagnoli et al. 

2022, Pérez-García, Alim-Marvasti et al. 2022).  

The semiological connectome approximation in chapter 7 also opens questions 

regarding whether a generative model of semiology applies to brain regions whether 

they are the (initial) seizure-onset zone or propagation zone. i.e., whether the 

semiological connectome model is best modelled to be dynamic with propagation 

akin to dynamic imaging connectomes in epilepsy (Laufs, Rodionov et al. 2014, 

Scheid, Ashourvan et al. 2021).  

SVT can undergo prospective evaluation for the localisation and lateralisation of 

seizure-foci. SVT can also be retrospectively evaluated in patients having 

stereotactic EEG to assess if combined with imaging it could positively influence 

electrode sampling strategy, for example by suggesting unsampled regions in 

patients who went on to have poor outcomes. Prospectively, the study could look at 

postsurgical ILAE outcomes at 1 year with and without the use of SVT in sterotactic 

electrode implantation strategies. SVT could also be combined with MRI and EEG 

modalities for truly multimodal predictions of seizure foci, for example through other 

algorithms that detect and localise MRI abnormalities such as focal cortical dysplasia 

or EEG abnormalities (David, Blauwblomme et al. 2011, Proix, Bartolomei et al. 

2017, Jin, Krishnan et al. 2018). 

Future work that could bypass limitations of physician defined semiological 

descriptions and classifications would need to be based on the use of computer 

vision on a large number of seizures that occur during video telemetry recordings. 

This would replace the Semio2Brain database and could potentially perform 
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unsupervised classifications of semiology with more clinical utility (localisation and 

prognostication).  

Finally, the techniques used could be applied to other areas of neurology. For 

example, hierarchical clustering may be especially suitable in identifying the 

underlying structure of subjective symptoms, for example as an alternative to 

principal components analyses applied in postconcussion syndrome (Klimberg and 

McCullough 2016, Chandran, Kay et al. 2020). The incremental addition of 

investigative modalities to ascertain the value of clinical variables used to make 

clinical diagnoses or decisions could also applied to EHRs in other neurological 

specialties, for example to determine the value of a particular sign compared to 

imaging abnormalities in multiple sclerosis. The ascertainment of clinical value could 

also be extracted using Bayesian labelling from a large portion of the literature on 

any particular topic, then modelled both probabilistically and relatively. 
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A Appendix 
 

A.1 Background on Methods: Statistics, and Machine Learning  
 

A.1.1 Cramer’s V 

A measure of correlation or association or dependency between two categorical variables can be 

measured using Cramer’s V. This is an adaptation of the Chi-squared test for nominal data, with 

output in range of [0, 1]. The measure is symmetric.  

 

A.1.2 Information Theory 

A.1.2.1 Shannon’s Information: Information Entropy/Uncertainty/Choice 

In “A Mathematical Theory of Communication” Claude E. Shannon laid the foundations for 

information theory (Shannon 1948), which was extended from Nyquist and Hartley’s earlier works 

from the 1920s at Bell Labs’ Bell System Technical Journal.  

When assessing information in a message or information gained from a process, this depends on the 

prior set of possible choices of message. One measure of information could simply be a linear 

function of the number of equally possible messages/options. Hartley pointed out that the 

logarithmic function, however, is the most natural to use (instead of a linear one) because it is 

practically more useful, closer to our intuition and mathematically more convenient: 

• Practical: doubling the time doubles the logarithm of the number of possible messages 

(squares the number of possible messages) 

• Intuitive: two identical channels should have twice the capacity of one for transmitting 

messages 

• Mathematically convenient: easier operations due to logarithmic properties 

Base e is used for natural phenomenon when integration and differentiation is required. If 

measuring information in binary digits (bits), then base 2 for the logarithm is used. This is useful in 

multi-one-hot encoded categorical (dummy) variables in machine learning models.  

As we saw in modelling categorical variables of semiology in epilepsy (chapter 2), the presence or 

absence of each carry one bit of information for the clinician. If we had chosen 50 semiologies that 

were independent of each other and equally likely to occur, then each patient’s semiology could be 

stored and communicated using 50 bits. The total number of variations in the set of 50 semiology 

(excluding chronological order and hence permutations) is 250
; and log2 250 =  50. 

To generalise, we require a measure of how much “choice” (M) is available for the selection or 

equivalently how “uncertain” (U) we are of the outcome. The larger the set i.e. the more choice 

available, the more uncertain we are. Choice is total number of possible states, M. As M increases, 

we have more uncertainty about the semiological state (direct relationship): U ~ M.  The information 

required to describe independent, equally likely binary variables is related to the total number of 

possible states M by: 

𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝒃𝒊𝒕𝒔 ≡  𝑼 =  log2 𝑀  
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Note, however, that both assumptions are violated: some semiology occur much more frequently 

than others (Table 2.1), and figure of 4 posture is a subset of asymmetric tonic (Figure 2.5) and 

therefore correlated. 

As choices are not equally likely, each with probability pi, then intermediate values of uncertainty are 

desired. E.g. if there are two equal choices, probability of each if ½, then uncertainty is 1, however, if 

one of the two has a probability of occurrence of 90%, then uncertainty is less than 1. Entropy (H) is 

a term used to describe average level of uncertainty. Each individual state’s probability contributes 

to the total measure of uncertainty according to the following entropy formula: 

𝐻 =  − ∑ 𝑝𝑖 . 𝑙𝑜𝑔(𝑝𝑖)

𝑛

𝑖

 

The maximum H is given when all pi are uniformly equal.  

In the case of two outcomes, one with high probability:  

H = uncertainty of outcome with p=0.9 + U of outcome with p=0.1 = 0.136 + 0.3321 = 0.47. 

The total uncertainty, or entropy, of temporal lobe EZ in the data from Chapter 3 is thus 0.47. 

Performance metrics such as accuracy in unbalanced datasets such as these can be misleading, and 

other metrics, such as one based on the proportion of entropy explained, are more useful. Entropy is 

often interpreted as the inverse of information. 

 

A.1.2.2 Conditional Entropy: 

Using Bayesian priors, conditional entropy of Y given X, H(Y|X), in the context of a semiology or 

model prediction localising the EZ, is the measure of information required to describe binary 

outcome variable Y (EZ in all validation folds) when we know the state of binary variable X (e.g. GB 

SoS+HS model predictions for the validation folds).  

 

PY|X(y|x) = 
𝑃𝑌,𝑋(y ꓵ x)

𝑃𝑋(x)
 

 

Bayes Rule 

We use P(x,y) as the joint probability state of the variables and PX,Y() as the variables themselves. We 

also use P(x,y) and P(x ꓵ y) interchangeably.  

Priors are the baseline probability density functions of the variables, and posteriors are when 

knowledge of the state of other variables change the probability distribution of the original variable.  

A.1.2.3 Mutual Information or information gain 

Conditional entropy can be viewed from a different perspective, where H(Y) - H(Y|X) is the expected 

information gain (change in entropy) going from a prior to a state with a known variable state. This is 
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useful for determining the value of a model prediction, especially when data is very unbalanced. A 

derivate, the Kullbach-Liebler divergence is also used to determine the root variables in decision 

trees (GB model). 

A.1.2.4 Theil’s U: Normalised Mutual Information (NMI) 

This is a similar measure to Cramer’s V in terms of use in categorical variables and output between 

[0, 1]. It is, however, an asymmetric conditional measure, and thus the heat map of association is not 

symmetric. This is useful when we are interested in bilateral nominal associations. It uses the 

concept of information entropy as briefly introduced above(Wikipedia 2018, July 15). 

We take samples from two discrete variables, X and Y. We construct the joint distribution PX,Y(x,y) 

and using Bayesian statistics we can calculate the conditional distributions: 

PY|X(y|x)= 
𝑃𝑌,𝑋(y ꓵ x)

𝑃𝑋(x)
 

Similarly repeated for the reverse conditional probability, PX|Y(x|y). 

Then we calculate the entropies of the different distributions using our knowledge from Shannon’s 

information theory: 

𝐻(𝑋) = − ∑ 𝑃𝑋(𝑥). 𝑙𝑜𝑔(𝑃𝑋(𝑥))

𝑥

 

To find the amount of information of Y that is explained by X (information gain), we subtract the 

conditional entropy from the prior entropy:  

Information gain (Y,X) = H(Y) – H(Y|X) 

We can now normalise this. Many measures of NMI use an arithmetic or geometric average of H(X) 

and H(Y), which renders the NMI a symmetric measure. Others, such as Theil’s U or asymmetric NMI, 

normalise based on the target variable: in our case, H(Y=EZ).  

 

Asymmetric NMI (Theil’s U) (Y|X) = 
Information gain (Y,X) 

𝐻(𝑌)
 = 

H(Y) – H(Y|X)

𝐻(𝑌)
 

 

Note that the direction of association, proportional or inverse, is not determined using Theil’s U.  

A.1.3 Markov/Markoff processes (future work) 

Stochastic processes known as discrete Markov or Markoff processes are when a varying degree of 

previous states are accounted for in modelling transitional probabilities. 

At the simplest level, we can use the example of semiologies. If we take there are 50 independent 

semiologies, we can choose each one at random with equal probability (independent and equal 

probabilities). At the next level of sophistication, we can account for the overall population 

frequency of all semiologies throughout time. For example, rising epigastric auras are more common 

than Dacrystic episodes. This will result in a set of random semiologies more resembling that of 

patients with epilepsy.  

At the next level, we can continue to sample accounting for the general frequency of occurrence of 

the semiolgies, but also factor in transitional states. When using chronological semiology, this would 

take the form of a time-series of semiology where the current semiology affects the next. For 
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example, someone with an epigastric aura is more likely to experience subsequent automatisms 

rather than visual auras. This accounts for the previous state. These are akin to a Bayesian model 

where, given a particular semiology or set of semiologies, we adjust the conditional probabilities.  

 

In the case of ignoring order and chronology, the previous set of semiologies effects the next most 

likely semiology to be a part of the patient’s set of semiologies.  

This model can then increase in complexity where incrementally more previous states are modelled 

to affect future states.  

𝑆𝑖  

Where S denotes Semiology, and i a particular semiology. Si will be one particular semiology and Sj 

another.   

We then model the transitional probabilities: 

 

Pi(j) = P(Sj|Si) 

 

Where Pi(j) is, given the semiology i, the probability of next semiology being j. This could be written 

as the Bayesian on the right. 

Thus a discrete information source can be represented as a Markoff process graphically, and the 

information produced can be measured using Information Entropy(Shannon 1948). 
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A.1.4 Machine Learning 

Machine Learning (ML), or so-called Artificial Intelligence, is the use of computational algorithms to 

either predict outcomes (supervised learning) or otherwise reduce the dimensionality and visualise 

high-dimensional unlabelled data (unsupervised learning). The difference between ML and 

traditional statistical methods is that in ML there is no explicit programming and the algorithm must 

first “learn” a set of parameters. Samuel Arthur discussed characteristics of tasks which he thought 

make ML useful, some of these characteristics included the task not being deterministic, a definite 

goal existing, available set rules and background data to compare the ML outcomes to. (He also 

included in these characteristics that a substantial body of people must be familiar with the process 

so that they can understand the behaviour of the programme) (Samuel 2000).  

