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Abstract: 

 The early diagnosis of neurodevelopmental conditions such as autism spectrum disorder 

(ASD), is an unmet need. One difficulty is the identification of a biological signal that relates to 

the ASD phenotype. The electroretinogram (ERG) waveform has been identified as a possible 

signal that could categorize neurological conditions such as ASD. The ERG waveform is derived 

from the electrical activity of photoreceptors and retinal neurons in response to a brief flash of 

light and provides an indirect 'window' into the central nervous system. Traditionally, the 

waveform is analyzed in the time-domain, but more recently time-frequency spectrum (TFS) 

analysis of ERG has been successfully carried out using discrete wavelet transformation (DWT) to 

characterize the morphological features of the signal. In this study, we propose the use of a high 

resolution TFS technique, namely variable frequency complex demodulation (VFCDM), to 

decompose the ERG waveform based on two signal flash strengths to build machine learning (ML) 

models to categorize ASD. ERG waveforms from N=217 subjects (71 ASD, 146 control), at two 

different flash strengths, 446 and 113 Troland seconds (Td.s), from both right and left eyes were 

included. We analyzed the raw ERG waveforms using DWT and VFCDM. We computed features 

from the TFSs and trained ML models such as Random Forest, Gradient Boosting, Support Vector 

Machine to classify ASD from controls. ML models were validated using a subject independent 

validation strategy, and we found that the ML models with VFCDM features outperformed 

models using the DWT, achieving an area under the receiver operating characteristics curve of 

0.90 (accuracy = 0.81, sensitivity = 0.85, specificity = 0.78). We found that the higher frequency 

range (80 - 300 Hz) included more relevant information for classifying ASD compared to the lower 

frequencies. We also found that the stronger flash strength of 446 Td.s in the right eye provided 

the best classification result which supports VFCDM analysis of the ERG waveform as a potential 

tool to aid in the identification of the ASD phenotype.  

1. Introduction 

Autism Spectrum Disorder (ASD) is a neurodevelopmental condition characterized by 

difficulties in reciprocal social interactions, communication, and repetitive/restrictive behaviors 

[1], [2]. Early interventions and appropriate support can help individuals with ASD improve their 

quality of life [3]. Unfortunately, the large heterogeneity observed in the ASD phenotype may 
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result in a delayed diagnosis [4]. In this paper, our goal was to test and validate the feasibility of 

the electroretinogram (ERG) as a potential biomarker to facilitate the diagnosis of ASD. Biomarker 

discovery in ASD has shown some promise with eye movements gaining attention in this space 

as the most promising indicator of ASD in early childhood [5]–[8]. In addition, several other 

potential biological signals such as heart rate variability (HRV) [9], electrodermal activity (EDA) 

[10], and electroencephalogram (EEG) [11], [12] have also been used to help identify ASD at an 

early stage of development [4]. Despite promising results with these noninvasive signals, the 

recording of these biological signals can be cumbersome and may require specialist skills and 

knowledge which may hinder their wider application in clinical settings. For instance, collecting 

EEG signals require several electrodes and knowledge about the electrodes’ positioning, making 

the development of tools for the general population based on EEG signals difficult [13]. EDA is a 

very sensitive neurophysiological marker, although it is highly affected by emotions and noise 

artifacts [14] which can limit its specificity. HRV is a widely used tool to assess the autonomic 

nervous system because it provides useful information, but sympathetic and parasympathetic 

control overlap in HRV, and stress and other external factors can affect HRV parameters [15]. 

Therefore, the identification of a biosignal that is independent of emotion and stress, and easily 

recorded is desirable to facilitate the development of a simple and practical tool for the early 

diagnosis of ASD by health care professionals. 

The retina, as an extension of the central nervous system, is viewed as a ‘window to the 

brain’ [16]. Several commentaries and recent reviews have identified the potential use of the 

ERG waveform in the diagnosis and management of psychiatric disorders encompassing 

neurodevelopment and neurodegenerative conditions [17]–[19]. The main rationale for using the 

ERG signal is that the main neurotransmitters such as glutamate, GABA and dopamine contribute 

to the ERG waveform’s shape and the regulation and/or signaling pathways of these 

neurotransmitters have been implicated in the pathophysiology of several psychiatric disorders 

[20]–[23]. As such the functional changes in the retina, as recorded with the ERG provides a 

readily accessible neural pathway that can be used to study a range of neurodevelopmental and 

neurodegenerative disorders, including ASD, schizophrenia, bipolar disorder, Parkinson’s, and 

depression [24]. For instance, Constable et al., Lee et al., and Ritvo et al. have found a reduced 

peak b-wave amplitude in  children with ASD compared to controls with typical development 

under dark and light adapted conditions [25]–[27]. However, these findings may not extend to 

an adult population of ASD individuals when limited to time-domain parameters [28].  

Traditional analyses of the ERG waveform have focused on time-domain parameters, such 

as the amplitudes and time to peaks of the two principal waveform components known as the a- 

and b-wave [28]–[32]. Recent findings in the b-wave amplitude of the ERG suggest it may be 

possible to differentiate ASD and other neurodevelopmental disorders such as attention deficit 

hyperactivity disorder (ADHD) using time-domain indices extracted from the ERG signal [25]. 
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Despite being limited to time-domain indices, these studies provide evidence that a more in-

depth analysis in the spectral-domain could aid our understanding of these neurological 

conditions through an understanding of the neural pathways and neurotransmitters involved in 

contributing to the components of the overall ERG waveform [32].  

