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Abstract 
 

 

Radiation-induced lung damage (RILD) is a common consequence of thoracic 

radiotherapy (RT). We present here a novel classification of the parenchymal features 

of RILD. We developed a deep learning algorithm (DLA) to automate the delineation of 

5 classes of parenchymal texture of increasing density.  

200 scans were used to train and validate the network and the remaining 30 scans 

were used as a hold-out test set. The DLA automatically labelled the data with Dice 

Scores of 0.98, 0.43, 0.26, 0.47 and 0.92 for the 5 respective classes. 

Qualitative evaluation showed that the automated labels were acceptable in over 80% 

of cases for all tissue classes, and achieved similar ratings to the manual labels. Lung 

registration was performed and the effect of radiation dose on each tissue class and 

correlation with respiratory outcomes was assessed. The change in volume of each 

tissue class over time generated by manual and automated segmentation was 

calculated. The 5 parenchymal classes showed distinct temporal patterns 

We quantified the volumetric change in textures after radiotherapy and correlate these 

with radiotherapy dose and respiratory outcomes. 

The effect of local dose on tissue class revealed a strong dose-dependent relationship  

 

We have developed a novel classification of parenchymal changes associated with 

RILD that show a convincing dose relationship. The tissue classes are related to both 

global and local dose metrics, and have a distinct evolution over time. Although less 

strong, there is a relationship between the radiological texture changes we can 

measure and respiratory outcomes, particularly the MRC score which directly 

represents a patient’s functional status. We have demonstrated the potential of using 

our approach to analyse and understand the morphological and functional evolution of 

RILD in greater detail than previously possible. 

 

Impact Statement 
 

This work makes a valuable contribution to the understanding of radiotherapy induced 

lung damage (RILD). Despite the use of radiation in lung diseases for more than a 

century, currently our understanding of what happens at a cellular, radiological and 

clinical level are still quite rudimentary. The work presented here can be considered 

translational in that it uses innovative computational techniques that further the basic 
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science of RILD but also have informed a clinical trial that uses these insights and 

seeks to correlate them more closely to clinically relevant outcomes. 

In order to study RILD in greater quantitative description than has before been 

achieved, we have developed a novel 5 class classification system that categorises 

lung parenchyma from CT scans into a hierarchy of morphological textures. A deep 

learning algorithm to automate the classification was then trained and validated on our 

dataset. Additionally, this work was used to catalyse an additional piece of now 

published research that successfully spatially registered CT scans of an individual who 

had received chemo-radiation to their lung from different time points before and 

subsequently to that treatment. The next stage of the work correlated the classification 

system with clinical outcomes available from a completed clinical study. The 

subsequent, ongoing phase of the work is to validate the insights described in this 

thesis with a larger retrospective real-world dataset and an additional prospective 

dataset that includes patient reported outcomes. This study is called RALE and has 

received approval by the HRA and is now running at UCLH. The RALE protocol is 

included in Appendix 1. 

The basic science and clinical data that this thesis reports builds on pioneering work by 

our group to describe RILD in greater detail than has been previously achieved. By 

using deep learning technology, it will become possible to automate analysis of very 

large datasets and enable multi-centre collaboration.  

The work has been presented at International Conferences (including ESTRO) and has 

been published as a pair of papers in ‘Cancers’ (Included in Appendices 2 and 3). We 

hope that in time the results from this work and the subsequent work that is now 

possible as a direct result of it, could eventually be used to understand how 

radiotherapy delivery could be improved to spare both acute and long-term toxicity in 

patients receiving radiotherapy for lung cancer: a timely and important issue as lung 

cancer screening is adopted and the prevalence of lung cancer detected at an early 

stage is expected to increase. In order to achieve this we will continue to work with 

academics and clinicians in order to collaborate on pre-clinical and clinical studies. 
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Chapter 1: Introduction  
 

 

Lung Cancer 

 

Introduction 

 

Lung cancer is the leading cause of cancer-related death worldwide (1). In the 

UK, lung cancer remains the second most common malignancy. Developed countries 

such as the UK and USA have the highest incidence and mortality rates, though these 

have been falling since the 1990s following the peak of smoking rates (2). 

Nonetheless, lung cancer survival is lower in Europe and the US than that of any other 

common malignancy. There is a strong relationship between smoking and lung cancer, 

and many lung cancer patients have underlying airways disease. The lifetime risk of 

developing lung cancer is 17.2% for males and 11.6% for females in smokers 

compared with 1.3% and 1.4% respectively for non-smokers. (3). The incidence of lung 

cancer slowly rises after the age of 40 and peaks between 65 and 84 years old. 90% of 

deaths occur in patients over 55 years old. Ethnic differences exist with black men 

suffering the highest mortality rates in the US (20% higher than for white men), a fact 

not explained by smoking rates alone (1). 

 

Diagnosis and Classification 

 

Lung cancer is diagnosed and staged with a combination of histopathological and 

radiological investigations, ideally a CT and PET-CT. The most common diagnostic 

tests are fibreoptic bronchoscopy, often completed by use of endobronchial or 

endoscopic ultrasound and CT guided biopsy (4). Staging is performed according to 

the latest UICC TNM classification (5).  

 

The WHO classifies primary lung tumours into more than 75 main entities 

(including pre-invasive subtypes), but the 2 main forms of lung cancer are still referred 

to as small cell and non-small cell lung cancer (6). Non-small lung cancer (NSCLC) is 

the most common form of lung cancer and makes up about 85% of cases. It is 

subdivided into 3 main types: adenocarcinoma, squamous and large cell. 

Adenocarcinoma is the most common and accounts for 40% of all lung cancers. It 

characteristically expresses immunohistochemical markers such as TTF-1 and napsin 

A. Squamous cell lung cancer represents 25-30% of lung cancer and typically express 
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CK5, CK6, p40 and desmoglein-3. Large cell carcinoma accounts for 5-10% of all lung 

cancer, though its incidence is declining as advances in histopathological analysis 

permit improved immunophenotyping (7).   

 

 

Management of Lung Cancer 

 

Treatment of Early Stage NSCLC 

 

Treatment options depend on not only tumour factors but also the WHO 

performance status (PS), co-morbidities, respiratory function and preferences of the 

patient. In general, however, guidelines recommend surgery (ideally anatomical 

resection and lymph node assessment) for early stage (I and II) NSCLC. Stereotactic 

Ablative radiotherapy (SABR) is an effective alternative for patients with early stage 

disease who do not want, or who are not medically fit, for surgery (8). Adjuvant 

systemic therapy is of benefit for patients with N1/N2 (stage II and III) disease. Post-

operative radiotherapy (RT) may be appropriate in patients with unexpected N2 

disease or after an R1 resection (4).  

 

Treatment of Locally Advanced NSCLC 

 

Locally advanced (LA) NSCLC (stage III) is in some cases resectable, for 

example in single station N2 disease or T4N0 tumours where a R0 resection is 

potentially achievable. In multistation N2 or N3 disease, chemo-radiation (CRT) is the 

standard treatment. This involves treating the tumour to 60-66 Gy in 30-33 fractions 

over 6- weeks with chemotherapy delivered concurrently or sequentially. Concurrent 

CRT has been shown to lead to improved 5-year survival in patients who are fit enough 

to tolerate it (9). 2- 4 cycles of a cisplatin doublet, usually with vinorelbine, is the 

recommended systemic treatment (4). Recently, the Pacific trial (10) randomised PS 0-

1 patients with unresectable stage III to durvalumab (a programmed death ligand 1 

(PD-L1) monoclonal antibody) or placebo after completion of CRT for up to 12 months 

and increased median overall survival to  47.5 months and this approach is now 

considered standard of care.  

 

Treatment of Metastatic NSCLC  
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Stage IV NSCLC is treated primarily with systemic treatment including cytotoxic 

chemotherapy, targeted tyrosine kinase inhibitors (TKIs), and immunotherapy (11). 

Although there are completed (12) and ongoing trials looking at the role of radical RT in 

the oligometastatic setting (13), current standard practice only utilizes RT as a palliative 

modality to control symptoms, for example, bone pain or haemoptysis.  

 

 

Radiotherapy 

 

Introduction 

 

More than 60% of cancer patients receive at least one course of radiotherapy at 

some point after diagnosis. Radiotherapy treatment is often categorised into radical 

and palliative treatment depending on whether its aim is to prolong survival or achieve 

cure, or to improve symptoms such as haemoptysis and pain, however the differences 

between these approaches is not well demarcated: while the chance of long term cure 

in NSCLC is modest, high dose palliative radiation is known to improve overall survival 

(14-16).   

 

Modern clinical radiation treatments are delivered by linear accelerators to allow 

the production of high energy photon beams. Linear accelerators employ powerful 

electric and magnetic fields which allow the movement and direction of electrons, in 

order to produce electron beams (17). The electron beams bombard a tungsten target 

to produce X-rays. The X-ray beam is collimated and flattened, before passing through 

an ionization chamber and secondary collimators.  

 

Ionizing radiation interacts with matter through 3 main mechanisms. The 

photoelectric interaction describes a photon transferring all its energy to an electron 

located in an atomic shell. The electron is ejected from the atom and passes through 

adjacent matter. Compton scattering occurs when only a portion on the photon’s 

energy is absorbed and it is scattered in a new direction, with reduced energy, by the 

interaction. Pair production occurs when a photon interacts with a nucleus and its 

energy is converted to matter producing an electron and positron.  

 

 

Biological effects of X-rays 
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The disruption of the DNA molecular structure by the radiation itself is referred to 

as direct action. Indirect action describes the situation whereby free radicals are 

produced by the interaction of radiation with water molecules. These free radicals e.g. 

hydroxyl (HO•) and alkoxy (RO2•) are highly reactive and can cause damage to DNA. 

The majority of radiation induced cell damage is caused by the indirect mechanism due 

to the high water content of biological tissues (18). 

 

Radiation-induced cell death occurs through a number of distinct pathways that 

relate to different phases of the cell cycle (19). The cell cycle occurs over two major 

phases: interphase and mitosis. Interphase encompasses two phases of growth and 

reorganization (G1 and G2) which surround the S phase where DNA is replicated. 

Radiation-induced damage is sensed by ATM (ataxia telangiectasia mutated) and ATR 

(ataxia-telangiectasia and Rad3-related protein) kinases which activate downstream 

DNA damage response pathways. The cell thus goes into cell cycle arrest and DNA 

double strand breaks are repaired by two major pathways: non-homologous end joining 

(NHEJ) and homologous recombination (HR). NHEJ is active throughout the cell cycle 

but is error-prone, while HR is error-free but only possible in late S and G2 phases, 

when an undamaged sister chromatid is available as a repair template. If damage is 

too significant for repair, cell death follows via one of the mechanisms described in the 

next paragraph. 

 

Mitotic catastrophe describes the state where mitotic arrest is triggered by 

significant DNA damage. It usually, but not necessarily, leads to mitotic death, which is 

a regulated cell death usually by means of intrinsic apoptosis. Dysfunctional cell cycle 

checkpoints are a hallmark of cancer cells and allow radiation damaged cells to enter 

mitosis with mis-repaired DNA, leading to mitotic catastrophe (19).  

 

Apoptosis is highly regulated cell death with characteristic morphological and 

molecular features. The intrinsic pathway is activated when cytochrome C is released 

from the mitochondria into the cytoplasm to activate caspase 9 following the disruption 

of pro and anti-apoptotic factor by DNA damage. The extrinsic pathway is initiated by 

external signalling by tumour necrosis factor (TNF) family ligands which bind to plasma 

membrane death receptors that lead to downstream activation of caspase 8. Irradiated 

cells can upregulate death receptors making them more susceptible to death through 

this pathway. The ceramide pathway is a third apoptosis pathway which is triggered by 

radiation-induced activation of acid sphingomyelinase in the plasma membrane, 

producing ceramide via hydrolysis of sphingomyelin, or through de novo synthesis of 

ceramide by radiation-induced DNA damage (19).  
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Necrosis is unregulated, chaotic cell death triggered by conditions incompatible 

with cell survival. It is characterized by plasma membrane rupture. Senescence 

describes permanent cell cycle arrest and thus the cessation of clonogenicity. 