In supervised learning, machine learning algorithms predict outcomes as a function of unknown 

parameters. Using a set of labelled data (training set) the algorithm learns the value of these 

parameters, to predict unseen data (whether it is regression or classification). This learning occurs 

through minimisation of a pre-defined error or loss function expressed as a function of the 

prediction and actual label of the training data. This minimisation is an optimisation problem and 

except in certain circumstances such as linear regression, has no analytic exact solution. Thus, 

optimisation of parameters occurs through gradient descent on the manifold of the loss function 

with respect to individual parameters, i.e., through updating the parameters by subtracting partial 

derivates multiplied by a learning rate. Parameters are algorithm (model) specific and task-specific.  

Hyperparameters include parameters such as the learning rate which modulate a whole set of other 

parameters and themselves can be learned through gradient descent iterations through a further 

partition of the data (validation set). In supervised learning, the desired algorithm is the best 

algorithm to predict unseen labelled data in the test-set. Therefore, the balance of data labels is 

important as is the avoidance of over-fitting (variance) the training and validation sets at the 

expense of poorer performance in the test set. On the other hand, poor performance during training 

and on the validation set is unlikely to result in better performance in the test set (high 

model/parameter bias). Other hyperparameters such as regularisation methods attempt to address 

the balance between bias and variance.  

Unsupervised learning can learn similarities between clusters in the data using specific algorithms. 

This type of learning does not require labelled data. 

Healthcare data is growing at 48% per year, compared to 40% for the overall digital universe (Dell 

EMC 2014). This high-value data is growing in the form of Electronic Health Records (EHRs) and is a 

natural source of data for machine learning algorithms to augment clinical decision making. The 

value of vast amounts of healthcare data is that the large information content is not fully and 

simultaneously visible to a physician, thus potential patterns can be missed. Machine Learning (ML) 

algorithms can, if developed using high-quality data, use various methods to extract patterns which 

can then be used as a tool for Clinical Decision Support (CDS) to enhance individualised 

(personalised) healthcare delivery, as part of a Precision Delivery Initiative (PDI) (Parikh, Schwartz et 

al. 2017). Precision and predictive healthcare is safer, improves quality of care for the individual and 

reduces healthcare costs, for example through reducing odds of readmission for patients using a 

targeted approach (a quarter of those with heart failure were targeted through “text processing” to 

identify those most at risk of readmission – this produced an adjusted odds ratio of 0.73, p=0.01)  

(Amarasingham, Patel et al. 2013) and improve prediction of death by suicide (Poulin, Shiner et al. 

2014).  
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In (Predicting the risk of suicide by analyzing the text of clinical notes, Poulin, Shiner et al. 2014), 

natural language processing using bag-of-words and bag-of-phrases (n-grams) were used. Feature 

selection (keeping only a subgroup of these n-grams) was performed through keeping only the first 

few thousand n-gram features which had the highest mutual information, and these were used to 

train an ensemble of ML algorithms with 5-fold cross validation. 

ML, when correctly trained and deployed, can assist in predicting and thus improving three main 

areas of clinical care: 

• Clinical Outcomes: e.g. death, seizure-freedom 

• Quality of Care: e.g. rate of readmission, time to epilepsy surgery 

• Resource Utilisation: e.g. length of admission, number of investigations 

Genomics and proteomics are active and advanced fields where high-dimensional modelling, 

bioinformatics and ML are utilised. Oncology is a broad medical specialty where ML techniques have 

been utilised using combinations of healthcare data including genomics and imaging data.  

Computer-aided detection or computer-assisted diagnosis of imaging data can automate, augment, 

or expedite screening diagnostics. These methods use various methods of imaging analysis to predict 

classifications. In radiomics “high-throughput extraction of large amounts of image features from 

radiographic images” the images are segmented, then e.g. tumour imaging features are extracted 

quantitively and analysed for their predictive power linked with (labelled) tumour staging or genetic 

data (Lambin, Rios-Velazquez et al. 2012). The radiomics literature have applied ML to high-

dimensional medical images for extraction of embedded signatures which can be used to extract 

further information than a human in the form of imaging biomarkers, such as genomic information 

e.g. categorise hepatocellular cancer CTs based on genetics of doxorubicin resistance (West, 

Kotrotsou et al. 2017) and tumour lymphocyte infiltration (Sun, Limkin et al. 2018). These imaging 

biomarkers can be utilised as CDS (e.g., tumour segmentation was still performed manually by 

radiologists prior to feature extraction) in the quest for precision medicine e.g. predict response to 

specific chemo – or immuno-therapies. 

When the data is high-dimensional, a large proportion is disregarded as noise when reviewed by 

humans, partly due to prior biases, partly due to limited working memory and partly due to the small 

information held within each feature which makes it inefficient to be considered in the overall 

picture. However, using ML, not only do the images contain structural information but also some 

molecular details of solid tumours.  

In general, deep learning has been applied to radiology (e.g. chest radiograph diagnostics), 

dermatology, oncology, ophthalmology, cardiology, mental health and neurology (stroke, 

neurodegenerative disease and EEG diagnostics) and reviewed in (Topol 2019). 

However, it is widely held that the majority (~80%) of the effort in implementing a machine learning 

algorithm is the data pre-processing (e.g., customising, merging, and cleaning) which occur before 

the data is analysed and algorithms are trained, which limits scalability. Towards this end, scalability 

of machine learning algorithms has received attention, for example in the form of the Fast 

Healthcare Interoperability Resources (FHIR) (Rajkomar, Oren et al. 2018). 
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A.1.4.1 Supervised Learning: ReLu , Softplus, Logistic, tanh, LogSumExp, Softmax 

 

Rectified Linear Units (ReLU) are the most popular units in hidden layers for deep neural networks. 

These functions are zero at negative values and linear for positive values.  

Rectified Linear Function (𝑥) = max(0, 𝑥)   

A continuous approximation of the rectified linear function is soft-plus: 

softplus (𝑥) = log(1 + 𝑒𝑥) 

The derivative of the softplus is the logistic function used in logistic regression: 

𝑑 log(1 + 𝑒𝑥)

𝑑𝑥
=

𝒆𝒙

𝟏 + 𝒆𝒙
=

𝟏

𝟏 + 𝒆−𝒙
= 𝐥𝐨𝐠𝐢𝐬𝐭𝐢𝐜 𝐟𝐮𝐧𝐜𝐭𝐢𝐨𝐧 (𝐬𝐢𝐠𝐦𝐨𝐢𝐝) 

 

The logistic or sigmoid function determines the probability of a binary classification, p(x). It is a 

generalised linear model (GLM) given the rearranged equation to solve for the x in 𝑒−𝑥 , when x is a 

vector 𝜽𝑻𝑺, results in a linear equation for the log-odds. 

 

𝐥𝐨𝐠
𝒑(𝒙)

𝟏 − 𝒑(𝒙)
 = 𝜽𝑻𝑺 =  𝜷𝟎  + 𝜷𝟏. 𝑺𝟏  + 𝜷𝟐. 𝑺𝟐 + . . . + 𝜷𝒏. 𝑺𝒏  

Where S1, S2 … Sn are n features (e.g. binary semiology or other features). 

It can be seen that the coefficients represent the natural logarithm of the odds-ratio: 

𝑝(𝑋1)

1 − 𝑝(𝑋1)
 =  𝑋1 =  𝑒𝜃𝑿  =  𝑒𝜷𝟎 + 𝜷𝟏.𝒙𝟏 + 𝜷𝟐.𝒙𝟐 + ...+ 𝜷𝒏.𝒙𝒏  

𝑂𝑑𝑑𝑠 𝑅𝑎𝑡𝑖𝑜 =
𝑂𝑑𝑑𝑠(𝑋1: 𝑥1=1)

𝑂𝑑𝑑𝑠(𝑋0: 𝑥1=0)
 =  𝑒𝜷𝟎 + 𝜷𝟏.𝒙𝟏 + 𝜷𝟐 .𝒙𝟐 + ...+ 𝜷𝒏 .𝒙𝒏  = 

𝑒𝜷𝟎𝑒𝜷𝟏.𝒙𝟏...𝑒𝜷𝒏.𝒙𝒏

𝑒𝜷𝟎𝑒𝜷𝟏.𝒙𝟏...𝑒𝜷𝒏.𝒙𝒏
 

→ Odds-Ratio = 
𝑒𝜷𝟎𝑒𝜷𝟏.𝒙𝟏...𝑒𝜷𝒏.𝒙𝒏

𝑒𝜷𝟎𝑒𝜷𝟏.𝒙𝟏...𝑒𝜷𝒏.𝒙𝒏
 =  

𝑒𝜷𝟎𝑒𝜷𝟏.𝒙𝟏...𝑒𝜷𝒏.𝒙𝒏

𝑒𝜷𝟎𝑒𝜷𝟏.𝒙𝟏...𝑒𝜷𝒏.𝒙𝒏
 = 

𝑒𝜷𝟏

𝑒0  =  𝑒𝜷𝟏 

 

A multidimensional generalisation of the softplus is the LogSumExp function defined as the 

logarithm of the sum of exponents. If the first term is set to zero, the first exponent is one and this 

can be used for the bias terms: 

LSE (𝑥1, 𝑥2, … 𝑥𝑛) = log (∑{𝑒𝑖
𝑥)

𝑛

𝑖=1

} 

A multivariable generalisation of the logistic function is the softmax function which can be used in 

multiclass classification methods such as multinomial logistic regression and thus useful as the 

output layer in deep neural networks: 

softmax (𝑧𝑖) =
𝑒𝑧𝑖

∑ 𝑒𝑧
 

Where the denominator sums over all z. In matrix notation for neural networks, Zi = XTWi 
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Just as the gradient of the softplus is the logistic function, the gradient of the LogSumExp function is 

the softmax function where each is the generalisation of the other.  

In gradient descent algorithms, minimising the log-loss in binary classification and multinomial 

logistic classification is equivalent to minimising the logistic or softmax loss (respectively). The 

usefulness of the softmax is better appreciated when compared to a method such as hardmax where 

the most likely class gets max output of 1.0 and the rest get zeros. Using softmax, a graded likelihood 

for the class, given the data, is obtained which can then be ranked, more akin to a spectrum of 

certainty than can be fine-tuned with further updates, as opposed to binary overly-confident 

estimates of the hardmax. This will be useful for multiclass EZ predictions.  

 

A.1.4.2 Feature Reduction 

Quite distinct from unsupervised learning, feature reduction is required for optimal learning, 

otherwise overfitting training data and underperforming in test data occurs. 

Wrappers, filters and embedded methods can be used for feature reduction (Memarian, Kim et al. 

2015). 

These filters are blind to feature correlations.  

A.1.4.2.1 Univariate Feature Reduction 

In linear algorithms, including logistic regression, features themselves can be pruned using separate 

results from univariate statistics comparing proportions, such as a chi-squared or Fisher’s exact test. 

One Scikit-learn module that can perform this easily is SelectKBest. This is a static feature reduction 

method – the pruned features do not alter the feature rankings. 

These methods, along with information gain, are useful for feature inclusion analyses where 

knowledge of coefficients of features is unknown, and underperform compared to other techniques 

of feature elimination.  

 

A.1.4.2.2 Recursive Feature Elimination 

RFE is a module from sklearn.feature_selection which uses the coefficients (log-odds) of the features 

in logistic regression to rank the features. Other models generate coefficients by different methods. 

The step determines how many features to eliminate in each step. The coefficients change every 

step and thus this is a dynamic method (cf univariate). Cross-validation folds are used in RFECV to 

determine the optimal number of features. As this is a feature reduction technique, the optimal 

features are the largest number of features with the maximum performance. One way to make this 

static, and in one step prune to the desired number of features, is to set a large step size.  