In TFS analysis of the ERG waveform,  DWT has provided accurate identification of the 

morphological features of the signal [32], [33]. For instance, Gauvin et al. used the Haar wavelet 

to perform a DWT analysis on the ERG waveform and characterized the frequency content of 

different morphological features of the ERG waveform [32], [34], [35]. Their findings identified 

key central frequencies associated with the ON and OFF retinal pathways in the 'a' and 'b' waves 

(20 and 40Hz), as well as the early and later oscillatory potentials (OPs) at 80 and 160 Hz, 

respectively [35].. Despite promising results, there has not been any research to validate and 

further extend the possibilities of ERG as a potential biomarker in ASD. Additional TFS analyses 

of the ERG may provide alternative sensitive features beyond the time-domain indices that could 

help to identify the phenotype of different neurodevelopmental disorders such as ASD. Our 

preliminary results suggest that the extracted features can be used for training ML models for 

ASD detection [36]. To extend these findings we have implemented a high-resolution spectral 

decomposition technique, namely variable frequency complex demodulation (VFCDM), that has 

been used previously for the TFS analysis of biomedical signals [37], [38] and evaluated the 

sensitivity of the extracted features for ASD detection using ML models, compared to DWT and 

time-domain features. 

Therefore, we hypothesize that the ERG waveforms analyzed with TFS techniques could 

enable a more accurate and reliable basis with which to detect ASD, compared to conventional 

time-domain measures. In this study, we analyzed the ERG waveforms in the time and TFS 

domains and applied well established ML techniques such as Random Forest (RF) [39], Gradient 

Boosting (GradBoost) [40], Adaptive Boosting (AdaBoost) [41], Extreme Gradient Boosting 

(XGBoost) [42], Support Vector Machine (SVM) [43], K nearest neighbor (KNN) [44], Multilayer 

Perceptron (MLP) [45] to identify the ASD phenotype. Specifically, we found that VFCDM, with a 

high resolution spectral decomposition [38], was most effective at developing a classification 

model for ASD, compared to other methods, based on the light-adapted ERG waveforms 

examined. 

2. Related Works 

In clinical settings, the Autism Diagnostic Observation Schedule [46] and the Autism 

Diagnostic Interview [47] are considered the gold standards for assessing ASD [48]. Other 

observational ASD assessment procedures are the Child Autism Rating Scale [49], the Social 

Communication Questionnaire [50], the Social Responsiveness Scale [51] and the Developmental, 

Dimensional and Diagnostic Interview (3Di) [52]. However, these traditional ASD assessment 



 
 

4 
 

procedures are time consuming and can be influenced by the interpretation and expertise of the 

examiner. Therefore, the identification of an additional biomarker of ASD may help improve the 

diagnostic accuracy and reduce the overall test duration required to form a diagnosis in some 

cases [53].  

Several possible biosignals have been explored in the last decades to establish a potential 

and reliable biomarker that can provide an objective clinical marker for the ASD phenotype that 

is supported by clinical diagnostic tests such as the ADOS and ADI. For instance, leveraging on the 

fact that ASD individuals exhibit atypical visual scan paths during social  interactions [8], eye 

movements has beenone of the most explored signals to develop biomarkers for ASD detection 

[48]. Carette et al. proposed an LSTM-based ML model using features computed from eye 

movement data to classify ASD from typical individuals and achieved a classification accuracy of 

83% [54]. Kang et al. proposed a support vector machine learning  model using features 

calculated from EEG and eye tracking data and were able to achieve an AUC score of 0.86 [55]. 

Along with atypical eye movements, ASD individuals tend to show reduced power in the alpha 

frequency band [56] of EEG signals and comparatively higher white matter in different brain 

regions [57]. In addition, Shoeibi et al. have proposed a CNN-LSTM-based ML model using EEG 

signals to predict schizophrenia with an accuracy of 99.25% [58]. Ari et al. have also reported high 

detection accuracy (98.88%) of ASD using pre-trained CNN models [59]. EDA [60], which provides 

an assessment of the sympathetic branch of the autonomic nervous system [61], has also been 

used to classify ASD based on different patterns during arousal and anxiety in toddlers with ASD 

compared to a typically developing comparison group [62], [63].  

Another biosignal that has gained interest in recent years to study neurodegenerative and 

neurodevelopmental disorders such as schizophrenia, bipolar disorder, Alzheimer’s and 

Parkinson’s disease is the ERG [25], [30], [64]–[67] with several studies also reporting a reduced 

ERG b-wave amplitude in ASD individuals under  light- and dark-adapted conditions for children 

and adults [25]–[27], [33], [65], [69]. Though several studies have reported promising 

observations using the ERG to investigate different disorders, and demonstrate its potential as a 

biomarker, none of these studies to date have harnessed the potential of  ML algorithms with 

different signal analytical techniques with which to evaluate classification models. 

3. Methods 

For testing the feasibility of VFCDM processing of the ERG waveform signals to provide an 

accurate classification of ASD, we used a subset of previously collected ERG recordings from ASD 

and typical developing comparison (control) individuals from both eyes, at two flash strengths. 

Then, we processed the data using traditional time-domain methods, DWT, and VFCDM and 

extracted features to train ML models for ASD vs. control classification. The participants, 
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protocol, signal processing and analyzing methods, and ML classification are explained in this 

section. 

3.1. Participants 

A total of 217 individuals, 71 ASD, and 146 controls took part in previous studies that were 

recruited at two sites in London and Adelaide [25], [37], [68]. The median ages (range, ± std. 

deviation) of participants were ASD 14.5 (5.0-16.3, ±5.4) and control 12.4 (5.0-26.7, ±5.9) years 

(p=.008, Mann-Whiney U test). The difference in age between groups is not considered to have 

an effect on the ERG amplitudes in this young cohort with clear optical media [70]. There were 

46 (65%) males in the ASD and 53 (37%) in the control group (χ2(1), 17.2 p<.001. All ASD 

participants met diagnostic classification (DSM-IV-TR [71] or DSM-V [72]) based on assessments 

with either the ADOS (Autism Diagnostic Observation Schedule) [73], ADOS-2 [74] or  3Di) [52] 

performed by a pediatric psychiatrist or clinical psychologist in the social communication disorder 

clinics at Great Ormond Street Hospital for Children in the UK or local Child and Adolescent 

Mental Health clinics in South Australia. Control participants were recruited from advertisements 

on social media platforms and through word of mouth. The control participants had no family 

history of ASD or psychiatric illness. From either the ASD or control group, participants were 

excluded if there was a history of strabismus surgery or inherited retinal disease, chromosomal 

disorders such as Down’s syndrome, diabetes, or co-occurrence of another neurodevelopmental 

disorder such as ADHD or a history of traumatic brain injury.  