Radiation-induced senescence is triggered by the induction of the p53 and pRb 

pathways causing cell cycle block. Senescent cells, while unable to reproduce, remain 

metabolically active and can express immunomodulatory factors. Autophagy is the 

process whereby damaged or old cytoplasmic organelles are sequestered within 

vesicles for lysosomal degradation. It is usually a cytoprotective mechanism in 

response to cellular stress but can lead to autophagic cell death if excessive. It is 

known to be triggered by radiation and involves ATG genes and the mTOR pathway. 

Other minor forms of regulated cell death, including necroptosis and ferroptosis have 

been identified in vitro, although their clinical significance is not yet known (19).  

 

 

 

Radiotherapy Planning 

 

Radiotherapy treatment planning encompasses patient positioning, tumour 

localization, delineation of organs at risk (OARs), dose calculation and optimising beam 

delivery. Patient positioning is determined prior to obtaining a planning CT scan. The 

patient must be immobilized and motion mitigation must be considered. For lung 

radiotherapy, the patient is normally positioned on a lung board, supine, with their arms 

above their head and their knees on specially designed rests. Apical tumours are 

treated with the arms down and the patient in a 5-point thermoplastic head and neck 

mask. Depending on the oncology centre, a variety of respiratory motion mitigation 

techniques can be employed including 4DCT scanning, deep inspiration breath hold, or 

abdominal compression (20).  

 

Tumour delineation is directed by ICRU 50 and ICRU 62 definitions (21, 22) such 

that the GTV (gross tumour volume) is the ‘gross demonstrable extent and location of 

the malignant growth’; the CTV (clinical target volume) includes the GTV, or tumour 

bed in a post-surgical context, and includes any subclinical (i.e. presumed but non-

visible) spread. The ITV (internal target volume) is created by adding an internal margin 

to the CTV to account for physiological movement for example during respiration.   

The PTV (planning target volume) includes the CTV or ITV with an additional margin to 

account for patient set-up variation, CTV movement, linac mechanical variations etc. to 
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maximise the chances that the entire CTV will receive the prescribed dose at each 

fraction delivered.   

 

Radical radiotherapy for locally advanced lung cancer is typically delivered over a 6-

week period, 5 days a week for a total of 30 fractions. Early stage lung cancer on the 

other hand is now treated with 3-8 fractions of extremely hypofractionated (large dose 

per fraction) radiotherapy to achieve ablative doses (23). 

 

A radiotherapy plan can be reviewed by an isodose display and dose volume 

histograms (DVHs). The isodoses are displayed on the 3-dimensional CT scan 

whereas the DVH is a 2-dimensional graphical representation of the dose distribution 

for each of the delineated structures (target volumes and OARs). See Figure 1 for an 

example. DVHs provide useful dose distribution information, though do not include any 

geometric data. DVHs can be displayed in two ways: a differential DVH represents the 

fractional volume (vi) of a structure receiving a dose; the cumulative DVH provides the 

fractional volume (vi) receiving a dose ≥(Di).  
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Figure 1. Examples of a conformal radiotherapy lung plan (above) and a dose volume histogram 

(below)(24, 25). 

 

 

3D conformal treatment uses beams from several directions to give high dose at 

tumour and lower doses elsewhere. The beams can be shaped to conform to the 

shape of target. IMRT (intensity modulated radiotherapy) give more degrees of 

freedom as the intensity of the beam can be modulated across the beam by moving the 

multi-leaf collimators during treatment delivery and this can lead to even more 

conformal treatments, with convex isodoses that can help limit dose to critical 

structures near the tumour. A typical IMRT plan uses 5-9 radiation fields at static, 

equally spaced, gantry angles with 60 pairs of MLCs to allow complex radiotherapy 

plans. However, this greatly increases the complexity of the plan optimisation, so 

inverse techniques must be used.  

 

VMAT (volumetric modulated arc therapy) is a form of IMRT with the additional 

complexity: the ability to vary gantry rotation speed, dose rate and MLC positions while 

the gantry rotates. This allows a much shorter treatment time which permits less time 

on the couch for the patient, and a greater throughput of patients for the department. A 

much more conformal radiotherapy plan can be achieved with IMRT than with 3D 

conformal radiotherapy (26), though at the cost of a more diffuse low dose radiation 

‘bath’ which may lead to a higher risk of second malignancies (27, 28).  
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Radical radiotherapy plans can be forward or inverse planned with modern 

treatment planning systems. 3D conformal radiotherapy (3D CRT) treatments are 

generally forward planned: the planner chooses the appropriate treatment parameters 

(e.g. field size, beam weight, gantry angles) and then calculates a plan before 

reviewing the dose distribution, and, in an iterative process, altering those parameters 

until a definitive plan is generated.  Inverse planning (used for modern, complex 

radiotherapy plans e.g. VMAT and proton planning, instead allows the treatment 

planning algorithm to perform the iterative process according to the dose constraints it 

is provided with. See Figure 2 for an example.  

 

In vitro studies have shown that IMRT results in better dose distributions than 3D 

CRT (26) with reduced V20 to the lung and V50 to the oesophagus (29). Clinical data 

suggests the superior dosimetry or IMRT/VMAT translates to improved clinical 

outcomes, for example RTOG 0617 demonstrating less pneumonitis and improved 

quality of life (QoL) in patients who received IMRT vs. 3D CRT (30). 

 

In order to ensure the delivered radiotherapy dose is as similar to the planned dose as 

possible, once the patient is set up for a fraction of treatment, radiological images are 

acquired to ensure the anatomy corresponds to the anatomy at the time of 

radiotherapy planning. This is currently most often achieved with cone beam CT 

imaging which is available on modern linear accelerators and should be performed at 

each fraction. Despite the advances in radiotherapy planning and imaging acquisition, 

the delivered dose is only an approximation to the planned dose due to various 

uncertainties (e.g. anatomical changes or set-up errors) that inevitably occur during 

treatment. 
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Figure 2. Example of three-dimensional conformal radiotherapy (3DCRT) plan and a volumetric modulated 

arc therapy (VMAT) plan for a lung tumour. Notice the larger volume of the lung receiving a low dose bath 

in the VMAT plan. (Left) 3DCRT; (Right) VMAT. Taken from (31). 

 

Image Registration in Radiotherapy 

 

Mapping two or more images onto a common coordinate system is essential for 

radiotherapy planning and delivery. Images obtained at the time of planning CT scans 

are used with images obtained, by for example cone beam CT, at each fraction of 

treatment to guide patient set up and ensure accurate dose delivery. In daily clinical 

practice a rigid registration is used, that is, the images are not stretched or deformed, 

but simply translated or rotated (32). However, rigid registration is insufficient where 

significant changes in anatomy occur over time. For example, during a 6 week course 

of radiotherapy treatment, target and organ contours deform due to the effects of the 

treatment e.g. tumour shrinkage or patient weight loss (33). 

 

In order to study the long term effects of radiotherapy, where anatomical distortion can 

be even more pronounced, an effective registration requires deformable image 

registration (DIR) in order to account for the stretching and shrinking of organs over 

time. DIR is also used for a number of other applications connected to radiotherapy 

treatment for example, atlas based auto-segmentation, adaptive radiotherapy, 

multimodal image fusion, dose calculation etc (33).  
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Whilst rigid image registration can be thought of as a global registration, deformable 

image registration is better thought of as a local registration as specific image 

landmarks are registered to each other, usually the most salient anatomical ones (34) .  

The goal of image registration is to identify the best transformation vector (T) of 

particular pixels to maximise the similarity between two images (M) and (F). Normally a 

rigid or affine registration is performed between M and F as the initial first step. Then 

through an iterative process, the optimisation algorithms run until the similarity is 

maximised. The similarity is most often defined as intensity-based or feature-based. In 

the former has the advantage of being objective and straightforward to define. The 

latter allows more sophisticated matching based on anatomically salient features, but 

defining these features is difficult and may require manual labelling of these features 

which is more labour intensive. Hybrid DIR involves both intensity and feature-based 

objective functions in order to overcome the limitations of these approaches (34). 

 

 

 

Radiation Induced Lung Damage 

 

Introduction 

 

The lung is a complex structure evolved to facilitate gas exchange. Human lungs 

develop in utero as evaginations from the primitive gut endoderm which invade the 

surrounding mesenchyma at day 26 (35). Two buds form on the left, and three on the 

right, representing the precursors of the 5 lobes present in the mature lung. After the 

26th week of gestation, epithelial cells differentiate into type I and type II pneumocytes. 

The latter secrete surfactant, a mixture of lipids and proteins, which as well as having 

antimicrobial properties, is essential to reduce the surface tension of fluid in the air 

spaces which become the alveoli in the last 2 weeks of gestation. The alveoli continue 

to develop until 8 years of age, when about 300 million alveoli provide a total surface 

area of 90 m2 for gas exchange.  

 

Adult lungs weigh about 1kg including 4-500mls of blood. They contain up to 6L 

of air at maximum inflation, and 2.5L of air at end expiration. They are surrounded by a 

double sac, the pleura, which also line the fissures that separate the lung lobes (36). 

Air enters the lungs through the upper respiratory tract and reaches the alveoli by 

passing through the larynx, trachea and about 16 generations of dividing bronchi, 

which are architecturally supported with cartilaginous rings, and bronchioles, which are 
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not. Around 50 distinct types of cells are found in the lung including mucus producing 

goblet cells and ciliated columnar cells which power the ‘muco-ciliary elevator’ (37). 

 

The lung is one of the most sensitive tissues to ionizing radiation, and its 

susceptibility to radiation damage, limits the doses that can be delivered to lung 

tumours (38). The earliest known report of radiation induced lung damage is a French 

paper published in 1898 describing a patient who received X-ray treatment for 

tuberculosis. (39) By 1925, the distinction between an early, potentially reversible 

phase following the first 1-6 months of radiation exposure (radiation pneumonitis, RP), 

and a permanent remodelling of the pulmonary architecture (pulmonary fibrosis, PF) 

was recognised. (40, 41) The term Radiation Induced Lung Damage (RILD) will be 

used in this thesis to encompass all pathophysiological, radiological and clinical 

changes that occur after the administration of radiation to pulmonary tissues.  

 

 

Pathophysiology of RILD 

 

As described above, radiation damage is caused by both direct nuclear and 

mitochondrial DNA damage, and the generation of free radicals. Within minutes of 

irradiation, altered gene expression can be detected and growth factors such as TGF-

ß, PDGF and interleukin 1 are released (38). Two distinct pathophysiological 

mechanisms of RILD have been described (42). Classic RP occurs in-field and follows 

radiation to large volumes of lung parenchyma. A three-phase model of the histological 

changes (an early, intermediate and late phase) is described. The early, or latent 

phase is visible only with electron microscopy which reveals degenerative changes to 

type I and type II pneumocytes, thickened secretions of mucus from goblet cells, 

basement membrane swelling and changes to endothelial cells (42, 43). This early 

phase is dose dependent and does not generally occur at doses <10 Gy (43). 

Damaged cells lead to cytokine release e.g. TNF alpha, which leads to an acute 

inflammatory, exudative pneumonitis: the intermediate phase. The final, fibrotic phase 

is a result of pathological repair of the acute inflammatory insults. Fibroblasts produce 

collagen after stimulation by the acute phase proteins, particularly TGF-beta. This 

leads to lack of lung elasticity, volume shrinkage and scarring. There is accompanying 

vascular damage, a decrease in type I pneumocytes and a return of type II 

pneumocytes.     

 

This 3-stage model, which presents a dose-dependent response to radiation, 

though widely cited, is a simplification. RILD is modulated by a host of genetic, 
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environmental and psychological variables that are not yet well understood. An 

individual patient’s response to thoracic irradiation is somewhat unpredictable, 

idiosyncratic, and sometimes out of proportion to the dose or volume of lung irradiated. 