RFE is a greedy algorithm – at every step it searches for local optimised numbers of features, even 

though at the end of several steps this doesn’t guarantee the best performing set of features 

remaining. Again, one way to circumvent this is to attempt to tune the step size itself.  

Note that RFECV function does not provide the k-fold scores or standard deviations. Hence it may be 

useful to determine if there is significant overlap by retraining the original classifier and using 

cross_val_score(). 
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A.1.4.2.3 Maximum Relevance Minimum Redundancy 

Relevance is defined as the average mutual information of the different states of a feature (predictor 

variable) with that of the target variable. In a binary feature, there are only two states (one degree 

of freedom). This can be applied on discrete and continuous features. 
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A.2 Chapter 1 Supplementary Figures 
 

Figure A.1: 2017 ILAE Revised Classification of Seizures from (Fisher, Cross et al. 

2017) 

 

In 2017 the ILAE devised a revised classification of seizures (Fisher, Cross et al. 2017). 

  



Page 332 of 388 
 

Figure A.2: Multi-level classification of epilepsies from (Scheffer, Berkovic et al. 

2017)  

 

Depending on available resources, different levels of classification may be possible (Scheffer, 

Berkovic et al. 2017). 
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A.3 Chapter 2 Supplementary Results 

A.3.1 Feature Evaluations 

Figure A.3: Cramer’s V correlations 

 

Correlations between individual (unmerged) categories of semiology. Note that these are symmetric 
univariate categorical associations, e.g., where EZ is correlated to the following: HS, hypomotor 
(behavioural arrest), oral automatisms and fear-anxiety.   
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A.3.2 RFECV: Recurrent Feature Elimination Cross-Validation 

Figure A.4: Recurrent Feature Elimination with Cross-Validation (RFECV) 

 

A

           

B

 

Accuracy, balanced accuracy and F1-macro score plots against number of features for (A) SVC and 
(B) GB classifiers. The benchmark scores are dashed horizontal lines.  
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Figure A.5: Feature Ranking of LR SoS+HS model 

 

The best features obtained from RFECV for LR SoS+HS model, which was not presented in the manuscript (chapter 2). The features are very similar to the 
ones obtained from GB and SVC and included in the manuscript.   
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A.3.3 Learning Curves 

 

The learning curves for GB and linear-SVC after RFECV are in chapter 2.  

The learning curves for SVC, LR with and without HS, and with and without RFECV are presented 

below.  
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Figure A.6: Learning Curves SoS  

 

F1_macro score against training samples for linear-SVC and LR models. The panel on the left shows 
learning curves using all features. The panel on the right shows the learning curves using only the 
best features obtained from RFECV. Comparing the validation set scores (green) from RFECV shows 
similar or better results.  
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Figure A.7: Learning Curves SoS+HS 

A         B 

(A) F1_macro against 
training samples. (B) 
accuracy score against 
training samples. RFECV 
improves SoS+HS 
validation fold results. 
Validation fold results are 
generally better than 
when using SoS alone 
(Figure A.6).     
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Table A.1: Expanded Machine Learning Models for Temporal EZ-Localisation (Step 1) 

Model-RFECV 

 

5-CV  

metric 

+/-std (refit) 

Naïve 

Benchmark 

Automotor 

Semiology 

Univariate 

Benchmark 

HS 

Imaging  

Univariate 

Benchmark 

LR SoS LR SoS+HS Linear Support 
Vector 

Classifier SoS 

Linear Support 
Vector Classifier 

SoS+HS 

Naïve Bayes 
Bernoulli (SoS/ 

SoS+HS) 

Random Forest 

SoS 

Random 
Forest 

SoS+HS 

GB 

SoS+HS 

# of features (min 
required for equivalent 

results) 

N/A 1 1 16 25 (18) 40 (30) 9 41 (5) 22 (7) 21 (11) 17 

F1 average macro N/A 0.61± 0.06 0.59± 0.06 0.68 ± 0.17 
(0.88) 

0.75 ± 0.16 
(0.88) 

0.72 ± 0.16 
(0.88) 

0.85 ± 0.14 (0.91) 0.76 ± 0.15 0.60 ± 0.15 
(0.98) 

0.68 ± 0.16 
(0.98) 

0.81 ± 0.14 (0.98) 

Balanced 

Accuracy 

0.5 0.67± 0.07 0.75± 0.04 0.65 ± 0.13 

(0.82) 

0.72 ± 0.15 

(0.82) 

0.70 ± 0.15 

(0.82) 

0.81 ± 0.14 

(0.86) 

0.73 ± 0.14 0.60 ± 0.12 

(0.96) 

0.67 ± 0.14 

(0.96) 

0.80 ± 0.15 (0.96) 

Accuracy 0.83 ± 0.04 0.71± 0.05 0.63± 0.05 0.92 ± 0.03 
(0.96) 

0.93 ± 0.03 
(0.96) 

0.92 ± 0.04 
(0.96) 

0.96 ± 0.03 (0.97) 0.93 ± 0.04 0.89 ± 0.04 
(0.99) 

0.91 ± 0.04 
(0.99) 

0.93 ± 0.05 (0.99) 

Sensitivity / Recall  1 0.73± 0.06 0.56± 0.06 1.0 ± 0.004 0.995 ± 0.015 0.98 ± 0.03 1.0 ± 0.006 (1.0) 0.98 ± 0.03 0.97 ± 0.04 (1.0) 0.98 ± 0.03 
(1.0) 

0.97 ± 0.04 (1.0) 

Specificity 0 0.62± 0.14 0.94± 0.06 0.30 ± 0.26 
(0.64) 

0.44 ± 0.29 
(0.64) 

0.42 ± 0.29 
(0.64) 

0.61 ± 0.28 (0.71) 0.49 ± 0.28 0.12 ± 0.19 
(0.93) 

0.25 ± 0.25 
(0.93) 

0.62 ± 0.29 (0.93) 

PPV 0.83 ± 0.04 0.90± 0.04 0.98± 0.02 0.92 ± 0.03 
(0.96) 

0.94 ± 0.03 
(0.96) 

0.93 ± 0.03 
(0.96) 

0.96 ± 0.03 (0.97) 0.94 ± 0.03 0.91 ± 0.03 
(0.99) 

0.92 ± 0.03 
(0.99) 

0.95 ± 0.03 (1.0) 

NPV 0 0.32± 0.09 0.31± 0.07 0.64 ± 0.48 
(1.0) 

0.77 ± 0.39 
(1.0) 

0.67 ± 0.40 (1.0) 0.93 ± 0.25 (1.0) 0.72 ± 0.36 0.26 ± 0.42 (1.0) 0.51 ± 0.47 
(1.0) 

0.76 ± 0.31 (1.0) 

AUROC N/A N/A N/A 0.89 ± 0.11 0.95 ± 0.06 0.83 ± 0.14 0.95 ± 0.05 0.89 ± 0.10 0.73 ± 0.16 0.81 ± 0.15 0.95 ± 0.07 

MCC [bootstrap 
refit]  

 

0 

 

[0.28± 0.12] 

 

[0.38± 0.08] 

0.41 ± 0.33 

[0.76 ± 
0.22] (0.78) 

0.55 ± 0.31 

[0.76 ± 
0.22] (0.78) 

 0.48 ± 0.32  

[0.76 ± 0.22] 
(0.78) 

0.54 ± 0.29 

 [0.81 ± 0.19] 
(0.83) 

0.55 ± 0.29 

[0.72 ± 0.23] 
(0.74) 

0.24 ± 0.30 

[0.96 ± 0.09] 
(0.96) 

0.41 ± 0.31 
[0.96 ± 

0.09] (0.96) 

0.64 ± 0.27 

[0.96 ± 0.09] 
(0.96) 

Theil’s U 
symmetric CV 

[asymmetric 
bootstrap refit] 

 

0 

 

[0.10± 0.07] 

 

[0.21± 0.08] 
(0.28) 

0.31 ± 0.26 

[0.57 ± 
0.29] (0.53) 

0.42 ± 0.28 

[0.57 ± 
0.29] (0.53) 

0.35 ± 0.28 

[0.57 ± 0.29] 
(0.53) 

0.38 ± 0.27  

[0.65 ± 0.29] 
(0.604) 

0.39 ± 0.27 

[0.53 ± 0.29] 
(0.46) 

 

0.17 ± 0.21 

 [0.91 ± 
0.19] (0.87) 

 

0.28 ± 0.25 

[0.91 ± 
0.19] (0.87) 

 

0.48 ± 0.29  

[0.91 ± 0.19] 
(0.87) 

Step 1 CV performance metrics. Mean and standard deviation of 1,000 x 5 CV scores. Benchmark std given by bootstrapping 2,000 x 5 CV. Brackets represent model refit 

scores which are training scores. Square brackets bootstrap model refit samples. cvs= cross_val_score(cv=5) from sklearn.model_selection. RFECV=Recursive Feature Elimination with cv. 

std=standard deviation. cv=cross-validation. Acc=accuracy, f1=f1-macro, bal=balanced accuracy. MCC=Matthews Correlation Coefficient.   
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A.3.4 Value of Semiological and Imaging Concordance 

Figure A.8: Value of Concordance using Distribution of MCC scores 

 

SoS vs SoS+HS Distribution of Scores (Step 1, EZ-localisation). MCC distributions for SoS and SoS+HS 
results for GB, SVC, LR and RF. The panel on the left shows the distribution of MCC scores using 1000 
x 5 CV, showing GB SoS+HS has the highest proportion of MCC=1.0. The right panel shows the 
boxplots, showing only in the case of GB was there a clear improvement in scores with concordance.  
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Figure A.9: MCC and NMI Violin Plots 

 

These violin plots show the distributions of the MCC scores in more detail than boxplots. MCC scores can lie between [-1,1] whereas NMI scores vary between 
[0,1]. LR SoS+HS performs as well as SVC, but both have lower median scores and less scores at 1.0 than GB SoS+HS.  
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Figure A.10: Precision-Recall Curves  

 

Precision-Recall curves for GB, LR and SVC models, with and without HS. All three models show 
improvements with multimodal imaging and semiology features. All three models perform similarly 
on this metric. These are without RFECV technique.  
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A.3.5 Unsupervised Methods 

Figure A.11: Principal Component Analysis 

 

PCA of the training-set features SoS+HS, in 2-dimensions. The data was labelled for EZ. Higher 
polynomial orders (2 and 3) were not helpful either in segregating the labels. PCA was not helpful in 
feature reduction.   
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A.3.6 Supplementary Figures 

Figure A.12: Step 2 Median Outcomes by Predicted-Resected Congruence  

 

Median outcomes by congruence of model prediction to actual resected lobe for linear SVC SoS+HS 
(STEP 2). Bootstrapped 95% confidence intervals. Incongruent extratemporal resections fair worse 
than congruent temporal resections, but this is a subset of extratemporal generally having worse 
outcomes.  
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Figure A.13: HS and TLE 

 

 

Interaction between imaging-HS and temporal-EZ resections. At the alpha 5% level of significance, 
extratemporal resections (HS absent) have worse ESF rates (two-by-two Fisher’s exact). On the other 
hand, Temporal-EZ patients with HS fair better on a similar analysis. Note that if using all imaging 
features (lesions), then there are 6 added cases for each of the temporal and extratemporal imaging-
present bars on the right, and 6 less from the imaging-absent for each of T and ET (left) and the 
results of statistical tests are unaffected.   