 

3.2. Electroretinogram Recording 

The ERG recording protocol using the RETeval (LKC Technologies Inc, Gaithersburg, MD, 

USA) has been described in detail previously [25], [66], [68] and followed the International 

Society for Clinical Electrophysiology of Vision guidelines [75]. The sampling frequency of the 

collected ERG signals was 2000Hz. Based on the results of our previous studies [36], [25] that 

demonstrated strong group differences, we selected two flash strengths, 113 Td.s, and 446 Td.s, 

on a 1130 Td white background to examine in this study. With an assumed 6 mm pupil diameter, 

the equivalent white flash strengths were 0.60 and 1.20 log photopic cd.s.m-2 on a 40 cd.m-2 white 

background. Only waveforms with an a-wave amplitude < -1 µV were included [68]. 

The ERG was recorded from the right eye then left eye. Flashes were presented at a stimulus 

frequency of 2Hz at two flash strengths (113 or 446 Td.s). ERG Waveforms were averaged (30-

60) to generate the reported averaged waveform which was used for further analysis. (It was not 

possible based on the RETeval firmware ver 2.12.0 at the time to randomize the ‘eye’ or to 

perform the test on the left eye first then the right eye). Traces were rejected from the average 

if they fell above or below the 25th centile. Replicates of the recordings were made in each eye 
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as required. All recordings were made under normal room lighting of 250-350 lux in undilated 

pupils. The raw waveform data, iris color, and images of the electrode position below the eye 

were exported using the RFF extractor version 2.9.4.1 (LKC Technologies Inc, Gaithersburg, MD, 

USA) [76]. The electrode position was measured using a scaled graticule with electrodes placed 

2mm below the lower lid according to the manufacturer’s recommendation given a reference 

value of 0, with electrodes higher a value of +1 and lower either -1 or -2 with traces excluded if 

the electrode was positioned > 2mm below the recommended height. The reader is directed to 

the original studies for further details [25], [33], [68]. 

Ethics and data origin 

The original studies [25], [33], [68] from which data were analyzed in this paper were approved 

by the Flinders University Human Research Ethics Committee and the Southeast Scotland 

Research Ethics Committee in the United Kingdom and conformed to the tenets of the 

declaration of Helsinki. Written informed consent to participate in this study for those under 16 

years of age was provided by the participants’ legal guardian/next of kin with permission to re-

use any data for future studies. 

 

3.3. ERG waveform processing 

Traditional analysis of ERG signals is based on time-domain measures of the time to peak and 

amplitudes of the main peaks and troughs of the ERG waveform. However, TFS analyses have 

been implemented process ERG signal further. For this study, we implemented both strategies 

for the ERG waveform signal processing, with the detailed methods described in this section. A 

general Framework of proposed method is provided in figure 1. 

3.3.1. Time-Domain indices of ERG 

The light-adapted full-field ERG waveform provides is the recorded electrical response of 

the retina to a flash of light providing a quantitative measure of retinal function [25]. Figure 2 

 

Figure 1: General Framework of the proposed approach. 
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depicts an ERG waveform 'signal', where the first negative trough is termed the a-wave and 

mainly reflects the hyperpolarization of the cone photoreceptors in the light adapted ERG [77]. 

The subsequent b-wave is the result of second order bipolar cells in the ON- and OFF- pathways 

which may be shaped by additional potassium currents in glial cells [25], [78]. There are some 

low amplitude with high frequency oscillations in the ascending limb of the b-wave known as the 

oscillatory potentials (OPs) that are initiated by the amacrine cells [68]. 

 

 
In this study, the a-wave and b-wave time to peak and amplitude were extracted from the raw 

waveforms using the RFF extractor software that localized the minima and maxima of the a- and 

b-waves and were confirmed by visual inspection for each included waveform to ensure correct 

identification [25], [33], [68]. Here, Ta and Tb are the time to peak of the a-wave and b-wave and 

Va and Vb represent the amplitudes of the a- and b-wave respectively as defined in the ISCEV 

standard [75]. 

3.3.2. Discrete Wavelet Transform Analysis 

 The DWT can be expressed as a convolution between the raw signal x(t) and the mother 

wavelet φ (t). C (p, q) refers to the DWT coefficients in equation (1) where p and q are scaling 

and translational factors (with base equal to 2) respectively. 

 
Figure 2: Electroretinogram signal with time-domain indices indicated by Ta (time from 

stimulus onset to the a-wave minima). Va (amplitude of the a-wave measured from baseline 

to the minima). Tb (time from stimulus onset to b-wave maxima). Vb (b-wave amplitude 

measured from the minimum to maximum of the ERG signal. Note the Oscillatory Potentials 

(OPs) appear as small ripples on the ascending limb of the b-wave. 
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C(p, q) = 
1

√|p|
∫ x(t) ∗  φ (

t−q

p
) dt

∞

−∞
                                                        (1) 

Gauvin et al.[34], [35] has proposed a seven level decomposition of the ERG waveform signal and 

characterized different DWT descriptors using the TFS as shown in figure 3. The a-wave and b-

wave peaks of the ERG signal are contained within the low frequency region specifically within 

(0-40) Hz characterized by 20a, 40a, 20b, and 40b descriptors respectively [32]. The early and 

later OPs are contained in the higher frequency regions (80 and 160 Hz) characterized by 80 OPs 

and 160 OPs respectively [34].  