Furthermore, radiological appearances and clinical symptoms are often poorly 

correlated (44). It has been suggested that the 3-stage model, derived largely from 

animal studies, or human studies where single dose, whole lung irradiation is 

administered, may not be clinically applicable to fractionated radiotherapy (43).  

 

As a response to this, and clinical evidence gathered from bronchoalveolar 

lavage and gallium scanning, Morgan et al. (43) proposed a second pathophysiological 

mechanism, which they termed sporadic radiation pneumonitis. They demonstrated 

that unilateral lung irradiation for post-operative radiation for breast cancer, resulted in 

bilateral lymphocytosis and diffuse changes on gallium scanning, as well as a reduction 

in diffusion capacity and vital capacity on spirometry. They hypothesized that clinically 

relevant radiation pneumonitis shares the underlying pathological signatures of a 

hypersensitivity-type pneumonitis, and is a distinct disease entity from that described in 

classic radiation pneumonitis models. It is driven by an expansion of CD4+ and CD8+ T 

cells and should be regarded as an immune reaction rather than a direct result of 

radiation damage per se.     

 

Radiobiological Models of RILD 

 

The history of the scientific approach to quantifying the effect of radiation on 

normal tissues can be regarded as starting with Rubin and Casarett’s paper in 1972 

(45) where the terms TD 5/5 and TD 50/5 were introduced; respectively the 5% and 

50% probability of complications at 5 years post treatment. Writing nearly 20 years 

later, following the recent introduction of the possibility of 3D CT planned radiotherapy, 

Emami et al. (46) lamented the lack of progress in the field at that time and themselves 

made a major contribution to the subject by bringing together and summarising all the 

relevant available data. The group divided the total volume of each organ into 1/3, 2/3 

and whole organ and assigned tolerance doses to each of those volumes.  

 

In their review of normal lung tolerances, they note that pulmonary fibrosis occurs 

in almost 100% of patients receiving high doses of radiation though not necessarily 

with recognised clinical significance (a finding replicated in more recent papers (44, 

47)). Their tolerance doses are summarised in table 1. 
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TD5/5 Volume TD 50/5 Volume 

1/3 2/3 Whole lung 1/3 2/3 Whole lung 

45 Gy 30 Gy 17.5 Gy 65 Gy 40 Gy 24.5 Gy 

 

Table 1. Consensus TD5/5 and TD 50/5 for radiation pneumonitis, adapted from Emami et al. (46)  

 

 

The Lyman Kutcher Burman (LKB) model is the currently most widely used 

method for predicting Normal Tissue Complication Probability (NTCP). The LKB model 

consists of three parameters: TD50 represents the dose for a homogenous dose 

distribution to an organ at which 50% of patients are likely to experience a defined 

toxicity at 5 years. m is related to the standard deviation of TD50 and describes the 

steepness of the dose response curve, and n indicates the volume effect of the organ 

being assessed (48, 49). The QUANTEC review on lung NTCP reported an estimate of 

n of 1.03, but was unable to pool the TD50 or m values due to the heterogenous 

endpoints included in the relevant literature.  

 

The Mean Lung Dose (MLD) model was found to be a more consistent metric. A 

strong dose-response relationship can be plotted between MLD and probability of 

pneumonitis. The data suggests that the MLD data suggests there is no absolutely safe 

dose and that the risk: benefit ratio has to always be considered in each case (49). See 

Figure 3. 

 

Various dose-volume threshold analyses have been conducted. Various Vx 

values (% of lung volume receiving ≥X Gy) are associated with RP risk. The QUANTEC 

review again concludes that there is no sharp dose threshold below which there is no 

risk of RP. Different dosimetric parameters are closely correlated within individual 

datasets, suggesting that there is no optimum threshold (49).   
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Figure 3. Symptomatic pneumonitis vs. mean lung dose. From Marks et al. (49) Mean dose response data 

from a number of sources. Dashed line is logistic fit. Stippled lines represent the 68% confidence interval. 

See original data for full legend.  

 

Despite the progress that has been made in understanding normal lung tolerance 

to radiation, manifested by the tolerability of modern radiotherapy regimes in routine 

clinical practice (8, 50-52), there are challenges in interpreting the data accrued over 

the decades. There is not yet a consensus on how radiation lung toxicity should be 

reported; an assortment of radiological, clinician-assessed symptoms, patient reported 

outcomes (PROMs) endpoints are routinely employed in published studies. Further 

complexity arises from the host of confounding factors which make the disentangling 

the effect of radiation treatment from other variables in clinical studies challenging, for 

example: medical co-morbidities (including psychological factors which are known to 

influence dyspnoea (53)); tumour shrinkage as a result of treatment; concomitant use 

of chemotherapy or immunotherapeutic agents; effect of fractionation and total time of 

treatment; and radiotherapy technique. As discussed above, radiation pneumonitis can 

be idiosyncratic and very severe presentations are rare, so it is difficult to power 

studies adequately to investigate them. There are technical challenges in defining the 

dosimetric parameters. Defining the lung volume is not yet standardised for example: 

the total lung volume significantly changes if it is measured in free breathing or in 

inspiration or expiration for example. Additionally, calculations defining the whole lung 

as healthy tissue minus GTV or PTV vary across centres. Additionally, many patients 

with lung cancer have emphysema and therefore some of their lung tissue is likely to 

have impaired function. This is not currently taken in to account during standard 

radiotherapy planning. Historically, poor survival times have meant that long term 



 24 

toxicity follow-up is difficult and often not prioritised by clinicians. Recent advances are 

changing this however and locally advanced lung cancer treatment regimens are now 

achieving significant long-term survival with median OS over 40 months (54, 55).  

 

Despite these uncertainties, it has been possible to develop widely accepted 

clinically-useful normal lung tissue tolerance doses which allow the reasonably 

effective and safe deployment of radiation for lung tumours. V20 is usually 

recommended to be kept below ≤30-35% and MLD to ≤20-23 Gy. This limits the risk of 

clinical RP to ≤20% (49). However, dose escalation remains an important ambition for 

radiation oncologists who hope that this may allow more effective treatments for LA 

NSCLC (50). Furthermore, the improved outcomes that have been achieved for this 

patient cohort mean that clinicians must now pay more attention to the morbidity of 

treatment which patients can expect to endure now for a greater period of time than 

their historical counterparts due to prolonged overall survival (56).       

 

 

Risk Factors 

 

Age has been found in many, but not all studies to be associated with the risk of 

RILD. Part of the reason for the discrepancies between different studies is likely to be a 

result of the differences in how RILD is defined across studies. Age is also categorised 

heterogeneously across the literature. It is likely however that greater frailty and less 

physiological reserve, will result in decreased tolerability to any cardio-respiratory 

insults (57).  

 

Gender has been considered as a possible variable influencing RILD risk. 

Women have on average smaller lung volumes than men, and so the sV5, the volume 

of lung spared from ≥5 Gy, could be smaller in women leading to a higher risk of RP 

(58). The other theoretical concern is that women have increased rates of autoimmune 

disorders than men (59), and could therefore be at increased risk of hypersensitivity 

pneumonitis. Although published studies have provided conflicting data, the 

consensus, supported by a meta-analysis (60), is that gender does not have an 

significant impact on the risk of RILD (61).   

 

Smoking has paradoxically been implicated as protective for RILD in several 

studies including a pooled analysis (60). Chronic Obstructive Pulmonary Disease 

(COPD) has been shown to be associated with both increased and decreased risk of 

RP depending on the study. Kong et al. (61) point out that the inconsistent data may be 
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explained in part by the dual effect the disease has on the lungs; on the one hand 

leading to reduced total lung parenchyma resulting from emphysema, and on the other, 

leading to reduced respiratory reserve. It is also worth pointing out that COPD is a 

syndrome encompassing several pathophysiological phenotypes (62). The relationship 

that smoking has with COPD and its complex effects on the immune system (63) may 

explain why smoking may be protective to the effects of radiation on the lungs. 

Interstitial lung disease (ILD) seems to be an important risk factor for RILD. Several 

studies have shown that RP is significantly increased in ILD patients (64-73). In 

patients treated with SABR in particular, great care must be taken to ensure the safety 

of the treatment.   

 

Pulmonary function tests are easily accessible, routinely performed, non-invasive 

tests to identify abnormalities in lung volume airflow and gas transfer (74). They can 

objectively identify and quantify classes of respiratory disorder (e.g. obstructive or 

restrictive defects). Clinical and study protocols traditionally specify a threshold of 

pulmonary function in order to be eligible for radical thoracic radiation. Again, the 

complexity of defining, measuring and untangling the confounding variables of RILD 

have led to inconsistent data (61). Although better baseline lung function should result 

in better post-RT lung function, the improved oxygenation of healthy lung may 

exacerbate RILD. Ventilation/perfusion studies have demonstrated that normal 

functioning lung is most susceptible to RILD but non-functional lung cannot be further 

damaged by injury. This highlights that the lungs are composed of regional subunits 

with differential functional capacities and peritumoural regions may perform better after 

successful treatment after tumour regression despite proximity to the GTV (75).  

 

A variety of tumour factors affect RILD. The tumour may be impairing ventilation 

directly and its shrinkage post RT may cause an improvement in lung function. On the 

other hand, increased tumour volume is associated with increased rates of RP (76). 

Several studies have shown that irradiating lower lobe tumours increases the chances 

of RILD (60). This may be a result of increased oxygenation in the lower zones of the 

lung, increased motion leading to a larger irradiated field or intrinsic differences in 

radiosensitivity across different lung regions (61).   

 

Chemotherapy can have a synergistic effect with radiotherapy to exacerbate 

RILD (77). Agents such as bleomycin and gemcitabine are no longer used in CRT (61). 

Palma et al (78) conducted a meta-analysis which suggested that an age of >65 years 

old and receiving carboplatin/paclitaxel (RP rates 3.3 times higher than cisplatin and 

etoposide) predicted the highest rates of RILD. Counterintuitively, sequential 



 26 

chemotherapy, usually given to more frail patients, or those in whom shrinkage of the 

tumour is required prior to radiation, was associated with a higher risk of RP than 

concurrent CRT (60) but this finding was based on retrospective data and thus subject 

to confounding variables. It remains unknown how the synergy between RT and 

chemotherapy is affected by their chronological relationship. 

A prospective study of 251 patients with lung cancer revealed no statistically 

significant increased risk of pneumonitis in patients receiving 3D CRT after surgery 

compared to the non-surgical group (79).  A meta-analysis (60) confirmed this finding.  

 

Immuno-oncology agents (IO, also known as checkpoint inhibitors or 

immunotherapy) can cause inflammation of any organ and pneumonitis is a widely 

recognised complication (80). Rates of interstitial lung disease with IO agents alone are 

reported at rates between 2.7% and 3.5% (77). It is likely that by priming the immune 

system, RT can exacerbate this phenomenon (81). A secondary analysis of 

KEYNOTE-001 demonstrated that previous RT increased the incidence of pulmonary 

toxicity in patients receiving pembrolizumab but rates of grade 3 or higher toxicity were 

not increased (82).    

 

Genetic variation is thought to be an important factor in determining susceptibility 

to RILD. Several studies have examined the impact of single nucleotide polymorphisms 

(SNPs). Pang et al. showed that lung cancer patients with the CC genotype heat shock 

protein B1 had a higher probability of severe RP after RT (83). Pu et al. assessed 

11,930 SNPs in 201 NSCLC patients treated with definitive radiotherapy. 19 of these 

were found to be significantly associated with pneumonitis or oesophagitis (84). 

Another study found that the number of unfavourable genotypes was positively 

correlated with the risk of RP: harbouring 4 or more polymorphisms conferred 69.4 

times the risk of RP compared to carrying 0-2 risk genotypes. Variations in 

proinflammatory genes such as IL1A, IL8 and TNF significantly increased the risk of 

RP. Certain genetic variations were found to be protective (85). Incorporation of SNP 

information into NTCP models can markedly improve the ability to predict RP and can 

be fed into the prescription dose to result in a personalised dose (86, 87).  