  



Page 346 of 388 
 

Figure A.14: Step 3 Learning Curves for Direct Prediction of Outcomes 

 

No model was able to predict outcomes better than benchmarks, this was despite also using the 

resected lobe label. Note the valuable interaction (Figure A.13) between imaging-HS and TL 

resections, with the baseline benchmark in Figure A.14.  

 

Learning curve accuracy vs training samples for Step 3, prediction of ESF, using linear-SVC with 
SoS+HS+EZ labels. There is no significant learning above univariate benchmark.  
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Figure A.15: RFECV for Step 3 Support Vector Classifier 

 

RFECV for SVC for the prediction of ESF. There is no significant improvement or matching of benchmarks. Predicting seizure-freedom at one-year was similar.  
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A.4 Chapter 3 Supplementary Materials 

Table A.2: Collated univariate and multivariate prognostic features of epilepsy 

surgery from individual papers.  

CLINICAL FEATURES 

Hypermotor 
(hyperkinetic) 

+ (positively 
prognostic) 

17 of 31 surgical patients were seizure-free (Engel I) for at least 
6 months (short follow-up) 

(Alqadi, 
Sankaraneni et 

al. 2016) 

SGTCS  

(in FLE) 

- (negatively 
prognostic) 

“FLE, as compared to TLE, has a higher rate of SGTCS and a 
poorer surgical outcome. All patients (100%, n = 8) without a 

history of SGTCS were seizure‐free, compared to a third (33%, n 
= 5) of patients with a history of SGTCS”. 

25 surgical patients, ILAE 1 or 2 outcomes (so possibility of SOZ 
not being resected during surgery), followed-up for one year. 

(Baud, 
Vulliemoz et al. 

2015) 

Tonic seizures / 
SGTCS 

- 

 

 

- 

Univariate and Cox multivariate step-wise logistic regression was 
used, quoting hazard ratios.  

 

Seven-center n=339 resections of any lobe (ILAE 1 and 2 for 2 
years), but absence of GTCS only an independent and 

significant predictor in multivariate models of the mesial temporal 
subgroup (chi-squared and proportional hazards). 

(Elsharkawy, 
Alabbasi et al. 

2008) 

 

 

 

(Spencer, Berg 
et al. 2005) 

Lateralising semiology 

Lateralising aura 

 

Absence of lateralising 

semiology to non‐
lesional hemisphere 

+ 

 

+ 

 

 

+ 

 

 

Lateralising semiologies: CL somatosensory, visual aura, CL 
tonic, CL clonic, eye version, head version. 

“69% of patients with lateralizing auras, but only 28% of without 
lateralizing auras (P = 0.01); 

57% of the patients with lateralizing seizures, but only 17% of 
without lateralizing ictal semiology (P = 0.02)” 

Note however that a later 2015 article directly contradicts the 
above for mTLE-HS: “The presence of reliable lateralizing signs 
is not associated with a better postoperative outcome.” (Dupont, 

Samson et al. 2015) 

 

(Boesebeck, 
Schulz et al. 

2002) 

Autonomic  

Eye deviation 

CL Head Version 

Multifocal onset 

- 

- 

- 

 

- 

37 patients with frontal lobectomy. 

Univariate and Multivariate Logistic Regression (4 features) 

Also contrary to other studies, 15 patients with SGTCS did not 
have poor outcome. 

 

(Ferrier, 

Engelsman et al. 

1999) 

Absence of GTCS + Complex partial had better outcomes than generalized seizures 
in univariate but not multivariate analyses  

(Chung, Lee et 
al. 2005) 

Dystonic posturing in 
mesial temporal lobe 

seizures 

- "Dystonic posturing could be per se a marker of seizure severity 
in term of perfusion changes, since mesiotemporal lobe seizures 

with contralateral dystonic posturing show more widespread 
hyper- and hypoperfusion than complex temporal seizures 

without dystonic posturing. " 

(Chassagnon, 
Namer et al. 

2009) 

Persistent post-
operative aura 

-  (Elsharkawy, 
Alabbasi et al. 

2008) 

Febrile convulsions in 
childhood 

 

- 

 

 

68 patients with frontal lobe resections. Excellent outcome was 
defined as being seizure free or having only nondisabling 

seizures at last follow up. 

 

(Mosewich, So 
et al. 2000) 
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+ OR=12 

Not associated with outcomes: etiology, history of major brain 
trauma, history of status epilepticus, age at unprovoked seizure 
onset, presence of aura, presence of unilateral motor seizure 
activity, concordance of interictal epileptiform discharges with 

site of surgery, seizure frequency score in the year before 
surgery, intelligence quotient, age at surgery, duration of 

epilepsy history before surgery, and maximal extent of resection. 

 

53/89 TLE resections were seizure free, 22 had febrile 
convulsions. (22/2)/(31/34) 

 

 

 

 

 

 

 

(Salanova, 
Markand et al. 

1994) 

IQ<70 or “mental 
retardation” 

- 

 

 

 

neutral 

113 post-operative patients, cross-sectional study, 5 features 
used in a mathematical model (semiology, MRI, EEG, MRI/EEG 

concordance, and IQ) 

 

No difference between 7 Engel I, II vs 14 NSF (84 vs. 102, p < 
0.1).  

(Adam, Saint‐
Hilaire et al. 

1994, Chelune, 
Naugle et al. 

1998, 
Elsharkawy, 

Alabbasi et al. 

2008, Dugan, 
Carlson et al. 

2017) 

Unilateral focal motor 
activity 

- 113 post-operative patients, cross-sectional study, 5 features 
used in a mathematical model (semiology, MRI, EEG, MRI/EEG 

concordance, and IQ) 

(Dugan, Carlson 
et al. 2017) 

Normal intelligence 
(Temporal resections) 

+ 64 paediatric patients. Chi-squared, t-tests and logistic 
regression. 

No variables had positive correlation with outcome in the 
extratemporal group. 

(Gashlan, Loy-
English et al. 

1999) 

“typical” mesial TL 
semiology 

+ 26 adults, non-lesional temporal lobe epilepsy. Univariate and 
multivariate logistic regression. P<0.05 without correction. Engel 

1 at 2 yrs. Older age at seizure onset was also a positive 
predictive feature in univariate analysis. 

(Ivanovic, 
Larsson et al. 

2017) 

Seizure-freedom at 
2yrs 

 

 

 

Probability 
86% (95% CI 

76–98) 

Frontal Lobe epilepsy: 97 patients from 1991-2005.  (Elsharkawy, 
Alabbasi et al. 

2008) 

Auras and subclinical 
seizures 

RR = 2.8 >80% with auras and subclinical seizures became free of 
complex partial seizures post-operatively, compared to 29% 

without.  

Note that this effect was not tested for independence from 
Temporal lobe resections and is thus more likely to be of 

localizing value rather than prognostic per se.  

(Sperling and 
O'Connor 1990) 

Age at seizure onset None No difference between 14 Engel I,II vs 7 NSF.   (Adam, Saint‐
Hilaire et al. 

1994) 

Pre-operative duration 
of epilepsy 

None No difference between 14 Engel I,II vs 7 NSF.   (Adam, Saint‐
Hilaire et al. 

1994) 

Seizure frequency None No difference between 14 Engel I,II vs 7 NSF.   (Adam, Saint‐
Hilaire et al. 

1994) 

Post-operative 
seizures 

- Within two months of surgery, multivariate with validation.  (Armon, Radtke 
et al. 1996) 
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IMAGING / PATHOLOGICAL 

Non-lesional focal 
cortical malformations 

 

Extra-frontal imaging 
abnormality 

RR= -2.22 

 

 

 

RR= -1.75 

 

70 patients with frontal lobectomy, followed up for at least 1 year. 
“Complete Seizure-Freedom” allowed for auras (ILAE 2) and 

seizures in the first post-operative week. 

 

Variables with a significance level of 10% on initial univariate 
analysis were used in multivariate Cox proportional hazards 

regression model. Significance at the 5% level. (No correction for 
multiple comparisons). 

(Jeha, Najm et 
al. 2007) 

Neuroimaging lesion 

 

 

 

 

 

 

Lesion in both 
temporal and 

extratemporal epilepsy 

+ 

 

 

 

 

+ 

 

 

+ 

37 patients with frontal lobectomy. Univariate and Multivariate 
Logistic Regression (4 features) 

(Kral, Kuczaty et al. 2001): 32 pediatric cases 

(Yun, Lee et al. 2006): 193 neocortical epilepsy patients, 
univariate and multivariate logistic regression 

multivariate analysis with validation, n=116, Engel I. 

 

Their Table 1 contains a review of lesions and outcomes. 

(Ferrier, 

Engelsman et al. 

1999, Kral, 

Kuczaty et al. 

2001, Yun, Lee et 

al. 2006, 

Elsharkawy, 

Alabbasi et al. 

2008) 

 

 

 

(Armon, Radtke 
et al. 1996) 

 

 

(Blume, 
Ganapathy et al. 

2004) 

Hippocampal sclerosis 
/atrophy 

+ Seven-center n=339 multivariate study, only significant in mesial 
temporal subgroup.  

 

Unilateral medial temporal lobe atrophy on MRI (n=109) vs 
symmetric hippocampal volumes (n=50). N=159.  

(Cascino, 

Trenerry et al. 

1996, Spencer, 

Berg et al. 2005) 

Frontal lobe lesion on 
neuroimaging 

+  (Mosewich, So 
et al. 2000) 

MRI lesion 
distributions 

+ (to negative 
gradient) 

Unilateral MTS > other temporal lesions >  

normal MRI = extratemporal lesion > 2 or more potential 
epileptogenic lesions (n=113) 

(Dugan, Carlson 
et al. 2017) 

Well circumscribed 
lesions 

+ Vascular lesions e.g. cavernomas (Elsharkawy, 
Alabbasi et al. 

2008) 

Abnormal pre-
operative MRI 

+ Normal scans had worse outcomes (Englot, Lee et 
al. 2013) 

Tumor aetiology  

(vs non tumor) 

 

Tumor vs 
developmental 

abnormalities, focal 
dysplasias vs 

heterotopias/ 
hamartomas (occipital) 

+ 

 

 

 

+ 

80% (n = 8 out of 10) of the patients with a tumor, but only 34% 

(n = 11 out of 32) of the non‐tumor group were seizure free post-
resection (p = 0.015) 

 

 

35 patients with occipital lobe epilepsy: outcomes not predicted 
by EEG localisation, location within occipital lobe, surgical 

approach, intracranial ictal onset or termination 

 

(Gashlan, Loy-
English et al. 

1999, 
Boesebeck, 
Schulz et al. 

2002) 
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(Aykut‐Bingol, 
Bronen et al. 

1998) 

Interictal FDG-PET 
and SPECT 

None 

 

+ 

26 adults. See above for details. Not predictive. 

 

Localisation by FDG‐PET but not SPECT in 89 patients without 

MRI lesions. Univariate.  

(Ivanovic, 
Larsson et al. 

2017) 

 

(Lee, Lee et al. 
2005) 

Ictal SPECT + OR=4 Increased blood flow ipsilateral to resection (46/22)/(7/14) (Salanova, 
Markand et al. 

1994) 

Localized 
hypometabolism on 

FDG-PET 

+ Univariate and multivariate (Yun, Lee et al. 
2006) 

  (Blume, Ganapathy et al. 2004) contains a review of the 
literature on focal lesions and outcome (2003) 

(Blume, 
Ganapathy et al. 