In this study, we obtained additional statistical features to the time-domain parameters (Ta, Tb, 

Va, and Vb) including the approximate entropy of the DWT coefficients and used those values to 

 

Figure 3: Time-Frequency spectrum (TFS) of the ERG waveform signal. The DWT coefficients, 
a20, a40, b20, and b40 correspond to the a- and b-wave with the 20Hz corresponding to the 
ON-pathway and 40Hz to the OFF-pathway. The op80 and op160 components relate to the 
early and later oscillatory potentials (OPs) that occur on the ascending limb of the b-wave. 
The upper figure shows the time-frequency DWT and the lower figure the raw time domain 
electroretinogram waveform. 

 



 
 

9 
 

train ML models for ASD detection (section 2.5). We explored two different wavelet families, 

named 'Haar' and 'Symlet' as they have been used previously to analyze ERG waveform signals 

[34], [35]. To compare the same central frequencies proposed by Gauvin et al. [32] we up-

sampled the signal from 2,000 Hz to 2,560 Hz and then performed a six-level decomposition. To 

provide an equitable comparison of the performance of 'Haar' and 'Symlet' wavelets using the 

proposed central frequency by Gauvin et al. [34], we used the 'Sym 2' wavelet instead of 'Sym 5' 

because the maximum possible decomposition levels using 'Sym 5' is 4, whereas the maximum 

possible decomposition levels using 'Sym 2' is 6 for the ERG waveform signal. 

3.3.3. Variable Frequency Complex Demodulation (VFCDM) 

 Although wavelet transform is most useful in cases that require good time and frequency 

resolution in the high and low frequency ranges respectively [79]. VFCDM provides an alternative 

TFS analysis strategy that provides the highest time-frequency resolution whilst simultaneously 

preserving the accurate amplitude distribution of the original signal [79]. VFCDM has previously 

been used extensively to analyze different physiological signals [80], [81], [37] but to date it has 

not been applied to the ERG waveform signal.  

The VFCDM method is described mathematically as follows: 

  Let a modulating signal x(t) whose frequency varies with time shown in equation (2) 

where A(t), θ(t), and dc(t) refers to the instantaneous amplitude, phase, and direct current 

component, respectively.  

𝑥(𝑡) = 𝑑𝑐(𝑡) + 𝐴(𝑡)(𝑐𝑜𝑠 ∫  [2𝜋𝑓(𝜏)𝑑𝜏 + 𝜃(𝑡)]
𝑡

0

)                             (2) 

 We can extract the instantaneous amplitude, A(t), and phase by multiplying the original 

signal x(t) with 𝑒−𝑗 ∫ 2𝜋𝑓(𝜏)𝑑𝑡
𝑡

0  as shown in equation (3) which causes a left shift in the spectrum 

of y(t). 

 𝑦(𝑡) = 𝑥(𝑡)𝑒−𝑗 ∫ 2𝜋𝑓(𝜏)𝑑𝑡
𝑡

0                                                                                     

       = 𝑑𝑐(𝑡)𝑒−𝑗 ∫ 2𝜋𝑓(𝜏)𝑑𝑡
𝑡

0  + 
𝐴(𝑡)

2
 𝑒𝑗𝜃(𝑡) + 

𝐴(𝑡)

2
𝑒−𝑗 ∫ 4𝜋𝑓(𝜏)𝑑𝑡

𝑡
0              (3) 

 Filtering y(t) with an appropriate ideal low pass filter (LPF) whose cutoff frequency 𝑓𝑐  is 

lower than the central frequency 𝑓𝑜 yields the components of interest 𝑦𝐿𝑃(𝑡) with the same 

instantaneous amplitude A(t) and phase θ(t) as shown in equations (4), (5) and (6). 

                      𝑦𝐿𝑃(𝑡) =
𝐴(𝑡)

2
 𝑒𝑗𝜃(𝑡)                                                                                           (4)  

          𝐴(𝑡) = 2|𝑦𝐿𝑃(𝑡)                                                                                             (5) 
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                     𝜃(𝑡) = 𝑡𝑎𝑛−1{ 
𝑖𝑚𝑔(𝑦𝐿𝑃(𝑡))

𝑟𝑒𝑎𝑙(𝑦𝐿𝑃(𝑡))
 }                                                                         (6) 

 The instantaneous frequency can be estimated by equation (7) as reported in [82] 

where 𝑓𝑜 is the center frequency of the varying frequency bands. 

       𝑓(𝑡) = 𝑓𝑜 + 
1

2𝜋

𝑑𝜃(𝑡)

𝑑𝑡
                                                                                        (7) 

 By using this complex demodulation and appropriate LPF technique, the original signal 

x(t) can be decomposed into sinusoid modulations (components) 𝑑𝑖(𝑡) as shown in equation (8). 

The instantaneous amplitude and frequency of components can then be determined by the 

Hilbert transform. 

                    𝑥(𝑡) = 𝑑𝑖(𝑡)  = 𝑑𝑐(𝑡) + ∑ 𝐴𝑖(𝑡)(𝑐𝑜𝑠 ∫  [2𝜋𝑓𝑖(𝜏)𝑑𝜏 + 𝜃𝑖(𝑡)]
𝑡

0
) 𝑖             (8) 
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We applied this TFS analysis technique to analyze the ERG waveform signals. First, the 

ERG waveform signal was decomposed into 24 components or frequency bands using VFCDM, so 

that each component contained a spectrum of approximately 41.67 Hz. Since the ERG signal was 

band-pass filtered to the range of 0.4 to 300 Hz, and the original sampling frequency was 2000 

Hz, we considered only the first 8 VFCDM components, as they contained the most relevant 

information. Figure 4 shows the first 8 VFCDM components and their respective power spectral 

density. We removed the last 25 sample points from each of the VFCDM components to discard 

border effects. We calculated several statistical features from the first 8 VFCDM components to 

perform ML. 