 

Clinical Consequences  

 

The incidence of symptomatic disease is estimated to be 15-40% with a mortality 

rate of <2-4% (78, 88). Clinically, RP manifests within weeks to months after the 

completion of radiotherapy. It presents with the classic triad of dyspnoea, non-

productive cough and hypoxaemia. Haemoptysis and low-grade fever can accompany 
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these. A feeling of fullness in the chest is also described (89). In severe cases, a high 

temperature accompanied by fatal cor pulmonale may occur (90). Some patients 

develop late, chronic symptoms without preceding early phase symptoms. There has 

been inadequate study of  the impact of RILD on the quality of life (QoL) of patients 

after treatment (91, 92), though this is beginning to change (93, 94).  

 

Physical findings may include a pleural rub, moist crepitations and signs of 

consolidated lung (77). Chronic fibrosis may result in cyanosis and finger-clubbing. A 

raise in serum inflammatory markers such as white blood cell count or C-reactive 

protein may be detected (42). Pulmonary function tests usually reveal a restrictive 

defect due to volume loss. Gas exchange is also impaired and a fall in diffusion 

capacity may be seen. Radionuclide perfusion studies suggest that a perfusion defect 

is responsible for this, reflecting microvasculature injury (90). Compensatory over-

expansion of non-irradiated volumes of lung are also recognised (90, 95). Sometimes 

invasive techniques including bronchoscopy or thoracentesis are required to obtain 

histopathological material and secure a diagnosis.  

 

Radiological Manifestations  

 

In a paper written in 1974, Herman Libshitz, an American radiologist, detailed the 

acute changes on a X-Ray as ranging from slight indistinctness of the pulmonary 

vasculature or pleural thickening, or a diffuse haze in the RT field to dense alveolar 

infiltrates, usually accompanied by air bronchograms (41). He lists apical thickening, 

hemi-diaphragmatic elevation and distortions of the fissures or hilum and linear 

opacities as features of fibrosis and notes that these may appear without a preceding 

acute phase. In a paper 10 years later, the same author describes the changes in CT 

scans of 41 patients (ranging from 0 days to 22 years after radiation) and categorises 

them into 4 patterns (96): 

 

a) The ‘homogenous pattern’ where a slight, increase in the density of lung 

uniformly within the radiation field. 

b) Patchy consolidation, contained within but not conforming to the radiation field 

c) Discrete consolidation, conforming to the shape of the radiation field but not 

uniformly  

d) Solid consolidation, conforming to the radiation portals.   

 

In 1988, Ikezoe et al. (97) published a study of 17 patients who received CT 

scans after thoracic radiotherapy at regular intervals for at least 16 weeks and found 
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that 15/17 of the patients demonstrated signs of acute changes. They described these 

changes as homogeneous, patchy or discrete consolidation. Writing in the era of 3D 

CRT, Koenig et al. (98) described ground glass opacities as present in all patients 

within the first three months of RT. This was confined to a 2cm area around the treated 

tumour. Late, fibrotic changes were described as consolidation, volume loss, traction 

bronchiectasis and linear opacities. He defined these as ‘modified conventional’ to 

distinguish them from the more extensive changes seen prior to the introduction of 3D-

CRT. 

 

More recently, following the widespread introduction of lung SABR, new 

classification systems have been introduced, largely motivated by the need to 

distinguish the sometimes striking radiation-induced appearances from tumour 

recurrence (99). Trovo et al. classified the changes seen according to Ikezoe and 

Koenig’s findings (99, 100). Dahele et al. classified post-SABR changes into 4 acute 

patterns: diffuse consolidation (>5 cm), patchy consolidation (≤5 cm), diffuse ground 

glass opacity (GGO) and patchy GGO (≤5 cm). They defined late changes into 3 

patterns: modified conventional (following Koenig, i.e. consolidation, volume loss, and 

bronchiectasis ± GGO), mass like, and scar like. See Figure 4. 
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Figure 4. Dahele et al. classification of radiological changes after stereotactic body radiotherapy 

(SBRT). A, Acute radiological pneumonitis within 6 months of treatment. One category (no increasing 

density) not shown. B, Late radiological fibrosis after more than 6 months from the time of treatment. One 

category (no increasing density) not shown. GGO, ground glass opacity (101). 

 

    

CT remains the standard radiological modality for diagnosing and monitoring 

RILD, however other modalities have been investigated. Although PET scanning does 

not provide good spatial resolution, it may have some utility in the diagnosis of RILD 

(102, 103), though its main utility is in excluding tumour recurrence (42). More 

experimentally, SPECT and functional MRI, particularly with hyperpolarised noble 

gases (129Xenon or 3Helium) have been investigated. The advantage of these 

functional imaging techniques is that as well as anatomical data, they can provide non-

invasive, physiological data by allowing assessment of ventilation in areas of irradiated 

lung (104, 105).   
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Management of RILD 

 

Although much work has been performed to bring prophylactic radioprotective 

agents to the clinic, few are in routine use (106). Amifostine, the most well-known, is a 

phosphorothioate that acts as a free radical scavenger. Once it has been 

phosphorylated it can diffuse freely into cells and accumulates in normal cells faster 

than tumour cells (107). Despite being approved by the FDA and being included in 

some National Guidelines, the clinical data to support its use is not strong and it is 

often poorly tolerated and therefore rarely used (108). Other agents, such as 

pentoxifylline/tocopherol, nintedanib and ACE inhibitors, have been studied. Similarly, 

there is some data to support their ability to prevent the development of RP, but high-

quality evidence is lacking (42, 109-111).  

 

Once RILD has clinically manifested, for patients with mild symptoms, clinical 

observation alone is sometimes used. Glucocorticoids steroids for example 1mg/kg of 

prednisolone can be prescribed for more significant RP. It should be given for 2-4 

weeks and then slowly tapered over up to 3 months. Other immunosuppressive agents 

such as azathioprine and cyclosporin may also have efficacy. Unfortunately, there are 

no established treatment for chronic radiation fibrosis. Anti-inflammatory agents have 

no role and in fact have been shown to cause harm in this setting. Treatment is 

therefore supportive only with e.g. supplemental oxygen (42).  

 

RILD Classification Systems 

 

There are several widely used clinical scoring systems for RILD. See table 2. 

They mostly use a 5- grade classification system and use a combination of symptom 

and radiological severity (86). The morphological changes are described imprecisely 

and terms such as ‘patchy’ and ‘dense’ are not formally defined. The ‘symptoms’ are 

largely based on their required therapeutic interventions and are therefore subjective 

(and the subject is the clinician). There is little emphasis on functional impact on the 

patient and no patient-reported outcomes are included (44). They also only provide a 

‘global’ outcome; they do not allow local anatomical damage, important when highly 

conformal radiotherapy can now be delivered, to be described.  

 

Faria et al. followed up 50 NSCLC patients from their institution and scored their 

toxicity according to both the RTOG/EORTC and the NCI-CTC criteria (see table 3.) 

The worst grade observed during follow-up was assigned to each patient. Correlation 

between the two grading systems was very poor. All patients had radiological toxicity, 
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though only 14% had symptomatic toxicity (all <grade 3). Use of the RTOG/EORTC 

scoring schema revealed grade 0, 1, 2 or 3 late lung toxicity in 0, 28, 49 and 23% of 

the cases, respectively. The NCI-CTC scale assigned 86, 7, 7 and 0% patients to 

grade 0, 1, 2 or 3 respectively (44).  

 

Tucker et al. (86) retrospectively scored 442 patients with NSCLC with at least 6 

months follow up after RT. The severity of RILD was scored three times, according to 

NCI-CTC, CTCAE and RTOG. They binarized the data to produce yes/no results for 

each patient according to each classification system (where e.g. grades 0-1 were 

classified as no, and grades ≥2 were classified as yes). The binarized results were then 

fed into 3 NTCP models to estimate RP risk as a function of MLD. Each scoring system 

produced markedly different NTCP probabilities for a particular MLD.   

 

Faria et al. (44) present data suggesting that inter-reporter variability of 

radiological changes even within the RTOG/EORTC system is often low. To further 

confound the problem, this classification system combines radiological and 

symptomatic data which inevitably leads to discrepancy in the way toxicity is recorded. 

As discussed above, the correlation between radiological and symptomatic toxicity is 

complex and the value of recording toxicity according to asymptomatic changes seen 

on a scan is dependent on the context for which the classification is being performed 

(112).  

 

There is a need therefore to quantify, standardise and develop systems for 

quantifying RILD. This thesis presents work that aims to initiate and advance this 

project in order that clinicians have access to tools which can precisely quantify 

radiological changes that accompany RILD and correlate these with dosimetric 

information in the radiotherapy plan and with clinical outcomes.  
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 Pneumonitis Lung Fibrosis 

Grading 

System 

CTCAE v5.0 RTOG SWOG/NCI-CTC  SWOG RTOG/EORTC 

1 Asymptomatic; 

clinical or 

diagnostic 

observations 

only; 

intervention not 

indicated 

Asymptomatic 

or mild 

symptoms; 

slight imaging 

changes 

Imaging changes; 

mild symptoms 

without steroids 

Asymptomatic; 

imaging 

changes 

Asymptomatic 

or mild 

symptoms (dry 

cough) 

Slight 

radiographic 

appearances 

2 Symptomatic; 

medical 

intervention 

indicated; 

limiting 

instrumental 

ADL 

Moderate 

symptoms; 

patchy imaging 

changes 

Symptoms 

requiring steroids 

or tap for effusion 

NA Moderate 

symptomatic 

fibrosis or 

pneumonitis 

(severe cough) 

Low grade fever 

Patchy 

radiographic 

appearances 

3 Severe 

symptoms; 

limiting self-

care ADL; 

oxygen 

indicated 

Severe 

symptoms; 

increased 

density imaging 

changes  

Symptoms 

requiring oxygen 

Imaging 

changes with 

symptoms 

Severe 

symptomatic 

fibrosis or 

pneumonitis 

Dense 

radiographic 

changes 

4 Life-threatening 

respiratory 

compromise; 

urgent 

intervention 

indicated (e.g., 

tracheotomy or 

intubation) 

Severe 

symptoms 

requiring 

continuous O2 

or assisted 

ventilation 

Symptoms 

requiring assisted 

ventilation 

NA Severe 

respiratory 

insufficiency/ 

Continuous O2/ 

Assisted 

ventilation 

5 Death Death Death NA Death 

 

 

Table 2. Commonly used classifications of RILD. Note the CTCAE classification, widely used in radiation 

clinical trials, is not specific to radiation pneumonitis, but classifies pneumonitis irrespective of cause. 

ADL= activities of daily living; CTCAE= Common Terminology Criteria for Adverse Effects version 5.0; 

RTOG = Radiation Therapy Oncology Group; EORTC = European Organisation for Research and 

Treatment of Cancer; LENT-SOMA= late effects in normal tissue-subjective objective management 
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analysis; NCI-CTC= National Cancer Institute Common Toxicity Criteria; SWOG= Southwest Oncology 

Group. (42, 44, 77, 86, 113). 

Previous Quantitative work in RILD 

 

In recent years a number of attempts have been made to improve upon the 

classification systems traditionally used to classify RILD. Computational approaches 

have the advantages of allowing quantitative, continuous, objective and automated 

classification of radiological or functional lung damage. One of the most common 

approaches has been to use Hounsfield Unit (HU) density (114-131). Palma et al. 

(129), the originators of the technique, performed deformable image registration (DIR) 

on the phase of the planning scan with the lung volume most similar to the follow-up 

CT images of patients treated with SABR. Rigid registration was applied manually and 

then a modified B-spline calculation algorithm was used to warp structures to achieve 

the required 3D displacement. Voxel HU density histograms were created and mean 

lung densities were derived. Mean lung densities were compared across different 

phases of the CT scan, across registered images, across single patients scanned with 

and without contrast medium and across planning and diagnostic CT scans. Changes 

in density due to scanner type were corrected for. 