2004) 

    

Neurophysiology 

MRI and EEG 
concordance 

+  (Dugan, Carlson 
et al. 2017) 

Post-operative 
interictal epileptiform 

discharges 

- In frontal (n=37), occipital (n=42), parietal (n=82) lobe epilepsy  

 

(Salanova, 
Andermann et 

al. 1992, 
Salanova, 

Andermann et 
al. 1995, 

Elsharkawy, 

Alabbasi et al. 
2008) 

Unifocal EEG 
abnormality 

 

 

 

 

 

EEG anatomical 
distributions of spikes 

+ 

 

 

 

 

None 

 

+ to negative 
gradient 

  

(Yun, Lee et al. 2006): Univariate and multivariate 

(Ivanovic, Larsson et al. 2017) localized ictal but not inter-ictal 
discharges 

(Jung, Pacia et al. 1999)Focal icEEG (N=31) 

 

sEEG 14 Engel I,II vs 7 NSF 

 

unifocal temporal > unifocal extratemporal = normal = bilateral 
independent = multifocal > generalised 

(Jung, Pacia et 
al. 1999, Yun, 

Lee et al. 2006, 

Francione, Liava 
et al. 2015, 
Ivanovic, 

Larsson et al. 
2017) 

 

 

 

(Adam, Saint‐
Hilaire et al. 

1994) 

 

 

(Dugan, Carlson 
et al. 2017) 

Ipsilateral EEG  + Ipsilateral interictal epileptiform discharges in pre-operative EEG (Elsharkawy, 
Alabbasi et al. 

2008) 

Localisation by 
interictal EEG 

+ 89 patients with all types of resections with normal MRI. 
Univariate analyses.  

(Barry, Sussman 
et al. 1992, Lee, 
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(Francione, Liava et al. 2015) 40 adult and pediatric patients with 
parietal lobe epilepsy (8 Engel I vs 2 other outcomes) 

 

(Barry, Sussman et al. 1992)well-localized unilateral interictal 
temporal spikes in anterior temporal resections (n=48) 

Lee et al. 2005, 
Francione, Liava 

et al. 2015) 

Generalized EEG 
patterns 

RR= -1.83 

 

70 patients with frontal lobectomy, followed up for at least 1 year. 
“Complete Seizure-Freedom” allowed for auras (ILAE 2) and 

seizures in the first post-operative week. 

 

(Jeha, Najm et 
al. 2007) 

(Blume, 
Ganapathy et al. 

2004) 

Subdural EEG 

 

 

- 

 

 

“Although ictal semiology guided the site of surgical resection, it 
and other aspects of seizure and neurologic history failed to 

predict surgical outcome.” 

(Blume, 
Ganapathy et al. 

2004, 
Elsharkawy, 

Alabbasi et al. 
2008) 

Lack of invasive 
monitoring 

+ multivariate analysis with validation, n=116, Engel I. (Armon, Radtke 
et al. 1996) 

Distant spike focus 

Extra-lesional 
epileptiform 
discharges 

 

Percentage of EEG 
activity arising from 

site of resection 

- 

 

- 

 

 

 

+ 

 

i.e. indicators of multifocal SOZ 

 

 

 

 

multivariate analysis with validation, n=116, Engel I. 

(Blume, 
Ganapathy et al. 

2004) 

 

(Bautista, 
Spencer et al. 

1998) 

 

 

 

(Armon, Radtke 
et al. 1996) 

Lack of generalized 
seizures 

preoperatively  

+ odds ratio 1.74, 95% confidence interval 1.06-2.86. (Englot, Lee et 
al. 2013) 

MEG dipoles 
contralateral to 

resection 

- On multivariate analysis, strongest independent predictor of 
unsatisfactory outcome was MEG dipoles in the occipital lobe 
contralateral to resection. Only in univariate analysis (Fisher’s) 

were age at onset and age at surgery significant, along with 

localizable MRI lesions.  

(Ibrahim, Fallah 
et al. 2012) 

Extratemporal 
propagation 

None  No difference between 14 Engel I,II vs 7 NSF (TLE) (Adam, Saint‐
Hilaire et al. 

1994) 

 extratemporal spread - Extratemporal spread of the interictal spike on scalp EEG either 
unilaterally or bilaterally: one-third improved with anterior 

temporal lobe resections in 48 patients cf 76% improved with 

bilateral temporal spikes and 100% improved in well-localized 
unilateral interictal temporal spikes.  

(Barry, Sussman 
et al. 1992) 

Slow propagation time + 

[OR=6] 

N=31 intracranial EEG in neocortical temporal lobe epilepsy. 
Engel I. Slow: when propagation time was more than 1 second 
but with slow contiguous seizure spread to adjacent electrodes 

or when seizures remained isolated to the temporal lobe. OR = 
(18/5)/(3/5). 

(Jung, Pacia et 
al. 1999) 

SURGICAL 

Extended resections - cf incomplete resections also a negative prognostic feature (Salanova, 
Andermann et 

al. 1992) 
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Incomplete resections - 

RR= -2.56 

cf extended resections also a negative prognostic feature 

 

(Blume, Wiebe 
et al. 2005, 
Elsharkawy, 

Alabbasi et al. 

2008) 

(Jeha, Najm et 
al. 2007) 

Complete excision + (Francione, Liava et al. 2015) total resection of EZ in 40 patients 
with parietal lobe epilepsy associated with good outcomes. 

(Kloss, Pieper et al. 2002) 68 paediatric patients with focal 
cortical dysplasia 

(Kloss, Pieper et 
al. 2002, 

Francione, Liava 
et al. 2015) 

Presence of mesial 
temporal lobe 

structures 

TLE 

+ 

 (Salanova, 
Markand et al. 

1994) 

Prognostic features from individual studies. Due to heterogeneity, most magnitudes of association 

are not comparable. 
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Figure A.16: Simplified SCM 

 

 

R code for this simplified SCM and more complete SCM can both be found online in data supplements 2 and 3 from (Alim-Marvasti, Vakharia et al. 2022). 
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A.5 Chapter 4 Supplementary Materials 
 

 

Table A.3: Descriptions of All Categorised Semiologies in SemioDict 

Category Subset Examples Comments 

Aphasia mute, speech arrest, aphemia anarthria does not include postictal aphasia 

Astatic drop attack 
does not differentiate between tonic or atonic 

astatic 

Asymmetric Tonic fencing, figure of 4 laterality is with respect to raised/extended arm 

Atonic flaccid, jelly, head drop  

Auditory hearing sounds, auditory hallucination  

Automatism - Automotor Manual and Oral 

upper limb automotor, fiddling, pedal, 
automatisms, lip smacking, chewing, 

oroalimentary, orofacial automatisms, 
ictal drinking, ictal swallow 

pedal automatisms exclude hypermotor 
pedalling or cycling leg movements 

Automatisms - Other 
blink, ictal cough, gelastic, dacrystic 

spitting, ictal nose wiping, ictal face rub 
 

Autonomic 

cardiovascular e.g. ictal bradycardia, 
respiratory e.g. hypopnoea 
gastrointestinal: e.g. nausea 

 

also includes urinary e.g., urinary urge, pilomotor 
and laryngeal constriction 

Clonic repetitive or rhythmical jerks  

Complex Behavioural 
behavioural change, fearful behaviour, 

wandering, awakening or arousal, compulsive 
checking 

cf. fearful behaviour with fearful expression 
under mimetic 

Dialeptic-LOA-LOC 
 

blank, unaware, loss of contact stare, distant 
gaze, dreamy state, dyscognitive, not with it 

blackout, psychomotor arrest, loss of 
consciousness, unconscious 

does not distinguish between partial and 
complete loss of consciousness 
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Dysphasia - Ictal Speech 
 

difficulty speaking or incoherent speech, 
expressive dysphasia, incomprehensible but 

formed words, ictal speech, palilalia, coprolalia 

cf. vocalisation (nonsensical sounds). Excludes 
postictal dysphasia. NB potential overlap with 

vocalisation and ictal speech 

Dystonic twisted posture  

Epigastric Aura 
abdominal aura, butterfly sensation, 

rising sensation 
 

Eye Movements 
 

nystagmus (fast phase direction), ocular flutter, 
complex ocular movements, gaze deviation and 

versive eye movements 
 

Fear-Anxiety 
sense of impending doom, fear, anxiety, 

negative emotion 
cf. psychic category 

Gustatory taste aura  

Head or Body Turn head turn, gyroscopic or body turn Cf. head version which is forced head turning 

Head Version 
forced head deviation over shoulder, extreme 

head turn 
cf. head turn which is unforced with milder head 

turning 

Hypermotor 

large proximal limb or axial movements, 
hyperkinetic, head banging, pedaling, kicking, 

pelvic thrust 
 

Hypomotor  

note this is a paediatric only semiology, used 
when it is 

difficult to differentiate between behavioural 
arrest or dialeptic semiologies 

Ictal Limb Paresis ictal hemiparesis, ictal hemiplegia  

Ictal Pout chapeau  

Mimetic Automatisms 
grimace, raising of eyebrows, mimetic, facial 

expression, fearful expression 
 

Myoclonic Jerk  

No Semiology - Only Stimulation Studies 
when stimulation has no semiology, 

clinically silent electrographic seizure 
a report of no subjective or objective semiology 

during cortical stimulation 

Non-Specific Aura 
vague, unspecified aura lightheaded, dizzy, 

indefinable feeling, cephalic sensation 
 

Olfactory smell  
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Postictal Aggressive  excludes ictal 

Postictal Aphasia  excludes ictal 

Postictal Cough  excludes ictal 

Postictal Dysphasia postictal dysphasia and paraphasia excludes ictal 

Postictal Hemiparesis or Hemiplegia Todd's paresis or paralysis excludes ictal 

Postictal Nose-wiping  excludes ictal 

Postictal Oral or Manual Automatisms 
postictal oral automatisms, postictal automotor, 

postictal drinking excludes ictal 

Psychic 
experiential, affective, erotic, déjà vu, deja vecu, 

jamais vu, derealisation, depersonalisation 
excludes fear/anxiety which has been 

categorised separately 

Somatosensory tingling, touch sensation  

Spasms 
infantile spasm and epileptic spasm 

usually used in paediatric cases, however, 
Semio2Brain data from publications also included 

adults 

Tonic stiff, tonic posturing excludes tonic and clonic 

Tonic-Clonic 
tonic and clonic together 

excludes tonic only and excludes secondarily 
generalised, therefore few cases 

Vestibular vertigo, spinning sensation  

Visual 

formed visual hallucinations e.g., people or 
objects, movement of objects (not vestibular), 

phosphene, macropsia, micropsia, 
metamorphopsia 

 

Vocalisation - Unintelligible Noises grunt, mumble, hum cf. ictal speech and dysphasia 

 

Full list of SemioDict semiology categories and descriptions   
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Table A.4: Normalised vs not normalised data (all-data) 

 

Brain Region Not Normalised Normalised 

Temporal Lobe 0.589 0.626 

Frontal Lobe 0.158 0.137 

Cingulate 0.034 0.022 

Parietal Lobe 0.046 0.038 

Occipital Lobe 0.032 0.033 

Insula 0.126 0.128 

Hypothalamus 0.015 0.016 
The effect of normalisation on unfiltered all-data lobar localisations in Semio2Brain database. 
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A.5.1 Visual Bias Assessment: Sankey Permutations 

Appendix Figure A.17 attached as a supplementary file is an interactive Sankey diagram. This shows 

year of publication, ground truths, topological priors, lobes, and semiologies. Publication biases from 

topological studies are highlighted with pink links favouring the temporal and occipital lobes as well 

as the insulae. The rest of the datapoint flows appear to have sufficient variance of sources and 

destinations.  