 

 

Figure 4: First 8 VFCDM components of the original ERG signal and their respective power 

spectral density. 
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Tables 1 & 2 summarize the different features computed from the DWT and the VFCDM 

components. The time-domain indices were ( Ta, Va, Tb, Vb) used for both wavelet and VFCDM 

based ML models. For DWT-based ML models the approximate entropy (ApEn) [83],[84] of the 

original ERG signal was calculated because DWT performs downsampling which leaves less data 

points after the 4/5th decomposition to compute entropy. However, for VFCDM-based ML 

models, we computed the ApEn of VFCDM components instead of the original ERG signal. The 

entropy of a signal represents the unpredictability of fluctuations over time. Since ASD affects 

the oscillatory potentials of the ERG signal, which are seen as high frequency oscillations on the 

ascending limb of the b-wave, we intended to capture the changes in the randomness of the 

different frequency bands within the ERG signal.  

3.4. Statistical analysis 

 We conducted a statistical comparison between the control and ASD groups for each of 

the time-domain, DWT, and VFCDM features listed in table 2, for the different combinations of 

the two flash strengths and eyes. Both time-domain indices and TFS features did not follow a 

normal distribution based on the Shapiro-Wilk normality test [85] and thus we tested if these 

indices differed significantly using a non-parametric T-test (Mann Whitney-U test). To provide a 

bottom line control vs ASD classification performance, for each time-domain index that exhibited 

a statistically significant difference between groups we used receiver operating characteristic 

analysis and defined the optimum threshold based on the maximum Youden’s index (J) [86]. 

Youden’s J index is defined as the difference between true positive rate (TPR) and the false 

positive rate (FPR) [86]. 

3.5. Machine Learning Classification 

Table 1: Feature set for DWT based ML 

models 

Category Features 

 
Time-domain 

Ta, Va, Tb, Vb, ApEn of the 
ERG signal 

 
Discrete 
Wavelet 

Transform 

Mean, Median, Variance, 
Standard Variation, 25th 

percentile, 75th 
percentile, Inter-Quartile 

range (IQR), Kurtosis, 
Skewness 

 

Table 2: Feature set for VFCDM based ML 

models 

Category Features 

 
Time-domain 

 
Ta, Va, Tb, Vb 

 
 

VFCDM 
decomposition 

 
Maximum, Variance, 

IQR, ApEn, IQR, Kurtosis, 
Skewness 
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Using the extracted time-domain, DWT, and VFCDM features, we applied different ML 

algorithms to classify ASD from the comparison control group. We tested the following ML 

techniques: RF, AdaBoost, GradBoost, XGBoost, KNN, hyperplane-based discriminative classifier 

SVM, and MLP classifiers. The dataset comprised the full field light adapted ERG waveform signals 

from the 217 participants. Sometimes we had more than one sample (repeated measurements 

were used to replicate and validate the response) from a given subject for the same flash strength 

and eye. To ensure that the samples (replicates) from the same subject were not present in both 

the training and testing set, we applied a 10-fold subject-wise cross-validation. We divided the 

whole dataset into 10 subsets of subjects and used 9 of those subsets as a training set while the 

remaining subsets were used as the testing sets (maintaining the fact that any replicates were 

either in the training or testing set). We then repeated this 10 times. Note that we used the ERG 

signals from the right and left eyes that were acquired with two flash strengths (113 Td.s and 446 

Td.s) in each subject. We trained separate ML models with data from each combination of 

eye/flash strength, to determine the best combination for detecting the ASD group.  

As listed in Tables 1 & 2, we computed 54 features for DWT (n=54) and 56 features for 

VFCDM (n=56) based ML models, decompositions of which some may not have carried useful 

information. Some of these features may carry redundant and repetitive information which 

needed to be removed. To eliminate the extraneous features, we used a mean decrease in the 

impurity-based approach using RF to select the most informative features [87]. This method 

computed the average impurity decrease from each feature while training the RF, which then 

provided a feature importance percentage. We calculated the mean feature importance across 

all features and selected only those with a feature importance greater than 75% of the mean 

importance. This feature selection procedure decreased the overall model complexity and 

training time, along with improving the overall performance. We then performed ‘GridsearchCV’ 

[88] a popular exhaustive hyperparameter optimization strategy to find the optimal parameters 

for each of these classifiers. We used a subject-independent group 3-fold cross-validation 

strategy on the training data to avoid subject bias in the parameter optimization process. The 

best set of hyperparameters was then selected based on the highest average cross-validation F1-

score. We used this F1-score as the scoring metric while optimizing hyperparameters because 

the F1-score is a better metric in cases of imbalanced datasets when regular accuracy can be 

misleading [89]. 

Another consideration in ML was the balance of the classes. In this study, for each 

combination of flash strength and eye the dataset was not balanced which could create a bias 

towards the majority class. Therefore, we tested several oversampling techniques such as the 

synthetic minority oversampling technique (SMOTE) [90], adaptive synthesis [91], and borderline 

SMOTE [92] to create synthetic samples of the minority class which enabled us to improve the 

sensitivity and specificity. The highest classification performance was achieved using borderline 
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SMOTE. Since borderline SMOTE only performs oversampling of the minority class without 

undersampling the majority class, the ASD group had the same number of samples as the control 

group after performing oversampling. As mentioned earlier we followed a subject-independent 

validation strategy to ensure the classification performance was more generalizable. We selected 

three easily interpretable performance criteria i.e., AUC-score, sensitivity, and specificity to 

evaluate the ML models. These metrics are defined as: 

 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (9) 

 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝐹𝑃+𝑇𝑁
 (10) 

 𝐴𝑈𝐶 𝑠𝑐𝑜𝑟𝑒 = 𝐴𝑟𝑒𝑎 𝑢𝑛𝑑𝑒𝑟 𝑡ℎ𝑒 𝑅𝑂𝐶 𝑐𝑢𝑟𝑣𝑒 (11) 

where TP represents true positives, FP is total False Negatives, TN is the total number of true 

negatives and FN is the total false negatives. 