 

The mean difference in HU between end-expiration and end-inspiration was 42 HU 

though this was only reported for 4 patients. Addition of contrast resulted in mean 

increase of lung HU density of 18 HU. There was a mean difference of 47 HU between 

diagnostic and planning scans. There was no correlation between HU density changes 

in the whole lung and the severity of physician graded radiological pneumonitis. But 

local density changes around the PTV correlated strongly with increased radiological 

pneumonitis (Spearman’s r=0.75) 

 

A more recent example of the same technique (Feghali et al. (131)) studied 31 patients 

to investigate the relationship between normal lung CT density changes with dose 

accuracy and outcome. Each patient was assigned a CTCAE RP grade (based on 

clinical and radiological changes). HU changes in 5 Gy dose bins from 5-45 Gy were 

assessed in the peri-tumoural region (ITV+ 3 cm margin). The 0-5 Gy lung volume was 

used a baseline correction of the density changes. The average lung density changes 

in the peritumoural region for each of the 5-45 Gy dose bins were tabulated and 

compared across different dose algorithms.  

 

Mean HU changes in the 45-50 Gy dose bins (from the model-based algorithms) were 

3.8 +/- 7.1; 73.5 +/- 10.3; 104.3 +/- 8.4 for patients with grade 0-2 RP respectively. 
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There was a strong positive relationship between peritumoural lung density changes 

and RP grade (Spearman’s r = 0.76). Positive correlation was also observed between 

RP and HU changes in the region covered by V20 for all algorithms (Spearman’s r ≥ 

0.738). Additionally, V20, MLD, and gEUD were significantly correlated with RP grade 

(p < 0.01). 

 

Bernchou (119) et al. used a similar approach to investigate longitudinal change of HU 

density after RT. They found that for early changes (<3 months) the magnitude of 

change reached a plateau at doses 5- 45 Gy. Even doses receiving 5-10 Gy showed 

changes in density. They noted that the evolution of changes differed between the low 

and high dose regions. Lung parenchyma receiving doses <45 Gy underwent a 

decrease in HU density after 3 months, while areas receiving 50-60 Gy became denser 

between 3-9 months before then decreasing again. Beyond 12 months the density 

changes stabilise across all dose intervals. The bimodal time distribution supports the 

model RILD consisting of early (RP) and late (fibrotic) changes.  

 

The advantage of using HU density therefore include its quantitative, objective and 

automated characterisation of RILD. There also  appears to be good correlation 

between RILD graded by traditional, physician-assessed measures. However, despite 

the popularity and utility of this technique, it has some important limitations. Firstly, by 

simply recording HU density, it is not possible to distinguish different causes for HU 

changes for example tumour recurrence, infection, lobar collapse. Parenchymal 

changes are heterogenous in aetiology and morphology and to reduce them to mean 

HU density is reductive and discounts information contained in the CT scan. Secondly, 

it is time consuming to have to correct for differences due to contrast, scanners and 

different phases of respiration. Thirdly, the information relating HU density changes to 

dose rely on the accuracy of the image registration between the planning scan and the 

follow up scans, which becomes more challenging with increasing severity of RILD due 

to anatomical distortions (132). Fourthly, by only considering parenchymal change, 

other important information such as volume change or anatomical distortion or 

functional change is not included, and these may have significant impact on clinical 

outcome.    

 

Another technique frequently presented in the literature involves the use of FDG-PET 

to quantify lung inflammation (133) or characterise ventilation/perfusion abnormalities 

(134). Rice et al. simply summed FDG uptake in the whole lung and compared the 

parenchymal glycolysis between patients treated with photon and proton treatments for 

LA NSCLC. The best recognised shortcoming of the use of PET for diagnosing or 
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quantifying RILD is that the metabolic changes are not specific and can mimic infection 

or cancer recurrence incurring a high false positive rate. Another limitation with using 

increased metabolic activity as a surrogate for RP is that it is unknown to what extent 

RILD-associated glycolysis correlates with meaningful clinical sequelae. Furthermore, 

FDG-PET provides only very crude spatial information which further limits its utility. By 

the use of 4D V/Q PET/CT (134) as well as standardised uptake value (SUV) and HU 

information, ventilation/perfusion information is obtained to explore the relationships 

between these data and dosimetric information contained in the planning scan to which 

it was registered. Loss of perfusion and air-filled fraction of lung demonstrated a nearly 

perfect correlation with dose (r2=0.99). Similarly, ventilation was strongly negatively 

correlated with dose (r2=0.95). By including functional data, it is likely (though not 

certain) that these surrogates represent clinically important endpoints and may be 

useful in functional avoidance radiotherapy planning.  

 

Other functional techniques include SPECT (135), (which like PET lacks spatial 

resolution, specificity and imposes significant radiation exposure) and hyperpolarised 

MRI. There is current interest in the role of functional MRI particularly with 129Xenon 

(136, 137), though no reported studies in human subjects. Inhaled hyperpolarised 

129Xenon offers the advantage of possibly identifying lung damage prior to the onset of 

visible changes on CT scan, which may take up to 4 weeks to manifest. It also involves 

no radiation exposure and allows excellent spatial resolution. It offers the advantage 

over proton MRI of boosting the signal and increasing image clarity. Additionally, 

hyperpolarised MRI allows the apparent diffusion coefficient measurement which acts 

as a surrogate for alveolar size. It is hoped that hyperpolarised MRI offers the 

opportunity to study RILD non-invasively at a level approaching that reached by 

histological examination combined with precise measurements of gas exchange 

impairments. Animal studies are already exploiting this technology to also glean 

metabolic insights into RILD (136). Disadvantages of the technique include the long 

scanning times for patients, the limited availability of the technology and the current 

lack of data to assess its clinical benefits. 

 

 

Previous work on RILD by our group 

In 2018, our group, using data from IDEAL-CRT(51), a phase 1-2 radiotherapy dose 

escalation trial in locally advanced non-small lung cancer, compared the radiological 

findings of scans at baseline and 12 months after radiotherapy.  CT findings were 

scored in three categories: (1) parenchymal change, (2) lung volume reduction, (3) 
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pleural changes. All 27 patients had radiological evidence of lung damage. The three 

categories, parenchymal change, shrinkage and pleural change were present in 100%, 

96% and 82% respectively. All patients had at least two categories of change present 

and 72% all three (138).  

Following this, we published a novel method to quantify RILD with 12 automated 

biomarkers to allow precise, objective and continuous measures of changes on CT 

scans following RT (139). The biomarkers track change in lung parenchyma, volume 

and pleural thickness. The biomarkers are summarised in table 3. The biomarkers were 

then used to track the evolution of RILD over time and were able to classify patients 

into two distinct subtypes according to the temporal pattern of radiological RILD 

manifested. They also correlated with both radiotherapy dose and lung function tests 

(132). 

 

This work achieved three important objectives. It demonstrated that radiological 

changes were ubiquitous after chemo-radiation. It then systematised the categories of 

RILD that were seen and allowed an objective, quantitative method for describing 

these changes. Finally, we could demonstrate how RILD evolves over time in the first 2 

years after radiation. Furthermore, we were able to relate these changes to changes in 

pulmonary function tests after treatment. 

 

However, the biomarkers characterized parenchymal change by simply 

thresholding the lung tissue into ‘normal lung’ and ‘consolidation’ based on the HU 

value. This approach was an over-simplification and was unable to distinguish the 

different morphological subtypes of parenchymal change that could be seen in the 

images. Furthermore, the dosimetric correlations presented in (95) used only global 

DVH metrics and did not study the relationships between local dose and parenchymal 

change as, at that time, it was not possible to perform meaningful lung registrations 

due to the magnitude of the geometrical changes resulting from long term RILD. 
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Biomarker 

Abbreviation 

Short Description Biomarker 

Abbreviation 

Short Description 

Nv Normal Lung Volume 

Shrinkage 

Rv Consolidation Volume 

Dx Change in Lung Width Dz Change in Lung Height 

E Diaphragm Elevation C Diaphragmatic 

Curvature 

S Diaphragmatic Tenting Αlpha Rotation of The Main 

Bronchus 

M Mediastinal Shift Beta Rotation of The 

Anterior Junction Line 

T Anterior Junction Thickening P Pleural Change 

 

 
 
Table 3. Biomarkers developed by our group to quantitatively assess RILD. The 

biomarkers track changes in lung parenchyma, volume, shape and pleural 
abnormalities (139). 
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Concepts in Deep Learning for Image Segmentation 

 

 

Deep Learning in Image Analysis  

 

The term ‘machine learning’ was first used in 1959 to describe the process where 

an algorithm can be trained to perform a task through being given large numbers of 

examples, rather than relying on explicit programming (140). It is subclassified into 

supervised and unsupervised learning depending on whether the function is derived 

with or without the target being explicitly provided at the training phase. Unsupervised 

learning was not used in this work but is used to uncover underlying patterns in data 

without explicit labels being provided to the algorithm. This is an interesting approach 

for classifying RILD but was not used in the work described in this thesis.  

Supervised learning is used for classification tasks such as image segmentation 

or regression. Commonly used algorithms in supervised learning include logistic 

regression, naïve bayes, support vector machines, neural networks and random 

forests. 

Supervised learning depends on the concept of a ‘ground truth’ (see section 

below). The ground truth (in medical segmentation usually provided by an expert) is 

then provided to the machine learning algorithm in order to teach it the output that is 

required. Very large volumes of data are required to ensure the output is accurate and 

not over-fitted. Overfitted data will result in extremely accurate results for the training 

data but will not generalise to unseen data well. The more complex the data, the 

greater the need to for large training datasets. 

Data is usually split into three groups: a training set, a validation set and a test 

set.  The training set is a set of examples used for learning that is, to fit the parameters 

of the classifier. The validation set is a set of examples used to tune the parameters of 

a classifier and the test set is a set of examples, that are held back and used only to 

assess the performance of a fully-specified classifier (141). This of course further 

increases the need for access to large amounts of ground truth data. 

One of the commonly used supervised Machine Learning approaches, especially 

in classification tasks, was the Decision Tree method (142). In this approach a tree-like 

graph is created, where 'branches' represent a test of features that lead to terminal 

nodes ('leaves'), which are class labels. However, they are prone to over-fitting and 
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may lack generalisation. These problems were mitigated by introducing randomness in 

the tree training process, for instance, by using only a subset of training data at a time, 

and by combining multiple decision trees in one classifier in the form of a random forest 

classifier, where all trees contribute to the output (143) (144). Such an approach has 

successfully addressed the limitations of Decision Trees without significant increase in 

computational burden (145) (146). See Figure 5.  

 

  

 

Figure 5. Examples of image contouring techniques with some popularly used examples.  

 

Deep learning is another subfield of machine learning. It has had considerable 

success in the field of image processing (147) and is currently the most investigated 

statistical technique applied to auto-contouring problems (148). It is commonly used in 

medical segmentation and there are now commercially available radiotherapy auto-

contouring software packages available(149).    

 

Deep learning employs massive, multilayer neural networks (150) that can 

uncover useful features of imaging; usually outperforming other methods (151). Most of 

the commonly used networks apply small convolution kernels, (e.g. 3x3 pixels in 2D 

applications), which in the first layers identify local features in the images, for instance 

edges, which at subsequent layers are combined into more abstract features to 

accurately classify or segment anatomical structures (152). There is no need for an 

explicit definition of the features to be used as they are extracted in the network 

learning process. 
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A paper by Krizhevsky (147) et al. in 2012 , where the authors won the prestigious 

2010 ImageNet Large Scale Visual Recognition Challenge (ILSCVRC) (153) by a 

considerable margin with their deep convolution neural network (CNN) was responsible 

for the enormous interest that this field has had across all domains of data science 

since then. The CNN introduced a number of important innovations. These include: 

 

a) the use of the ReLU (Rectifying Linear Unit) function, f(x)=max(0, x) 

b) optimisation for multiple GPUs (Graphics Processing Units) and, 

c) overlapping maximum pooling, to allow down-sampling and reduce overfitting while 

minimising error.  