Appendix Figure A.18 is attached as a supplementary file is an interactive Sankey diagram, showing 

the biases again in pink, but this time with the temporal lobe split into mesial, anterior, lateral, and 

basal regions. Biases are shown to be present for all of these subregions. Additionally, there is a 

labelled age layer showing the majority of datapoints in the database version we used had no 

documented age.   

Appendix Figure A.19 looks at the flows between topological priors and semiological categories 

(layers three and four). It does not show significant biases other than the fact that the majority of 

datapoints generally come from topological studies. Layers four and five show flows from 

semiologies to lobes which are also sufficiently varied. The last two layers show that the majority of 

insular datapoints originate from individuals over 7 years old, while the majority of interlobar 

junction (“other”) datapoints originate from children under 7 years.  

Interactive online versions of these figures are available at the repository 

https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/master/images/Sankey.  

https://github.com/thenineteen/Semiology-Visualisation-Tool/tree/master/images/Sankey
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Figure A.17: Sankey permutation 1 (Year, GT, Study Prior, Lobe, Semiology) 
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Figure A.18: Sankey permutation 2 (Year, GT, Study Prior, Lobe with TL breakdowns, Semiology, Age) 
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Figure A.19: Sankey permutation 3 (Year, GT, Study Prior, Semiology, Lobe with TL breakdowns, Age) 



Page 363 of 388 
 

A.5.2 Sensitivity Analysis Results 

Figure A.20: Direct comparison of all ground truths vs seizure-freedom only (unfiltered) 

 

Ground-Truth Sensitivity Analysis with all-data (unfiltered): localising values for the 12 most commonly occurring 
semiologies. Empty grey circles are all-three ground truths (same as empty grey circles in Figure 4.4). Filled blue circles 
here are seizure-freedom ground-truth only for both topological and non-topological studies (same as grey empty circles in 
Figure 4.6). 
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Figure A.21: Direct comparison of all ground truths vs seizure-freedom only (filtered) 

 

Ground-Truth Sensitivity Analysis with filtered-data: localising values for the 12 most commonly occurring semiologies. 
Empty grey circles are all-three ground-truths from filtered-data (same as filled blue circles in Figure 4.4). Filled blue 
circles here are seizure-freedom ground-truth only from filtered-data (same as filled blue circles in Figure 4.6).  
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Figure A.22: Age Labels Adults Only 

 

Seizure semiology localising values for the 12 most commonly occurring semiologies, excluding children under 7 years 
(where age labels are known). This Figure is the counterpart to main manuscript figure 3, excluding datapoints with age 
labels under 7 years old (all ground-truths). Empty circles: all-data. Filled blue circles: topological filtered data.   
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A.6 Chapter 5 Supplementary Materials 
 

Figure A.23: SVT call stack tree   

The lower-case query_semiology and query_lateralisation modules are part of the API with the mega_analysis modules which encompasses the upper-case 

modules by the same names at the repository https://github.com/thenineteen/Semiology-Visualisation-Tool.  

  

https://github.com/thenineteen/Semiology-Visualisation-Tool
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Figure A.24: Left automatisms with and without Bayesian 

A 
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B 

  

A direct TS query for left sided oral and manual automatisms with global lateralisation.  

B Bayesian TS-posterior, showing similar probabilistic heatmap mainly implicating mesial temporal structures.  

In chapter 5 I showed how Bayesian queries can correct for publication bias that favours the mesial temporal structures. Here I demonstrate that 

genuine associations of semiologies to the mesial temporal structures, as ascertained by semiological literature, are not adversely affected by 

Bayesian inference.  
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Figure A.25: Averaging Methods using Olfactory Queries 
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Averaging methods between SS and Bayesian-TS olfactory queries, using marginals from TS and SS as p(GIF) and 
p(Semiology) priors (top panel), or using the sample query results as the estimates for the marginals (middle panel) or 
using equal weighting between the two (mean, final panel). 
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Table A.5: Patient Details 

Patient 
 

Age 
Handedness 

Sex 
 

Language 
Dominance 

Initial Preoperative Semiology 
(SemioDict category) 

Preoperative Set of Semiology 
(SemioDict category) 

Examination and Investigation 
Summary 

 
 

Resection: 
Laterality, 
structure/ 

lobe, 
year 

Postoperativ
e Seizure 
Freedom 
ILAE Scale 

(follow-up) 

1 
 

48 RH M 
Anon# 97 
IDP# 532 

L Rising sensation aura (Epigastric) 
Euphoria (“euphoria”) 

Loss of awareness (LOA) 
Dyspraxia (“dysprax”) 

MRI: R anterior temporal lesion. 
VT: R frontotemporal low amplitude rhythmic.  

R 
T Lx 

2005 

ILAE 1 (11 years) 

2 
 

56 RH F 
Anon# 103 
IDP# 868 

 

L Sing-song feeling in head with no 
identifiable tune (Auditory) 
 
R hand automatisms (Oral and Manual 
Automatisms) 

Groan (Vocalisation – Unintelligible Noises) 
Flexion at elbows and clenching of fists (Tonic) 
Side-to-side rocking movements upper body and 
head (Hypermotor) 
Utters grammatically correct sentences but out of 
context (Dysphasia – Ictal Speech) 
Dribbles, altered breathing, blue lips (Autonomic) 
 

Preop exam: jerky eye pursuits and hint of 
finger-nose ataxia. 
VT: interictal right more than left sharp waves. 
Ictal regional right temporal. 
MRI: R hippocampal sclerosis and diffuse 
white matter lesions. 

R 
T Lx 

2009 

ILAE 1 (6 years) 

3 
 

33 RH F 
Anon# 
RTF61 

IDP# 687 

L Rising warning in stomach (Epigastric) 
 
Out of body experience = autoscopic 
(Psychic) 

Unresponsive and unaware (LOA) 
Lip smacking (Oral and Manual Automatisms) 
Brings up her right hand as if wiping her face (R 
Automatisms – Other)  
Left arm bent in tonic posture (Tonic) 

Preop exam: R upper field quadrantanopia. 
MRI: mass lesion left anterior perforated 
substance involving amygdala and abutting 
optic tract. 
VT: interictal anterior and mid-temporal, 
leading to intracranial recordings. 
Postoperative: L temporal ganglioglioma WHO 
Grade I on histology. 

L 
T Lx 

2016 

ILAE 1 (1 year) 
 
  

4 
 

36 M 
Anon# 684 
IDP# 471 

Unknown? Butterflies (Epigastric) 
Panicky (Fear-Anxiety) 
Can’t think unaware (Dialeptic-LOA) 
Lip smacking (Oral and Manual 
Automatisms) 
 

L arm myoclonic jerks (Myoclonic) 
 

MRI: L hippocampal sclerosis. 
 
EEG: clear focal interictal left anterior mid 
temporal epileptiform discharge. 

L 
T Lx 

2003 

ILAE 1 (12 years) 
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5 
 

45 RH F 
Anon# 737 
IDP# 452 

L 
Amytal R 
injection 
only: 
Language 
and memory 
preserved. 

Blank for minutes (Dialeptic-LOA) 
Fiddles, chews (Oral and Manual 
Automatisms) 
 

Sometimes wanders (Complex Behavioural) 
 

MRI: R hippocampal sclerosis. 
 
VT/EEG: mainly R interictal frontotemporal 
epileptic activity, some L interictal and ictal 
spikes. Leading to intracranial recordings.  

R 
T Lx 

2003 

ILAE 1 (12 years) 

6 
 

30 LH M 
Anon# 747 
IDP# 1063 

L  
on language 
fMRI 

Abdominal auras butterflies (Epigastric) 
Mild altered awareness (Dialeptic-LOA) 
Nervous feeling (Fear-Anxiety) 
 
 

Bilateral limb automatisms, R>L, rubbing hands 
over shins (Oral and Manual Automatisms) 
 
Dribbling (Autonomic) 
 
Looks scared or as if about to cry with L facial 
grimacing (Mimetic Automatisms) 
 
Stands up and wanders around (Complex 
Behavioural) 

MRI: normal with no signs of hippocampal 
sclerosis seen. 
 
EEG and MEG: R temporal abnormalities. 
 
VT: R anterior mid and sphenoidal sharp 
waves. Right ant temporal slowing. Right 
frontotemporal spikes during sleep. 
 
Ictal SPECT: Ictal R mesial temporal 
hypermetabolism. 
 
PET: normal. 
 
Pathology: R hippocampal sclerosis. 

R 
T Lx 

2011 

ILAE 1 (9 years) 

7 
 

24 RH F 
Anon# 1089 
IDP# 1111 

L 
on language 
fMRI 

Subjective palpitations autonomic aura 
(Autonomic) 
 
Second type: suddenly very fidgety, pulling 
bed sheets (Oral and Manual Automatisms) 
 
Face grimace (Mimetic Automatisms) 
 
 
 
 

Followed by fear feeling (Fear-Anxiety) 
 
Speech arrest with staring (Dialeptic-LOA) 
 
Plucking clothes or objects with both hands, 
automotor (Oral and Manual Automatisms) 
 
Type 2: loud choking sounds (Vocalisation) 
 
Punching sideways (Hypermotor) 
 
Slow head deviation to right (Head or Body Turn) 
 
Left head version (Head Version) 
 
L arm clonic prior to generalisation (Clonic) 

MRI: normal 
FDG-PET: interictal focal right temporal lobe 
hypometabolism. 
Interictal SPECT: reduced uptake in L frontal 
region but significance questionable. 
 
EEG: R frontotemporal sharp waves. 
VT: complex VT discussions leading to 
intracranial recordings.  
  

R 
T Lx 

2012 

ILAE 1 (5 years) 
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8 
 

28 RH M 
Anon# 841, 

842, 843 
IDP# 999 

L R head versive seizures (Head Version) from 
sleep (“awakening”, “arousal” part of 
Complex Behavioural) 
 

R Eye Version (Eye Movements) 
 
Speech arrest (Aphasia) 
 
L arm raised and L leg tonic seizures (Tonic) 
 
Turns to the right (Head or Body Turn) 
 

MRI: initially thought normal, then focal 
cortical thickening/dysplasia in relation to the 
left superior frontal sulcus. 
Ictal SPECT: L frontal lobe hyper perfusion. 
Ictal SPECT highlighted superior > middle 
frontal gyrus. 
FDG-PET twice six year apart.  
 
VT: L frontocentral focus but also interictal 
sporadic sharp waves in both frontotemporal 
regions. Lead to intracranial electrodes.  
 
  

L 
F Lx 

2011 
 

ILAE 1 (4 years) 

9 
 

17 RH F 
Anon# 122 
IDP# 736 

L Strange metallic taste (Gustatory) and de ja 
vu (Psychic)  

Loss of awareness and fixed stare (Dialeptic-LOA) 
 
Head slumped forward and will fall if standing 
(Atonic) 
 
Arm posturing (Dystonic) 
 
Salivation, breath holding and cyanosis 
(Autonomic) 
 
Facial grimacing (Mimetic Automatisms) 

MRI: possible ganglioma L insula extending to 
external capsule and bulging into the sylvian 
fissure. 
 
EEG: bilateral ictal changes 
 
Diffuse astrocytoma grade 2 postoperatively. 