The AUC score describes how good the model was at distinguishing between the control 

and ASD groups with the higher the AUC score the better the model and gives an overall measure 

of the ML performance. For biomedical applications, the model performance must be good for 

both positive (ASD) and negative (control) classes. Sensitivity and specificity provide further 

information on how good the model is at detecting the positive and negative classes, 

respectively. To further evaluate the models we computed the robust coefficient of variation 

(RCOV) of the AUC score defined as the ratio of median absolute deviation and median [93]. For 

consistently performing ML modes RCOV score should be small since the RCOV score tells the 

variability with respect to the median 

4. Results 

 We found no significant differences between groups for iris color in the right or left eye 

(p>.29, Mann-Whitney U test). There were no significant group differences for the height of the 

right or left electrode (p>.19, Mann-Whitney U test). This is important because the amplitude of 

the recorded ERG signal will vary with electrode position [94] and iris color [78].. Table 3 

summarizes the total number of samples for each combination of strength and eye. Note that we 

have multiple samples of repeated measures within the participants for each flash strength and 

eye combination. 

Table 3: Total ERG samples for different combinations of Flash strength and eye 

Flash Strength (Td.s) Eye Control ASD 

446 Right 310 183 

Left 325 172 

113 Right 313 182 
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Left 318 159 

 

4.1. Classification using Time-Domain Analysis 

Figure 5 shows the distribution of the time-domain indices along with their statistical 

comparisons between the control and ASD groups. The highest AUC scores of 0.67 and 0.66 were 

achieved using Va or Vb as the predictors in the case of the 446 Td.s flash strength for the right 

eye. For full details see Table 1s in the supplementary information on thresholding on time-

domain parameters.  

 

4.2. Machine Learning Classification using Spectral Analysis 

 In this subsection, we report the classification performance of the ML models discussed 

in the previous section for each combination of strength and eye. First, we discuss the results of 

 

Figure 5: Statistical comparison between time-domain indices based on Mann Whitney-U 

test for each eye at each flash strength. Red asterisk (*) refers to statistically significant 

(p<.05) difference to the comparison group. 
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the DWT-based approach and compare the classification performance using the 'Sym 2' wavelet 

against the 'Haar' wavelet which has been used previously to analyze the ERG waveform signals 

[33], [35]. We then compared these DWT-based approaches to the results obtained using 

features from the VFCDM components. Finally, we discuss the best ERG recording configuration 

across the three abovementioned approaches. Figure 6 shows the bar plots of the AUC scores 

using 'Haar', 'Sym 2', and 'VFCDM' based features, respectively.  
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Figure 6: Classification overall performance (AUC score) using different spectral 

decomposition techniques. The RE 446 Td.s using RF provided the strongest AUC 

performance. 
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 Figure 6 shows that for time-domain, DWT, and VFCDM features, the 446 Td.s/right eye 

combination achieved the best classification performance. As for the ML model comparison, the 

RF provided the highest classification performance compared to other classifiers. For this specific 

combination of strength and eye (446 Td.s/right eye) using 'Haar' wavelet-based features, we 

were able to classify ASD individuals with an 0.86 AUC score whereas using 'Sym 2' wavelet 

features provided a slightly higher AUC score of 0.88. Note the similar performance across all the 

classifiers. 'Sym 2' features provide either similar or better classification performance compared 

to 'Haar'. However, higher classification performance was achieved using features computed 

from the VFCDM component analysis. The RF model was able to detect ASD individuals with an 

AUC score of 0.90 for the same case of 446 Td.s applied to the right eye. To further compare 

these spectral analysis techniques, we provide the specificity and sensitivity in table 4 which 

shows the overall classification performance of the ML models using different spectral 

decomposition methods with VFCDM right eye at 446 Td.s providing the highest sensitivity of 

0.85 and specificity of 0.78 with an AUC score of 0.90.  

Table 4: Classification result using machine learning models (With Borderline SMOTE) 

Spectral Analysis 

Technique 

Classifier 
Flash 

strength 

(Td.s) 

Eye Sensitivity Specificity AUC-Score 

DWT-Haar 
Random 
Forest 

 

446 

 

Right 

0.74 0.79 0.86 

DWT-Symlet 2 0.78 0.78 0.88 

VFCDM 0.85 0.78 0.90 

Haar  

AdaBoost 

 

446 

 

Right 

0.73 0.73 0.78 

Symlet 2 0.84 0.72 0.84 

VFCDM 0.88 0.69 0.85 

Haar  

XGBoost 

 

446 

 

Right 

0.71 0.82 0.83 

Symlet 2 0.79 0.76 0.86 

VFCDM 0.82 0.76 0.86 

Haar  

SVM 

 

446 

 

Right 

0.70 0.83 0.83 

Symlet 2 0.81 0.75 0.84 

VFCDM 0.76 0.80 0.84 

Haar  

KNN 

 

446 

 

Right 

0.74 0.75 0.83 

Symlet 2 0.78 0.67 0.80 

VFCDM 0.84 0.65 0.82 

Haar  

MLP 

 

446 

 

Right 

0.72 0.80 0.81 

Symlet 2 0.75 0.76 0.81 

VFCDM 0.77 0.78 0.83 
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Haar  

GradBoost 

 

446 

 

Right 

0.72 0.77 0.83 

Symlet 2 0.82 0.76 0.84 

VFCDM 0.83 0.78 0.86 

To further validate the application of borderline SMOTE we also report classification 

results achieved without balancing the dataset. As shown in Table 3, the majority of the samples 

were from the control class, ML models were therefore biased toward the majority class. 

Classification results for 446/Right Eye and VFCDM-based decomposition are reported in Table 2 

of the  Supplementary Material, since this combination allowed the best separation between the 

control and ASD individuals. 

Since we performed a 10-fold cross-validation on the whole dataset, we assessed how 

these classifiers performed for each fold along with the overall performance to ensure that the 

classifier was performing adequately for the whole dataset, which is an indication of the 

generalizability of the model. Figure 7 shows the boxplots along with 95% confidence intervals 

(around the median) and RCOV of AUC scores for the three different spectral analysis techniques  

with the 446 Td.s/Right Eye combination. 