 

Following this, by the use of very small convolution filters 3x3 in all layers, the depth of 

network was able to be significantly increased and the accuracy of classification was 

significantly improved (151) by the Oxford based Visual Geometry Group (this 

architecture is hence known as VGG). Next, an architecture called U-Net was 

introduced, specifically for medical image analysis (152) and further decreased the 

error rate in the ILSCVRC. The U-Net architecture (see Figure 3) has the advantages 

over Krizhevsky’s 8-layer network of allowing precise localisation as well as 

classification of images, a function necessary for semantic segmentation where a class 

label must be assigned to each pixel (radiotherapy contouring could be considered as 

an example of selective semantic segmentation where only relevant structures need be 

contoured). The other strength of the network was that it used excessive data 

augmentation by applying elastic deformations to the training images to allow it to learn 

invariance to the sort of deformations often encountered in medical images.  

 

U-Net architecture (see Figure 6) is so called because of its symmetrical contracting 

and expansive pathway. It can be considered as 2 VGG networks one working as an 

encoder, the second, reversed network functions as a decoder. Additionally, there are 

connections between the encoder and decoder regions at multiple resolution levels. It 

consists of repeated applications of two 3/3 convolutions, each followed with a rectified 

linear unit and 2x2 maximum pooling operations that result in down-sampling of the 

images. In order to retain localisation information, this is followed by the expansive 

path where “up-convolution” and concatenation with the correspondingly cropped 

feature map from the contracting path allows up-sampling of the image. In total the 

network has 23 convolutional layers. 
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Figure 6. U-Net architecture. Taken from (154) 
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Consensus Algorithms and Ground Truth 

 

In order to validate any method of automated segmentation (AS), it is necessary to use 

reference contours that can act as a ground truth. Most AS studies use manual 

contours of CT scans for this purpose. This is perceived as advantageous over using 

synthetic images or computer phantoms to achieve a verifiable ground truth as the 

latter do not well represent data seen in clinical practice and thus may over- or under-

estimate the performance of the AS method. Cadavers or surgical specimens have 

been used to retrospectively validate radiotherapy contours but handling and 

preservation techniques distort the anatomy and only an approximation to in vivo 

situations can be achieved (155). Additionally, the availability of specimens is also 

greatly limited in comparison to imaging data. Furthermore, the specimens still require 

segmentation before they can be used as a ground truth. 

If multiple expert contours are used as the ground truth, due to inter- and intra-

expert variability, which can be considerable (156, 157), consensus contours are 

generated as the reference. Consensus algorithms seek to solve any computational 

problem where a single data value is required in the presence of multiple, competing 

values. Majority Vote and Simultaneous Truth and Performance Level Estimation 

(STAPLE) are two of the commonly used algorithms in this context. Majority Vote 

simply considers a voxel to belong to a region if most of the segmentations include it. 

The STAPLE algorithm is an expectation-maximization algorithm, which considers a 

collection of segmentations to provide a probabilistic estimate of the true segmentation 

along with a performance measure of each contributing segmentations. True 

segmentation is statistically estimated by weighting all contributing segmentations 

according to the simultaneously estimated performance level (158). 

 

 

Performance Metrics  

 

The most commonly used metrics include the Dice-Sørensen coefficient (DSC,) 

(159) (160), Concordance Index (CI, also known as Jaccard Index  or overlap fraction,),  

(161-164) Hausdorff distance (HD,) (160, 161, 165) and centre of mass displacement 

or centroid shift (145). The DSC is given by the formula: 

 
2(A∩B)

𝐴+𝐵
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where ∩ = intersection and A and B are the two contours being evaluated.  

The concordance Index,  

 
A∩B

𝐴∪𝐵
 

the agreement index,  

(1 −
(A∪B−A∩B)

A∪B+A∩B

2

) · 100   

and matching index (166)    

(A − A/B) + (B − B/A)

𝐴+𝐵
  

are all volume based where ∪ = union between structures a and b. (167) Volume-

based metrics are straightforward to measure in any radiotherapy planning system but 

do not give any information about how structures differ in size, shape or location. The 

Hausdorff distance (161, 165, 168) measures the maximum distance between the two 

surfaces, rather than volume comparisons. As an additional metric, centre of mass 

allows for comparison of the location of two structures (169). 

 

There is no universal consensus on the reporting of geometrical accuracy and 

this accounts for the heterogeneity of metrics used across papers. No metric on its own 

is perfect and thus many studies have reported multiple measures.  It is noteworthy 

that as peer review of physician contours is becoming more widely adopted (170-173) 

simple qualitative assessment (e.g. no/major/minor change required) has been 

adopted reflecting the fact that quantitative metrics cannot wholly capture the 

evaluation of a human judge that often relies on complex pattern recognition. Some of 

the studies in this review have accordingly adopted qualitative assessment to evaluate 

automated contours (174) (175) (176).  It is outside the scope of this thesis but 



 44 

interesting to note that human pattern recognition relies on cognitive processes (e.g. 

template matching, feature analysis, top down processing (177)) that have parallels to 

algorithms used in automated contouring. It is also worth reflecting that advances in 

deep learning (178) could in theory lead to computers out-performing humans in 

segmentation accuracy as well as speed, leading to a concomitant displacement of the 

ground truth. 

 

Objectives of the Project 

 

This thesis presents work that has been carried out in order to advance this work. 

Specifically, it was performed to achieve 5 things: 

 

1. Describe the textural, parenchymal changes seen in RILD in greater detail. 
2. Relate the parenchymal changes to prescribed radiotherapy dose 
3. Use deformable registration to allow us to track anatomically local lung changes across 

time and study the effect that different dose levels have on lung tissue.  
4. To correlate the parenchymal changes with Medical Research Council (MRC) dyspnoea 

score in order to understand how radiological changes affect clinical outcome. 
5. Use deep learning methodologies to automate the process of quantifying radiological 

RILD in order to apply our methodology to large datasets. 
 

By achieving these, I can describe the parenchymal changes seen in RILD in greater 

detail than has previously been possible. Understanding the relationship between 

radiotherapy dose, radiological change and clinical outcome (i.e. radiation induced 

morbidity) is a necessary step in improving treatment plans for patients. This work will 

therefore play a role in eventually improving radiotherapy delivery to ensure adverse 

effects are minimised. 
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Chapter 2: Development of Novel Automated Lung Classifier 
 

Introduction 

 

Extending the previous work by our group developing a suite of biomarkers to measure 

RILD (139), I devised new biomarkers to precisely classify parenchymal changes 

according to morphological appearances. The original biomarker used to characterise 

parenchymal change simply quantified ‘consolidation volume’ as the ratio of high-

intensity volume compared to the contralateral lung (to allow for changes in scan 

acquisition, use of CT contrast and baseline lung pathology etc.). This approach had 

limitations: it neither distinguishes morphological subtypes of parenchymal change, or 

accounts for changes in the contralateral lung. 

 

 

Materials 

 

I had access to data and CT scans from the IDEAL-CRT trial (55), a multicentre, UK, 

phase 1/2, single arm, dose escalation trial in non-small cell lung cancer. Patients 

received isotoxically individualized tumour radiation doses of 63 to 71 Gy in 5 weeks or 

63 to 73 Gy in 6 weeks, delivered concurrently with 2 cycles of cisplatin and 

vinorelbine. One-hundred eighteen patients (Stage IIB-IV) were recruited from 9 UK 

centres. Scans of 46 patients who had CT scans at all follow up points (3-, 6-, 12- and 

24-months post RT) were available for our study. See Table 4 for patient 

demographics. 98% of patients received conformal radiotherapy rather than VMAT.  

As this was a multi-centre trial, there was significant heterogeneity of CT scan 

acquisition. Most scans were acquired at breath-hold (deep inspiration) with the 

remaining being 3-dimensional free-breathing CT or average 4DCT. There was both 

inter- and intra-patient variability in terms of scan acquisition parameters as well as 

scan resolution. The in-plane scan resolution ranged between 0.61mm x 0.61mm and 

0.98mm x 0.98mm and the slice thickness from 0.5mm to 5mm (179). 
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Table 4. Patient Demographics 

Patient 
Characteristics     

  Number (%) Median Range 

Age   64 42-83 

Gender Male 31 (67)   

 Female 15 (33)   

Stage IIB 3 (7)   

 IIIA 30 (65)   

 IIIB 13 (28)   
Fractionation 

Schedule 6-week 36 (78)   

 5-week 10 (22)   
Radiotherapy 

Technique 
Conformal 

3D 45 (98)   

 VMAT 1 (2)   
Prescribed 
dose (Gy)   66.75 63-73 

PTV volume 
(cm3)   360.00 139-821 

MLD   14.56 8.75-19.96 

Lung V20 Gy   22.58 13.86-43.61 

Progression All 20 (43)   

  Loco-regional 15 (33)     
Available 

Respiratory 
Data      

  Numbers Available Missing 

 FVC Baseline 46 0 

  3m 43 3 

  6m 40 6 

  12m 40 6 

  24m 35 11 

     

 FEV1 Baseline 46 0 

  3m 43 3 

  6m 40 6 

  12m 40 6 

  24m 36 9 

     

 TLCO Baseline 46 0 

  3m 40 6 

  6m 37 8 

  12m 38 7 

  24m 35 10 

     

 MRC Score Baseline 43 3 

  3m 43 3 

  6m 43 3 
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  12m 41 5 

  24m 40 6 
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Development of Novel Parenchymal Classification System 

 

In order to study the parenchymal changes that seen on the CT scan, I developed a 

new classification system that would allow precise tracking and quantifying of their 

evolution. Prior to developing a novel radiological classification system amenable to the 

detailed quantitative analysis, I studied the dataset in order to understand the 

phenotypical manifestations of RILD commonly encountered.   

 

The following common parenchymal patterns were observed:  

 

i. Normal lung tissue 
ii. Lung tissue with hallmarks of COPD 

iii. Ground Glass patterns of different textures 
iv. Pleural effusions 
v. Lung collapse 

vi. Atelectasis 
vii. Tumour recurrence  

viii. Fibrosis  
 

See Figure 7 for examples. 
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A. Normal lung tissue 

B. Emphysema. Grey arrow shows example of bulla 
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6. 

 

C. Emphysema. Grey arrow shows bulla 

D. Emphysema Grey arrow shows bulla 
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E. Lobar atelectasis (green arrow) at 12 months post-RT 

F. Lobar collapse (green arrow) at 6 months post-RT 
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G. Bilateral anterior nodular tumour recurrence at 6 months (purple arrows) 

H. Right sided pleural effusion (white arrow) at 6 months post-RT 
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I. Examples of acute pneumonitis (blue arrow) at 3 months post-RT 

J. Example of acute pneumonitis (blue arrow) at 3 months 

post-RT. 
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Figure 7. Commonly encountered radiological patterns observed in the IDEAL-CRT data. A: Normal lung 

tissue. B, C and D: show examples of emphysematous lung. Grey arrows show examples of bullae. E: 

Lobar atelectasis (green arrow) at 12 months post-RT. F: Lobar collapse (green arrow) at 6 months post-

RT. G: Bilateral anterior nodular tumour recurrence at 6 months (purple arrows). H: Right sided pleural 

effusion (white arrow) at 6 months post-RT. I, J, K: Examples of acute pneumonitis (blue arrows) at 3 

months post-RT. L: Red arrow shows reticulation at 24 months.

K. Example of acute pneumonitis (blue arrow) at 3 months post-RT 

L. Red arrow shows reticulation at 24 months 
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A novel classification system of lung parenchyma was developed after a literature 

search of established classification systems and studying the changes identified in our 

dataset. Morphological labels that were ‘agnostic’ to underlying pathophysiological 

processes were favoured for the following reasons: 

 

1)  To allow the possibility of novel insights based purely on radiological patterns, 

devoid of context that could potentially bias segmentation decisions, for example, 

parenchymal patterns at early phases of follow up more likely to be labelled as 

‘pneumonitis’ directly as a consequence of temporal context. Purely morphological 

labels are more objective and therefore less prone to context bias of this sort. 