L 
Insula 
2008 

ILAE 1 (9 years) 

10 
 

25 M 
Anon# 141 
IDP# 476 

Unknown? Epigastric aura (Epigastric) 
 
Non-specific warning (Non-Specific Aura) 

Stares blankly ahead (Dialeptic-LOA) 
 
Speech arrest (Aphasia) 
 
R arm raised above head (Tonic) 
 
Head turn to L (Head or Body Turn) 
 
Automatisms L arm (Oral and Manual 
Automatisms) 

EEG: no clear abnormality 
VT: no change or focal abnormality in ictal or 
interictal recording during event. Lead to 
intracranial recordings.  

L 
T Lesx 
2003 

ILAE 1 (11 years) 

11 
 

38 RH M 
Anon# 204 
IDP# 936 

L Awakes from sleep and pokes at partner 
with R arm, gets up and walk around 
(Complex Behavioural) * 
 
Blinking (“blink”) 

Hugs with both arms (“hug” = not found in 
database), 
 
says inappropriate things (Dysphasia – Ictal 
Speech) 
 
Swallow, Bilateral fidgeting of arms under bed 
sheets (Oral & Manual Automatisms)  
 
and stares into space (Dialeptic-LOA) 
 

MRI: normal 
FDG-PET: reduced uptake at the anterior 
medial aspect of the R frontal lobe 
MEG: R frontal and R anterior cingulate 
 
EEG: bifrontal slowing and spikes interictally 
and regional bifrontal ictally. 
VT: EEG R then L then generalises, awakes 
from sleep, opens eyes and blinks. Led to 
intracranial electrodes.   
 

R 
F Lx 

2010 

ILAE 1 (7 years) 
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Head turn to left (Head or Body Turn) 
 
Hiccup 
 
Lifting R arm (Tonic) or both knees (Hypermotor) 
 
Face grimacing (Mimetic Automatisms) 

Postop: MRI negative R frontal focal cortical 
dysplasia. 

12 
 

32 RH F 
Anon# 265 
IDP# 1030 

L  
functional 
MRI 

Odd head sensation (Non-Specific Aura) Blank glazed expression (Dialeptic-LOA)  
 
then right arm elevates (Tonic) 
 
and head turns to right (Head or Body Turn).  
 
Falls to ground (Astatic).  
 
Sometimes jerking of right limbs (Clonic). 

 
EEG: abnormalities in L fronto-temporal 
regions. 
 
MRI: initially thought normal, L mid & inferior 
frontal gyrus focal cortical dysplasia. 
PET: L frontal hypometabolism. 
 
Invasive EEG.  

L 
F Lesx 
2011 

ILAE 1 (5 years) 

13 
 

38 RH F 
Anon# 667 
IDP# 976 

L 
functional 
MRI 

Déjà vu (Psychic) 
 
and metallic taste (Gustatory) 
 
Vacant spells with motor arrest (Dialeptic-
LOA) 

R arm motor seizure and R mouth tonic (Tonic) 
 
Aphasia (Aphasia) 
 
Figure of 4 with R arm extended (Asymmetric 
Tonic) 
 

MRI: mass lesion L frontal lobe, some 
involvement of insula and a component of 
inferior frontal gyrus. 
 
EEG: Interictal polyspikes and fast runs during 
sleep, sustained slow and spike activity over L 
frontotemporal. Generalised during 
behavioural arrest.  
 
Postop: L insular ganglioglioma 

L 
F Lesx (inferior 
frontal gyrus) 

and 
Insula – either 

accepted 
2011 

ILAE 1 (5 years) 

14 
 

22 RH M 
Anon# 10 
IDP# 505 

L Vacant, loses awareness (Dialeptic-LOA) Confused speech (Dysphasia) MRI: R frontal rounded mass lesion ?DNET 
 
EEG: sharp waves over R frontotemporal 
region. 
 
Postop: R frontal ganglioglioma grade 2 

R 
F Lesx 
2004 

ILAE 1 (12 years) 

Patient details used in retrospective clinical validation. Age is quoted as documented in electronic health records from which patient’s clinical history was extracted. ILAE: International League 
Against Epilepsy Outcome Scale, outcomes were consistent across the entire duration of postsurgical follow-up. SemioDict: semiology dictionary taxonomy replacement with 35 categories of 
ictal semiology. These category labels are provided where available, otherwise a regular expression query was made using a term used in the notes and/or database, specified in quotations. 
Set and initial semiology were collected if present during presurgical evaluation period only but not historical semiology that was reported to no longer occur. In the absence of evidence to the 
contrary, language dominance was assumed to be contralateral to handedness or unknown if ambidextrous without functional MRI. LOA: loss of awareness. R: right. L: left. VT: video-
telemetry. EEG: electroencephalogram. T: temporal. F: frontal. P: parietal. Lx: partial or complete lobectomy. Lesx: lesionectomy. *: Previously experienced déjà vu and epigastric rising 
sensation – not collected as no longer occurred prior to surgery.  
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Table A.6: initial semiology SVT predictions 

Patient 

iS SVT High-resolution top predicted GIF structure(s), and 
Laterality 

No filter Database correction 
Non-Bayesian Bayesian correction Average SS-database and TS-Bayesian 

correction 

All-Data All-GT 
SS-subset 

All-GT 
SS-subset 

EZ-GT 
TS-subset 

All-GT 
Bayesian-TS 

All-GT 
Average SS/Bayesian-TS 

All-GT 

1 mTL 
B/L 

mTL 
B/L 

mTL* 
B/L 

mTL* 
B/L 

mTL* 
B/L 

mTL* 
B/L 

2 mTL 
R 

mTL 
R 

mTL>aTL 
R 

mTL 
R 

mTL 
R 

mTL 
R 

3 mTL 
B/L 

mTL 
B/L 

mTL>aTL 
B/L 

mTL 
B/L 

mTL 
B/L 

mTL 
B/L 

4 mTL 
B/L 

mTL 
B/L 

mTL 
B/L 

mTL 
B/L 

mTL 
B/L 

mTL 
B/L 

5 mTL 
B/L 

mTL 
B/L 

mTL 
B/L 

mTL 
B/L 

mTL 
B/L 

mTL 
B/L 

6 mTL 
TL 
R 

mTL 
TL 
B/L 

mTL 
TL 
B/L 

mTL 
TL 
R 

mTL 
TL 
R 

mTL 
TL 
R 

7 mTL 
R 

mTL 
R 

  

mTL 
R 

mTL 
R 

mTL 
R 

mTL 
R 

8 mTL 
L 

L TL L frontal 
(SMA, MFG, 

opercular 
IFG) 

R mTL R mTL L TL 

9 B/L mTL B/L mTL B/L mTL B/L mTL B/L mTL and aTL B/L mTL 

10 B/L mTL B/L mTL B/L mTL B/L Insulae B/L mTL B/L mTL 

11 L mTL L FL and L TL L TL L mTL L mTL and L fronto-opercular * L mTL > L FL *  
(LFL: 2.14% vs LmTL 2.21% within ~3% but still scored as 

incorrect) 

12 B/L mTL B/L mTL B/L mTL 
(amygdalae) 
and FL (SMA) 

B/L insulae B/L mTL B/L mTL 

13 R mTL B/L mTL bitemporal R mTL R mTL R>L mTL 

14 R mTL B/L mTL bifrontal R mTL R mTL R>L mTL 

SVT retrospective validation on 14 post-operatively seizure free patients. Inverse variance weighting was used in all cases both if there were more than one semiology and for combining SS and 
Bayesian-TS queries. SS: spontaneous semiology data subset. TS: topological studies data subset. GT: ground truth. EZ: epileptogenic zone query. SVT: Semiology Visualisation Tool. GT: ground-
truth. SS: spontaneous semiology database subset. EZ: epileptogenic zone. TS: topological studies. mTL: mesial temporal lobe. aTL: anterior temporal lobe. TL: temporal lobe. B/L: bilateral. *: 
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one or more custom semiologies not present in EZ/TS/SS database subset(s). x: no low-resolution feature available for Bayesian queries. Light blue to blue columns: database level filter 
designed to improve results. Light green to green columns: non-Bayesian to Bayesian queries. Cyan column: inverse variance averaging of SS (blue) and Bayesian-TS (green). iS: initial 
semiology. 
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Table A.7: SoS SVT predictions 

Patient 

SoS SVT High-resolution top predicted GIF structure(s), and 
Laterality 

No filter Database correction 
Non-Bayesian Bayesian correction  

Average SS-database and Bayesian-TS 
correction 

All-Priors All-GT 
SS-Priors 

All-GT 
SS-Priors 

EZ-GT 
TS-Priors 

All-GT 
Bayesian-TS 

All-GT 
Average SS/Bayesian-TS 

All-GT 

1 mTL* 
B/L 

mTL* 
B/L 

mTL* 
B/L 

mTL* 
B/L 

mTL* 
B/L 

mTL* 
B/L 

2 mTL 
R 

mTL 
R 

MFG > mTL 
FL > TL 

R 

mTL 
R 

mTL 
R 

mTL 
R 

3 mTL 
R 

mTL 
R 

FL>TL 
R 

mTL 
R 

mTL 
R 

mTL 
R 

4 mTL 
B/L 

mTL 
B/L 

mTL 
B/L 

mTL 
B/L 

mTL 
B/L 

mTL 
B/L 

5 mTL 
R 

mTL 
R 

mTL 
R slightly > L 

mTL 
R 

mTL 
R 

mTL 
R 

6 mTL 
R 

mTL 
R 

mTL 
R 

mTL 
R 

mTL 
R 

mTL 
R 

7 mTL 
R 

mTL 
R 

Frontal >  mTL 
frontotemporal 

R 

mTL 
R 

mTL 
R 

mTL 
R 

8 L mTL L lateral 
temporal > 

bilateral frontal 

L frontal 
slightly > R 

fromtal 

R mTL R mTL R frontal 

9 R mTL B/L mTL Bitemporal R mTL R mTL R mTL 

10 L mTL L mTL L FL L mTL L mTL L mTL 

11 R mTL L FL L FL R mTL R mTL R mTL 

12 L mTL L FL L FL L mTL L mTL L FL 

13 L mTL L FL L FL L mTL L mTL L mesial TL and L frontoopercular 

14 R mTL R>L mTL bifrontal R mTL R mTL R mTL 

SVT retrospective validation on 14 post-operatively seizure free patients. Inverse variance weighting was used in all cases both if there were more than one semiology and for combining SS and 
Bayesian-TS queries. SS: spontaneous semiology data subset. TS: topological studies data subset. GT: ground truth. EZ: epileptogenic zone query. SVT: Semiology Visualisation Tool. SoS: set of 
semiology. MFG: medial frontal gyrus. *one or more custom semiologies did not exist in the query. 
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Table A.8: iS Localisation Scores 

Patient 

iS SVT Prediction Scores: Localisation 

No filter Database correction 
Non-Bayesian Bayesian correction Average SS-database and TS-Bayesian 

correction 

All-Priors All-GT 
SS-Priors 

All-GT 
SS-Priors 

EZ-GT 
TS-Priors 

All-GT 
Bayesian-TS 

All-GT 
Average SS/Bayesian-TS 

All-GT 

1 1 1 1 1 1 1 

2 1 1 1 1 1 1 

3 1 1 1 1 1 1 

4 1 1 1 1 1 1 

5 1 1 1 1 1 1 

6 1 1 1 1 1 1 

7 1 1 1 1 1 1 

8 0 0 1 0 0 0 

9 0 0 0 0 0 0 

10 1 1 1 0 1 1 

11 0 1 0 0 1 0 

12 0 0 1 0 0 0 

13 0 0 0 0 0 0 

14 0 0 1 0 0 0 

Total 8 9 11 7 9 8 

 