The box plots appear flipped because the confidence interval exceeded the quartile 

values. The most important information conveyed by figure 7 is that the VFCDM spectral analysis 

technique allowed the ML to better classify ASD individuals from controls. Note that even though 

the  VFCDM-based approach has the highest RCOV,  the RCOV value is still small enough to 

support model generalizability. Both the 95% confidence interval and RCOV score show that the 

model is performing similarly for different parts of the data (different folds). In the next section, 

we will discuss which feature from the ERG waveform signal was the most important and 

contributed the most to the best overall group classification.  

 

Figure 7: Boxplots of AUC scores (with 95% CI) for different spectral analysis techniques for 

the 446 Td.s/Right Eye combination. 
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4.3. Feature Importance Analysis 

First, we used an impurity reduction-based feature selection technique using the RF 

classifier which provided the feature importance but did not give any indication of how these 

features were impacting the overall model output. For this reason, we used an ML model 

explaining technique, named Shapley Additive Explanations (SHAP), to assess the feature 

contributions to the final output along with their overall respective feature importance [95]. To 

see how the classifier performed on the entire dataset (446 Td.s/Right eye) we split the dataset 

into training (80%) and testing (20%) sets maintaining the fact that all samples from the same 

subject were included in either the training or the test set. Using VFCDM features, the RF classifier 

achieved an AUC score of 0.92 with 0.87 sensitivity and 0.83 specificity on the test dataset which 

again corroborates the model generalizability.  

We used the SHAP summary plots to visualize the effects of the 15 most important 

features (calculated from VFCDM components) in Figure 8, where the topmost features are the 

strongest for classification of the groups. Feature importance as assessed by the SHAP value 

agreed with the feature importance provided by RF. From Figure 8 the IQR of the 6th, 7th, and 8th 

VFCDM components were the three most important features, as they had the highest SHAP 

value. In addition,  the ASD participants tended to have a longer b-wave peak time (Tb) which is 

consistent with previous findings at this flash strength [25] as shown in Figure 5 lower left panel. 

However, figure 8 is especially important in showing that features from the higher frequency 
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range components were the most important ones in classifying the two groups with the five most 

important features contained within the 80 Hz to 300 Hz bands. 

4.4. Failure Case Study 

In the previous section, we discussed SHAP-based feature analysis where we divided the 

dataset (446 Td.s/Right Eye) into two groups where 80% of the data was in the training set and 

the remaining 20% data were used as the test set. We had 85 samples in the testing dataset and 

out of that 71 samples were classified correctly, and 14 samples were classified incorrectly. To 

analyze why our proposed model was incorrectly classifying those 14 samples from the testing 

dataset, we performed statistical testing on time-domain and TFS features. Figure 9 shows how 

the time-domain and TFS features were distributed between control and ASD groups for both 

correctly and incorrectly classified samples. 

Note that the correctly classified ASD samples have higher b-wave time to peak  and a 

reduced b-wave amplitude peak voltage compared to the incorrectly classified control samples. 

This is in agreement with previous studies’ reports on ASD subjects [25]. For the incorrectly 

classified samples, ASD and Control time-domain features’ values overlapped, as ASD samples 

 

Figure 8: Feature importance of VFCDM ML model based on SHAP value. 
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showed particularly high b-wave time to peak and low b-wave peak amplitude voltage, with an 

opposite trend for the incorrectly classified control samples. In the case of TFS features, the 

distribution of features followed opposite trends between correctly and incorrectly classified ASD 

and control samples. The separation between control and ASD groups using both time-domain 

and TFS features for incorrectly classified samples was weak and followed an opposite trend 

compared to the correctly classified samples. 

5. Discussion 

We found that the VFCDM decomposition of the ERG waveform provided the most 

sensitive features to categorize ASD from Control groups using a Random Forest ML algorithm to 

achieve an AUC score of (0.92), with a sensitivity (0.85), and specificity (0.78) which outperformed 

models using DWT or time-domain features. Furthermore, we found evidence that the higher 

frequency range (80 – 300 Hz) carried the most relevant information and that the 446 Td.s flash 

strength delivered to the right eye allowed for the best ASD detection. The results presented in 

this paper demonstrate the potential of TFS analysis of ERG signals in identifying the ASD 

phenotype. Our results further indicate that the performance of threshold classification using 

 

Figure 9: Distribution of TD and TFS features for correctly and incorrectly classified 

samples. Red asterisk (*) refers to statistically significant (p<.05) different. 



 
 

23 
 

time-domain features was low when using one flash strength, with a maximum AUC score of 0.67 

supporting the potential of TFS analysis to improve ASD classification in this population from the 

control group .   

We built ML models using the features computed from DWT and VFCDM TFS analysis 

techniques. We followed the same ML analysis pipeline for each of the techniques. We compared 

the classification performance for 'Haar' and 'Sym 2' mother wavelets and found that 'Sym 2' was 

better at classifying ASD individuals. We used another very high-resolution spectral 

decomposition technique named VFCDM and showed that VFCDM achieves superior 

classification performance compared to wavelet-based analysis of ERG signal which has been  

previously proposed as a potential method for classifying ASD [36].  

Previous studies have reported AUC score of approximately 0.70 using time-domain 

indices whereas using VFCDM-based features we have improved the AUC Score to 0.92 [68]. 