 

2) Morphological labels allow a more universal lung parenchymal classification system 

applicable beyond RILD. As well as potentially allowing the classification system to be 

used for patients who have received other oncological therapies as well as, or instead 

of, radiotherapy (e.g. those receiving chemotherapy or immunotherapy), this would 

allow patients with other lung pathologies (e.g. underlying idiopathic fibrosis or viral 

pneumonitis) to be accurately segmented within a single system. 

 

3) To permit automated segmentation based strictly on information in the images and 

not dependent on additional information (e.g. co-morbidities, systemic treatments) that 

may not be available in some datasets. 

 

4) Pragmatically, to allow more confident classification of parenchyma by a segmenter 

without formal radiological training.  

 

The labels were devised with close discussion with an experienced thoracic radiologist 

(JJ). There was an iterative process where certain labels were trialled and eventually 

binned with other labels if they were not felt to be useful. Initially pleural abnormalities 

had a separate label but this was subsumed under the opaque label in order to retain a 

purely morphological taxonomy. Furthermore, Pleural Thickening (one of the original 12 

biomarkers) is often continuous with lung parenchyma and no definite boundary can be 

reliably distinguished and so this too was included in ‘opaque’. Another label that was 

initially trialled was called ‘fibrosis’ and included honeycombing and reticulation (both 

representing end stage lung damage in fibrotic lung disease). This was binned with 

Class 3 because there are some disagreements about its radiological features, and it is 

morphologically similar to traction bronchiectasis on a background of emphysema and 
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without context difficult to distinguish (180).  Additionally, it was a very rare label and 

we assumed that it would be challenging to reliably train an algorithm to segment. 

 

 

Proposed Parenchymal Classification System  

 

The final labels chosen were (see Figure 8): 

 

Class 1. Default Lung parenchyma. This describes normal and emphysematous lung 

without any high-density abnormality and represents most of the lung prior to (and 

usually after) radiation. The possibility of further subdividing this class exists according 

to HU density to allow emphysematous lung or lung with air-tapping to be distinguished 

from more normal lung.  

 

Class 2. Non-textured ground glass opacity. Describes ground glass opacity of any 

aetiology. 

Ground glass changes are described in the literature as “as hazy increased opacity of 

lung, with preservation of bronchial and vascular margins. It is caused by partial filling 

of airspaces, interstitial thickening (due to fluid, cells, and/or fibrosis), partial collapse of 

alveoli, increased capillary blood volume, or a combination of these, the common factor 

being the partial displacement of air. Ground-glass opacity is less opaque than 

consolidation, in which bronchovascular margins are obscured.” (181) 

 

Class 3. Textured ground glass opacity 

This term was used to describe more dense ground glass changes with a ‘fluffier’ or 

more solid component than class 2. It also represents lung with a reticulated 

morphology.  

 

Class 4. Solid density with air-bronchograms 

This represents mainly solid lung tissue- either aerated opaque tissue or tissue with a 

density just below dense opacity. Its density is that between class 3 and 5.  

 

Class 5. Solid Density 

This class describes homogenous, dense lung tissue and represents a number of 

pathological entities including tumour, pleural effusion or collapse. 
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Figure 8. Examples of classes 1-5. See legend. From left-right: CT scan, manual segmentation and 

automated segmentation.   
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Two Stage Ground Truth Generation 

 

The dataset of 46 patients/230 CT scans were divided into a training and validation set 

(n=40/200) and hold-out test set (n=6/30).  The testing dataset was not used during the 

development stage and no changes to the method were applied after the evaluation on 

that dataset.  

 

After the first 3 patients were labelled at all time points (15 scans), the contours were 

reviewed by a radiologist, Joseph Jacob (JJ)) and errors were corrected after 

discussion. The remaining 37 cases were independently manually labelled by Edward 

Chandy (EC). These labels were not yet considered final ground truth but a good, initial 

‘draft’. The classification was time consuming and challenging due to the attempt to 

accurately label every pixel in the lung field. Decisions as to which class an individual 

pixel belonged to involved inevitable uncertainty due to the complex parenchymal 

biological patterns that were observed. A two stage ground truth data generation 

approach (182) was thus employed. The proposed approach was adopted to refine and 

improve the efficiency of ground truth generation, by using an early version of the 

network to generate results based on draft manual contours. Manual classification was 

time consuming and challenging. It was proposed that the two-stage approach would 

improve both the efficiency and consistency of the ground truth generation. 

 

The manual contours were then fed to an early version of a 2D U-Net deep learning 

algorithm (see below). This work was conducted by Adam Szmul (AS). The contours 

generated by the algorithm were then edited manually by EC. These final manual 

contours, at this iteration considered ground truth, were then used to train the final 

algorithm to produce the final automatic segmentations, again this was performed by 

AS who designed and trained the deep learning algorithm. See Figure 9.  

 

 

 

Figure 9. Diagram illustrating the two-stage truth generation workflow. Figure designed by Adam Szmul. 
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Deep Learning Architecture 

 

2D UNets (152) were chosen not only for its well established success in image 

segmentation but because it was felt to best replicate how images are segmented in 

clinical practice i.e. by contouring a single axial slice at a time. Due to the 

heterogeneous dataset we were using, CT images had a wide range of slice thickness 

(ranging from 0.5-5mm) and 2D architecture is better suited than 3D architecture under 

these circumstances.  

 

 

Figure 10. U-Net architecture used for lung annotation. Figure designed by Adam Szmul. 

 

Training was performed using both Weighted Cross Entropy (weights per class set 

based in frequency of their appearance) with 32 initial filters and Lovász-Softmax loss 

functions with 32 and 64 initial filters, for the stage one ground truth data generation 

step. Once the labels were revised and after comparison of the automatic 

segmentations generated by the method trained on stage one, in the stage two 

segmentation generation, an additional Dice loss was included. Subsequently, 

networks using all three loss functions (Dice, Lovasz and Weighted Cross Entropy) 

were trained using two different number of initial filters: 32 and 64. In total at stage two 

6 different networks were trained, the results of which were then combined in an 

ensemble.  We decided to extend the ensemble from 3 networks in stage one to 6 

networks in stage two based on the experience from our stage one step, that the use of 

ensembles (using the collective performance of multiple networks) provided better 

results than any individual network. The axial slices were cropped around lung regions 

with a margin of 5 mm, with the areas beyond the lungs masked (as per the manual 

contours). The cropped images were down-sampled to 384x288 if the lung contours 

expanded beyond that bounding box. The choice of the input size was made to 

minimise the number of down-samplings required (~10%) to process the original input 

data, whilst allowing for 5 contraction and expansion levels within the UNet 
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architecture. Due to the label imbalance (label 1 was far more common than all the 

other labels combined), only slices with ≥1% damage were used for training. See 

Figure 10. 

 

The maximum number of epochs was set to 200 but, based on the validation scores, 

early stopping was applied after around 100-150 epochs to prevent overfitting. The 

images were normalised initially cropped to the lung CT intensity window: -1000-

300HU, and scaled to [0, 1], then normalised based on their global mean and standard 

deviation intensity. Instance normalisation was applied which from initial tests seemed 

to provide better results than batch normalisation. Geometric data augmentation 

involving random left/right flipping, random rotations by -30-30 degrees and deformable 

deformations using B-splines. Intensity augmentation using random gamma 

transformation was also applied.  

 

An ensemble of the best performing networks was used to produce the next iteration of 

labels.  

 

The results of the individual networks were combined in an ensemble, summing the 

logit scores of all of the networks in a channel-wise manner and only then applying 

argmax operation. Such an approach allowed us to take in to account the ’certainty’ of 

each of the networks compared to naive averaging of the final labels or majority voting. 

In the final automatic label generation 6 networks were used with 3 losses and two 

numbers of input filters. Training was the same as described above. 

 

 

 

Evaluation of automated contours 

 

 Visual Inspection 

 

Once the manual, ground truth annotations had been completed, we reproduced the 

annotations using the automated method described above. The results were visually 

inspected. It was noted that although in general the network had produced good, 

consistent segmentations, it was prone to some systematic errors. These were errors 

in distinguishing motion artefacts created by normal anatomy (especially diaphragm, 

aorta, clavicle) from lung ‘pathology’ i.e. labels other than default. There was also a 

tendency to over-segment Class 2 (particularly at, but not confined to, areas of motion 

artefact) and under-segment Class 3 (usually by mislabelling this as either class 2 or 
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class 4, i.e. one of the adjacent tissue classes). However, as can be seen in Figures 11 

and 12, these differences appear small overall.  

 

 

Figure 11. Percentage distribution of all data labels (all time points summed) of entire lung fields as 

annotated manually.  

 

 

Figure 12. Percentage distribution of all data labels (all time points summed) of entire lung fields as 

annotated by the network.  
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Formal Qualitative Review of Segmentations 

 

In order to establish the accuracy of both the manual and automated segmentations, 

the 6 hold-out test patients were assessed by JJ. The reviewer had not seen these 

cases before and was presented with both the manually and automated annotations of 

all 30 scans. The reviewer was blinded to the annotation method and was asked to 

give each case a score.  The scoring system is provided in table 5. Tables 6 and 7 a 

and b shows the results of the qualitative evaluation. 
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Table 6. Qualitative Evaluation of Annotations (all classes combined) 

 

 
Acceptable 

Minor 

Disagreement 

Major 

Disagreement 

Total 90.33% 5.33% 4.33% 

Manual 92.67% 6.00% 1.33% 

Automated 88.00% 4.67% 7.33% 
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Table 7a. Manual Annotations by class 

 
Acceptable 

Minor 

Disagreement 

Major 

Disagreement 

Class 1 83.3% 16.6% 0% 

Class 2 90% 10% 0% 

Class 3 100% 0% 0% 

Class 4 96.7% 3.3% 0% 

Class 5 93.3% 0% 6.7% 

 

Table 7b. Automated Annotations by class 

 
Acceptable 

Minor 

Disagreement 

Major 

Disagreement 

Class 1 80% 6.7% 13.3% 

Class 2 83.3% 3.3% 13.3% 

Class 3 96.7% 3.3% 0% 

Class 4 93.3%% 6.7% 0% 

Class 5 86.7% 3.3% 10% 

  

 



 66 

Quantitative Review 

 

Table 8 summarises the Dice scores of the training and hold out test cohort for each 

individual class. It can be seen that there is much greater variation between individual 

classes than seen with qualitative review. Class 1 as expected performs extremely well 

when evaluated by Dice whereas classes 2-4 perform much less well. The training 

cohort generally achieves better results than the test cohort, which is also expected 

given that these cases have never been presented to the network and could not inform 

its final structure.  

   

Table 8. Dice scores of the training and hold out test cohort for each individual class. 

 
 

Training 

Cohort (n=40) 

Testing Cohort 

(n=6) 

Class 1 98.88 98.46 

Class 2 71.38 43.71 

Class 3 55.79 26.09 

Class 4 79.49 47.21 

Class 5 95.70 92.44 
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Chapter 2 Summary  

 

In this chapter I have presented the development of a novel classification system for 

the parenchymal changes frequently encountered in RILD. This was developed 

following a review of the currently used classification systems and was designed to 

build on those already in use but to overcome their shortcomings to allow a precise 

quantitative morphological description at the pixel level.  

 

Following the development of our novel classification system, our entire dataset was 

manually contoured, with the guidance of an experienced thoracic radiologist to 

produce a good approximation of what would become our ultimate ground truth. The 46 

patients from our IDEAL-CRT data-set(230 CT scans) were divided into a training, 

validation and test set. In order to generate the final ground truth labels, with both 

maximum efficiency and consistency, a two-stage work flow was used which could be 

seen as a ‘man and machine’ collaboration: The first draft of the annotations was fed to 

an early version of our deep learning algorithm to produce the next iteration of 

annotations. These in turn were manually edited in order to create the definitive ground 

truth. The six ‘test’ patients (40 scans) were held back from this 2-stage process in 

order to keep them as a true Test set and were only contoured manually at this stage. 

 

Next, the training and validation cases were used to optimise the deep learning 

algorithm. It was then used to automate all 230 CT scans. The results of the manually 

automated classification were formally, visually reviewed by a radiologist and the 

automated results were in addition, quantitatively evaluated with a Dice Score. 