Comparison of SVT predictions (Table 2) against actual resections (Table 1) for localisations 
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Table A.9: SoS Localisation Scores 

Patient 

SoS SVT Prediction Scores: Localisation 

No filter Database correction 
Non-Bayesian Bayesian correction Average SS-database and TS-Bayesian 

correction 

All-Priors All-GT 
SS-Priors 

All-GT 
SS-Priors 

EZ-GT 
TS-Priors 

All-GT 
Bayesian-TS 

All-GT 
Average SS/Bayesian-TS 

All-GT 

1 1 1 1 1 1 1 

2 1 1 0 1 1 1 

3 1 1 1 1 1 1 

4 1 1 1 1 1 1 

5 1 1 1 1 1 1 

6 1 1 1 1 1 1 

7 1 1 0 1 1 1 

8 0 0 1 0 0 1 

9 0 0 0 0 0 0 

10 1 1 0 1 1 1 

11 0 1 1 0 0 0 

12 0 1 1 0 0 1 

13 0 1 1 0 0 1 

14 0 0 1 0 0 0 

Total 8 11 10 8 8 11 
Comparison of SVT predictions (Table 2) against actual resections (Table 1) for localisations 
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Table A.10: iS Lateralisation Scores 

Patient 

iS SVT Prediction Scores: Lateralisation 

No filter Database correction 
Non-Bayesian Bayesian correction Average SS-database and TS-Bayesian 

correction 

All-Priors All-GT 
SS-Priors 

All-GT 
SS-Priors 

EZ-GT 
TS-Priors 

All-GT 
Bayesian-TS 

All-GT 
Average SS/Bayesian-TS 

All-GT 

1 0 0 0 0 0 0 

2 1 1 1 1 1 1 

3 0 0 0 0 0 0 

4 0 0 0 0 0 0 

5 0 0 0 0 0 0 

6 1 0 0 1 1 1 

7 1 1 1 1 1 1 

8 1 1 1 -1 -1 1 

9 0 0 0 0 0 0 

10 0 0 0 0 0 0 

11 -1 -1 -1 -1 -1 -1 

12 0 0 0 0 0 0 

13 -1 0 0 -1 -1 -1 

14 1 0 0 1 1 1 

Total +3 +2 +2 +1 +1 +3 

 

Comparison of SVT predictions (Table 2) against actual resections (Table 1) for lateralisation. 
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Table A.11: SoS Lateralisation Scores 

Patient 

SoS SVT Prediction Scores: Lateralisation 

No filter Database correction 
Non-Bayesian Bayesian correction Average SS-database and TS-Bayesian 

correction 

All-Priors All-GT 
SS-Priors 

All-GT 
SS-Priors 

EZ-GT 
TS-Priors 

All-GT 
Bayesian-TS 

All-GT 
Average SS/Bayesian-TS 

All-GT 

1 0 0 0 0 0 0 

2 1 1 1 1 1 1 

3 -1 -1 -1 -1 -1 -1 

4 0 0 0 0 0 0 

5 1 1 1 1 1 1 

6 1 1 1 1 1 1 

7 1 1 1 1 1 1 

8 1 1 1 -1 -1 -1 

9 0 0 0 0 0 0 

10 1 1 1 1 1 1 

11 1 -1 -1 1 1 1 

12 1 1 1 1 1 1 

13 1 1 1 1 1 1 

14 1 1 0 1 1 1 

Total +9 +7 +6 +7 +7 +7 
Comparison of SVT predictions (Table 2) against actual resections (Table 1) for lateralisation. 
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Table A.12: Clinician predictions 

Patient 
Benchmark 

Naïve Loc and Random Lat 
Epileptology Consultant 1 Epileptology Consultant 2 Epileptology Consultant 3 

Localisation Lateralisation Localisation Lateralisation Localisation Lateralisation Localisation Localisation 

1 RTL  
From among the 

options:  
 

FL, TL, PL, OL, 
Insula, Cingulate, 
Hypothalamus,  

 
always choses the 
most frequently 

occurring 
category: TL. 

 
 

 
From options of R, L 

or bilateral 
(unknown), randomly 

choses, 
approximately a third 

of the time each 
option. 

 
4 x bilateral = +0 

 
5 x R; correct half the 

time and incorrect 
the other half = +0 

 
5 x L predictions as 

per R: + 0 

TL bilateral mTL bilat mTL Unclear 

2 RTL TL (sup TG) 
 

R 
(Q: you say formed 

ictal speech, but also 
dysphasia) 

TL right TL Right 
 

(dysphasia is 
different to ictal 

speech, what you 
are describing here 

is ictal speech which 
is non-dominant 

while dysphasia is 
dominant) 

3 LTL mTL R mTL right PL (or TL, 
temporoparietal) 

Right 

4 LTL TL R mTL right mTL Right 

5 RTL TL bilateral TL bilateral TL (or FL, eg. 
Orbitofrontal) 

Unclear 

6 RTL TL bilateral mTL right mTL Unclear 

7 RTL TL R Cingulate right Cingulate/ Insula right 

8 LFL FL L FL left FL left 

9 LIns TL bilateral Insula bliateral mTLE unclear 

10 LPar TL L mTL left mTLE left 

11 RFL TL L 
(Q: ictal speech or 

dysphasia? 
Formed ictal speech 

implies nondominant) 

OL right FL unclear 

12 LFL FL L FL Left FL left 

13 
LFL/Ins 

FL L Insula Left mTLE left 

14 RFL TL L TL right TL Unclear (if confused 
or actual dysphasia) 

Left if dysphasia 
Totals 7/14 +0 /14 11/14 +6 -4 +(4x0)  

= +2 / 14 
11/14 +9 -2 +(3x0) 

= +7 / 14 
10/14 +6 -2 +(7x0) 

= +4 / 14 
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Two epileptology specialist consultant neurologists were asked to predict the side and location of the seizure source and resection, given the same semiology information as SVT only, without 
investigation results. The benchmark uses a naïve classifier that predicts temporal lobe for all localisations, and randomly choses the side. Neither SVT nor experts were aware how their 
answers would be marked in terms of the negative marking for incorrect laterality. Red=incorrect, green=correct. 
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Table A.13: Sequential semiologic features identified in 61 individuals who had frontal lobe epilepsy surgery 

 

Individual First seizure 
manifestation 

Subsequent set of semiology in order of occurrence 

1 Clonic (L) Asymmetric tonic 
(L) 

            

2 Vocalisation Hypermotor             

3 Somatosensory (L) Autonomic             

4 Non-specific aura Asymmetric tonic 
(L) 

Tonic (Bil) Dialeptic         

5 Vocalisation Automatisms - 
oral & manual 

Non-specific aura Autonomic Dialeptic       

6 Eye movements (R) Aphasia             

7 Autonomic Head turn (L)             

8 Tonic (L) Clonic             

9 Tonic (Axial) Tonic (L) Hypermotor Behavioural         

10 Automotor (R)  Tonic (R)  Clonic (R)            

11 Dialeptic Custom 
(utilisation) 

            

12 Psychic aura Dialeptic Head turn (R)  Tonic (R)          

13 Auditory aura Asymmetric tonic 
(R)  

Dialeptic Clonic (R)          

14 Head turn (L) Tonic Autonomic Dystonic (R)          

15 Psychic aura Head version (L) Asymmetric tonic 
(L) 

Dialeptic Eye movement (L)       

16 Non-specific aura Somatosensory (R)  Myoclonic (R)            
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17 Psychic aura Head version (R)  Asymmetric tonic 
(R)  

Aphasia         

18 Complex behavioural Hypermotor Fear-Anxiety           

19 Clonic (R)  Somatosensory (R)              

20 Tonic (Bil) Behavioural Dialeptic           

21 Dialpetic Automatisms - 
manual (L) 

            

22 Vestibular Non-specific aura Dialeptic Head version (L)  Tonic (L)       

23 Fear-Anxiety Psychic Aura Head version (L) Eye version (L) Dialeptic       

24 Head turn (R)  Tonic (R)  Automotor (R)            

25 Dialpetic Myoclonic (L) Astatic           

26 Non-specific aura Fear-Anxiety Myoclonic (L) Autonomic         

27 Gustatory aura Dialeptic Somatosensory 
aura 

          

28 Psychic aura Head version (R)  Tonic (R)  Eye version (R)          

29 Psychic aura Automotor  Dystonic (L)           

30 Body turn (L) Complex 
behavioural 

Autonomic           

31 Non-specific aura Head version (L) Tonic (L) Hypermotor         

32 Gustatory aura Dialeptic Hypermotor Tonic (Bil) Complex 
behavioural 

Vocalisation Eye version 
(L) 

Ictal 
Speech 

33 Somatosensory aura Non-specific aura Dialeptic Body turn (R)  Complex 
behavioural 

Hypermotor Vocalisation   

34 Complex behavioural Body turn             

35 Dialeptic Automotor              

36 Automotor (mimetic) Automotor (L) Dialeptic Autonomic         

37 Autonomic Clonic (L) Asymmetric tonic 
(L) 
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38 Somatosensory (R)  Tonic (R)  Head version (R)  Asymmetric 
tonic (R)  

Atonic (R)        

39 Somatosensory (R)  Asymmetric tonic 
(R)  

            

40 Vocalisation Tonic (Bil)             

41 Non-specific aura Tonic (Bil)             

42 Psychic aura               

43 Non-specific aura Automotor             

44 Dialeptic Head version (R)              

45 Dialeptic Head turn (R)  Clonic (R)            

46 Dialeptic Asymmetric tonic 
(R)  

            

47 Dialeptic Vocalisation Ictal speech Head turn (L) Automotor - oral Hyperkinetic     

48 Vocalisation Hypermotor Complex 
behavioural 

Head version (L)  Eye version (L)       

49 Complex behavioural               

50 Dialeptic Complex 
behavioural 

Hypermotor           

51 Somatosensory Tonic (L)  Head version (L)           

52 Aphasic Complex 
behavioural 

Head turn (L)           

53 Non-specific aura Tonic (R)  Dialeptic Asymmetric 
tonic (R)  

        

54 Non-specific aura Myoclonic Automotor           

55 Dialeptic Automotor Ictal speech           

56 Dialeptic Automotor Complex 
behavioural 

Head version (L)          

57 Somatosensory (R)  Tonic (R)  Myoclonic (R)            
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58 Dialeptic Tonic (R)  Head turn (L) Vocalisation         

59 Non-specific aura Asymmetric tonic 
(L) 

            

60 Head version (R) Tonic (L)             

61 Fear-Anxiety Autonomic Clonic (L) Tonic (Bil)         

Abbreviations – R: right, L: left, Bil: bilateral 
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Figure A.26: Sensitivity analyses for topological semiological similarity matrix 

 

 

A not normalised topological-SSM  B normalised topological-SSM 

 

  

A: not normalized topological-SSM, B: normalized topological-SSM. Normalised and raw data produce 
a similar topological-SSM.  
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Figure A.27: Sensitivity analyses for correlation between topological-SSM and 

structural connectome 
 Normalised Not normalised 
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Sensitivity analyses using normalised, not normalised, with and without hypothalamic parcellations for semiological and 
structural correlations. No significant difference in the overall results. 

 

 

 

 

 

 

 

 