Previous studies based on eye movement reported ASD detection with approximately 85% 

accuracy but eye movement can be affected by several external factors [96]. A higher ASD 

detection performance with 95% positive predictive value (PPV) for certain age groups was 

reported using EEG signals but this technique required specialist skills and the data collection 

procedure was cumbersome [12]. A recent study has reported 99.5% accuracy using geographical 

information of the subjects and responses to standard questionnaires [97]. However, this 

approach did not provide an objective assessment of neurodevelopmental disorders. Whole 

cortex magnetoencephalography [98] and natural language processing based approaches [99] 

have been explored in previous studies to detect ASD subjects with relatively lower classification 

performance. HRV indices such as standard deviation of Normal to Normal interval and 

coefficient of variance were found to be significantly different between the control and ASD 

groups [9]. These previous approaches reported promising results but certain drawbacks such as 

complex procedures and the effect of external factors made these methods difficult to establish 

a biomarker and a tool to detect ASD quickly and accurately in a clinical setting. In contrast, retinal 

responses assessed by the ERG is a relatively easy and short procedure, less affected by external 

conditions which makes it suitable for establishing a potential biomarker to classify ASD. The ERG 

is used as a screening tool for diabetes [100] and glaucoma [101] as examples of its clinical utility. 

Table 6 summarizes and compares previously reported literature with our proposed method. 

Table 6: Previously reported studies and our proposed method to detect ASD 

Study Method Accuracy Sensitivity Specificity AUC-score 

Constable et al. 

[68] 

Statistical analysis on b-

wave peak time 

NA 0.70 0.65 0.74 

Wan et al. [96] Eye tracking 0.85 0.86 0.83 NA 
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Bosl et al. [12] Statistical measures of 

EEG features 

NA 1.0 0.99 PPV=0.95 

Raj et al. [97] Geographical information 

of the subjects 

0.99 0.98 0.96 NA 

Roberts et al. [98] Delayed auditory evoked 

response 

NA 0.75 0.81 PPV=0.86 

Elbattah et al. [99] Eye tracking NA NA NA 0.84 

Kang et al. [55] EEG and eye tracking 0.85 NA NA 0.93 

Carette et al. [54] Eye tracking  0.83 NA NA 0.90 

Proposed method VFCDM analysis of the 

electroretinogram 

0.81 0.85 0.78 0.90 

 

Our results on the analysis of the most important features are consistent with previous 

studies. For example, Gauvin et al. [102] reported that OPs contained in the high frequency range 

are usually affected in vasculopathy such as diabetic retinopathy [103], whereas the a-wave and 

b-wave (contained in the low frequency range) remain comparatively intact. For ASD, which is a 

neurodevelopmental disorder, we found similar results because features from the high 

frequency regions contained the most useful information for detecting ASD, indicating that TFS 

analysis effectively extracted the OPs, and they were sensitive for the detection of ASD. Figure 

10 shows the strength of separation between control and ASD groups for different time-domain 

indices and TFS features for all data in the right and left eyes. Importantly, the light adapted  OPs 

have been identified previously as being atypical in ASD in shape and energy [33], [64]. 

TFS features provided better separation compared to time-domain indices and the 

highest significant difference between the control and ASD group was found using VFCDM 

features with the lowest p-value. Moreover, figure 10 shows that features with the highest 

separation between the Control and ASD groups were from the higher frequency range (both 

wavelet and VFCDM) which is consistent with findings from the SHAP summary plot. Taken 
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together,  these results indicate that ASD mostly affects the OPs of the ERG signal that derives 

from the amacrine cells and suggests a deficit in the dopaminergic signaling pathway [104], [105]. 

In this study, we have also provided additional evidence about the optimal ERG data 

collection configuration for ASD detection (light strength and eye). In our analysis, two flash 

strengths were evaluated for signal processing techniques based on previous studies that have 

identified a significant group differences at these flash strengths which correspond to the 

 

Figure 10: Time-domain indices and time-frequency features (446/Right eye) with highest 

separation between control and ASD groups based on non-parametric T-test (Mann 

Whitney U test). 
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photopic hill peak dominated by the OFF- pathway within the retina and the plateau phase of the 

photopic hill dominated by the ON-pathway of the retina [68], [31], [106]. We found that the 446 

Td.s flash strength provided comparatively better classification performance than the 113 Td.s 

flash strength. We also found that classification performance was better for signals collected 

from the right eye which we speculate may be due to the right eye’s data being collected first 

and the participants may have been more alert with better fixation. Another factor may be that 

we found that the RETeval was easier to handle using the right hand rather than the left hand for 

the left eye and thus the responses for the left eye tended to be lower in our hands. There is no 

physiological reason why one eye may be lower in amplitude than the other and the firmware 

version (2.12.0) at the time precluded randomization of eye or beginning a test session with the 

left eye first to balance for testing order.  

One limitation is that in this study we restricted the populations to those with a sole 

diagnosis of ASD and we cannot at this stage determine if the strength of the classification will 

hold in cases where individuals meet more than one diagnostic classification such as ADHD and 

ASD which can co-occur [107]. Furthermore, the effects of gender, prior medication use, and 

developmental or chronological age may need to be further investigated to determine any effects 

on the validity of any classification model. Nevertheless, we demonstrate the possibility of using 

the ERG as a tool in identifying the ASD phenotype through spectral-domain analysis that may 

complement further biomarker studies in this field [108]. 

6. Conclusion 

 We have demonstrated the feasibility of the TFS analysis using VFCDM for extracting 

information from ERG waveform signals for the detection of ASD. Using VFCDM features, 

machine learning models achieved an AUC score of 0.92, sensitivity of 0.85, and specificity of 

0.78, outperforming DWT and time-domain features. Finally, the best ASD detection was 

achieved when ERG was obtained using a flash strength of 446 Td.s applied to the right eye. As 

for future directions of our work, we are planning to expand our dataset for further improvement 

of our methods. More ERG samples from ASD and control subjects will allow us to increase the 

generalizability of the proposed machine learning models. With a larger dataset, we could also 

try combining features from both eyes without overfitting the models. If the dataset is large 

enough (an international collaboration, for example), we will also be able to use deep learning 

(neural networks with more than three layers) to detect ASD from raw ERG signals or TFS of ERG. 

Furthermore, incorporating other signals such as the heart rate variability, EDA, and pupillary 

light response as part of a multimodal approach could help improve the ASD detection 

performance of ML models.  Future studies could also explore the suitability of ERG in diagnosing 

other related neurodevelopmental disorders such as ADHD.   
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