Although the visual reviews produced very favourable results with almost 90% of the 

scans producing acceptable results across all classes, the Dice scores were much 

lower for some of the classes.  

 

The low Dice scores reflect the well-known limitations (183) of this metric in biomedical 

image analysis. Its main shortcoming is its sensitivity to the size of the structure it is 

evaluating. The Dice Score of large structures (e.g. class 1 in our work) are extremely 

insensitive to small inaccuracies whereas the opposite is the case for small structures. 

Consider a structure that consists of only 3 pixels. If one pixel is missed by the 

classifier, the DSC score is 0.8, if a 2nd pixel is missing, then the score is 0.5. For a 

structure of 37 pixels, 2 missing pixels results in a DSC of 0.97. Due to the large class 

imbalance of our classification system, DSC can be particularly misleading: if a 

classifier were to label the entire lung field as Class 1, then the overall DSC would be 
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extremely high, but its clinical utility would be extremely low. For this reason, I consider 

the human visual review much more highly than the quantitative DSC scores.  

 

I have thus created a useful morphological classification system of parenchymal RILD 

and its automation is of sufficient accuracy to put it to use to investigate the 

relationships between radiological signs of RILD and the relevant clinical and 

dosimetric variables in our dataset.  
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Chapter 3: Temporal Evolution of Parenchymal Changes and their 
relationship to clinical parameters 

 

Introduction 

 

The work presented in this chapter utilizes the classification system described in the 

previous chapter and applies it to our clinical dataset to quantify parenchymal change 

due to RILD at a level of detail not previously possible. This includes longitudinal 

analysis of the proportion of the different tissue classes in the lungs, analysis of the 

relationships between the tissue classes at each time point and global dose metrics 

and measures of respiratory function, and investigating the relationship between local 

dose and changes to the parenchymal tissue over time. 

 

To analyse the prevalence of each parenchymal class at the different timepoints the 

relative volume (as a % of the total lung volume) of each parenchymal class at every 

time point was calculated for each individual, and the mean values over all 46 patients 

were calculated. To analyse the evolution of the parenchymal classes over time, the 

difference in the relative volumes of the parenchymal classes was calculated between 

each follow up CT scan and the pre-RT scan, for each individual. For this analysis the 

voxels within the PTV were excluded from all timepoints so that presence of the tumour 

in the baseline scan did not influence the analysis and only the effects on lung tissue 

were studied. The differences in the relative volumes of the parenchymal classes, and 

their distribution over all individuals, were visualised using boxplots. A Friedman test 

was used to test for statistical differences between the distributions at different time 

points. 

 

The relationship between the global dose and the change in the prevalence of the 

different tissue classes at each timepoints was analysed. For each follow up CT scan, 

the Pearson correlation was calculated between the relative volume change of each 

tissue class and the following dosimetric parameters: V5, V10, …, V60, Mean Lung 

Dose (MLD), Max Lung Dose, the GTV volume, and the PTV volume. 

 

The relationships between the changes in the tissue classes and the changes in lung 

function were also investigated. Four different respiratory parameters related to lung 

function, FVC, FEV1, TLCO, and MRC score, were measured at most timepoints for 

most patients (see table. The changes in the respiratory parameters between each 

follow-up timepoint and the baseline measurements were calculated, and the Pearson 

correlation was calculated between the changes in respiratory parameters and the 

changes in tissue classes. 
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The relationship between the local dose distribution and the tissue classes distribution, 

and how this changed over the timepoints, was also explored. Each diagnostic CT 

scan was divided into sub volumes based on the propagated dose distributions, with a 

sub-volume for each 5 Gy physical dose band up to 65 Gy, and then a final sub volume 

for all lung voxels receiving more than 65 Gy. For each patient and timepoint, the 

relative volumes of the tissue classes within each sub-volume were calculated, and the 

average values were calculated over all patients. These results were visualized and 

qualitatively analysed using a stacked bar graph.  

 

Once lung registration had been applied (see below) the PTV and the local 

dosimetric information from the planning scans could be co-registered with the diagnostic 

CT scans at baseline and the four follow up points. The change in volume of each tissue 

class between pre and post-RT was calculated for the entire lung fields, and also within 

each 5 Gy dose band, in order to study the local effects of dose on lung tissue. The area 

within the PTV at each time point was excluded for most of the analysis as we are 

primarily interested in the effects of RT on normal lung tissue. Spearman correlation 

matrices were constructed to examine the relationship between change in tissue class 

volume after radiotherapy and a) dosimetric variables and b) respiratory outcomes. 

Statistical analysis was performed using Microsoft Excel for Mac Version 16.16.27, R 

Version 1.2.1335 and IBM SPSS Statistics Version 27.  

 

Balance of Tissue Classes across Follow-up 

 

Figure 13 shows the mean percentage volume of each tissue class for all 46 patients 

prior to lung registration and hence includes the volume within the PTV as per 

automated segmentation. It can be seen that class 1 represents most of the lung tissue 

at every time point and ranges from 90.6% at 6 months to 93.5% prior to RT. The next 

most prevalent class is Class 2 which ranges from 4.0%-6.5%. Class 3 is the most 

scanty label ranging from 0.25%- 0.74%. The manual results are not included but show 

the same trend. 
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Figure 13. Line charts to show distribution of 5 tissue classes at each time point as produced by the 

automated method (below). PTV excluded. Red = class 1, Green =Class 2, Blue = Class 3, Purple = Class 

4, Yellow = Class 5. The y axis uses a logarithmic scale.  
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Temporal Evolution of Tissue Classes 

 

The volume of each tissue class at every time point as generated by the manual and 

automated contours for the 45 patients for whom lung registration was performed is 

presented in Figure 12. The boxplots show the difference of each tissue class as a 

percentage of the entire lung field between the follow up time point and the pre-RT 

scan. The PTV is excluded from each time point. Several of the classes show 

statistically significant differences at different time points and these are similar whether 

the manual or the automated results are used.  

 

Each of the classes displays its own distinctive temporal pattern (see Figure 14). 

Prevalence of Class 1 which best represents undamaged tissue, shows a consistent 

decrease compared to pre-RT. This is most pronounced at 6 months and then 

gradually increases towards baseline at later timepoints. Classes 2 and 3 which 

represent ground glass and are therefore radiological markers of pneumonitis, are most 

prevalent at 3-6 months and then return towards baseline value at 24 months. Class 4 

and 5 which represent more solid textured parenchyma behave differently from each 

other. Class 4 peaks at 6 months while class 5 continues to increase in prevalence up 

to 24 months. The latter correlates with the increased incidence of late lung fibrosis 

and collapse. The former may be an intermediary stage between the more acute 

classes (2 and 3) and class 5 representing evolving fibrosis. 
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Figure 14a. This shows how the normal tissue is proportionally reduced at all time points after 

radiotherapy. The nadir of class one occurs at 6 months and then slowly increases towards baseline up to 

24 months. This can be explained by the acute RILD changes have the most profound effects in the early 

phase (3-6 months) when pneumonitis is most common before resolving. 
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Figures 14b and 14c shows how class 2 and 3 shows almost a mirror image pattern to class 1. It peaks at 

3-6 months before slowly returning to its baseline levels. These classess were designed to capture the 

morphology of pneumonitis and these data suggest they are successfully doing so given their temporal 

evolution fits with known the radioligcal patterns seen withacute radation pneumonitis.  
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Figure 14 d and e below show the temporal evolution of classes 4 and 5 respectively. Class 4 showed 

only small changes across the 2 year follow up so conclusions are difficult to draw. However both classes 

show increasing prevalence after baseline. It is plausible that as fibrotic changes evolve that class 4 

becomes more dense changes in to the dense consolidation or collpase of class 5.
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Relationship with Global Radiotherapy Dose 

 

Figures 15 and 16 shows a Pearson correlation matrix for a number of global dose 

metrics and the change in tissue class volume for the manual and automatic 

segmentations respectively. I have included both the manual and automated to show 

how similar the results are whether the ground truth or automated classifier is used. 

Mild to moderate correlations are seen (up to r = 0.5). As expected, volume of class 1 

is negatively correlated with dose, while the other tissue classes show a positive 

correlation. The strongest correlation between the tissue classes is a negative 

correlation (e.g. r= -0.93 at 3 months for manual segmentation) between the volumes 

of class 1 and class 2, suggesting that the decrease in default lung tissue is mostly a 

result of an increase in ground glass texture. The dosimetric variables that most 

strongly correlated with change in tissue class volume are lung V20-V50 Gy and mean 

lung dose. Lung V30 Gy was correlated with change in classes 1,2,3 and 4 with r 

values of -0.45, 0.5, 0.31 and 0.42 respectively at 3 months. It may be that these doses 

were distributed widely enough across the lung field cause significant radiological 

changes whereas, out with the PTV higher doses will be scanty. The lung V20 has long 

been recognised as an important parameter for radiation pneumonitis and our results 

are consistent with this (184) with the strongest correlations being seen at 3 months. 

Similar though slightly less strong patterns were seen at other follow up time points. 

 

Although the correlations presented here are promising, the results can only be 

regarded as hypothesis generating. Correction for multiple testing has not been 

performed and the large number of tests is likely to have resulted in false positives. 

However, like the other data presented in this thesis, they can be used to form 

hypotheses for the methodology here to be applied to larger datasets. 
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Figure 15a-d. Pearson Correlation Matrices for Dose at all follow up points as per 

manual segmentations. The PTV has been excluded. White squares are not 

statistically significant (p>0.05).
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Figure 16 a-d. Pearson Correlation Matrices for Dose at all follow up points as per 

automated segmentations. The PTV has been excluded. White squares are not 

statistically significant (p>0.05) 

. 
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Registration  

 

In order to allow the influence of relevant dosimetric variables to be studied at a local 

level, the planning RT scans were registered, with each of the 5 available diagnostic 

CT scans obtained before and following treatment. This allowed us to map the PTV 

and dose regions onto each CT scan. See Figure 17. The registration as described in 

this section was performed by Alkisti Stavropoulou (AS).  

 

Registration was performed using our recently developed novel deformable registration 

method that aligns images based on the salient features between the images. Briefly 

this method does not use the intensity information in the images to align the images, 

but instead uses segmentations of the lungs and major airways, together with blood 

vessels detected using a ‘vesselness’ filter (185). These features are then used to drive 

a multi-channel deformable registration. The lung segmentations were performed 

manually and the airways segmentations were performed automatically using the 

open-source Pulmonary Toolkit (186) and subsequently reviewed and manually edited 

if needed using ITK-SNAP (187). The ‘vesselness’ (188) of each scan was calculated 

using Pulmonary Toolkit. The multi-channel registrations were performed using the 

opensource NiftyReg software (189). For each patient the planning scans were 

registered to all of the diagnostic CT scans, and the registration results were used to 

propagate the PTV and local dose distribution onto the scans at all time points. All 

registrations were manually reviewed and judged to be of sufficient quality except for 

one patient who could not be registered due to severity of lung damage meaning 

airways and vessels could not be aligned. Full details have been published elsewhere 

(179). 
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Figure 17. Co-registration of CT scans of each patient at different time points allowed the dose colour 

maps from the planning scans (left) to be overlaid on the baseline (centre) and follow-up scans (24 month 

follow up scan showed on right). 

 

 

 

Relationship with Local Radiotherapy Dose 

 

The relationship between the local dose distribution and the tissue classes distribution, 

and how this changed over the timepoints, was also explored. Each diagnostic CT 

scan was divided into sub volumes based on the propagated dose distributions, with a 

sub-volume for each 5 Gy physical dose band up to 65 Gy, and then a final sub volume 

for all lung voxels receiving more than 65 Gy. For each patient and timepoint, the 

relative volumes of the tissue classes within each sub-volume were calculated, and the 

average values were calculated over all patients. These results were visualized and 

qualitatively analysed using a stacked bar graph.  
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Figure 18 represents the relationship between the local dose and the distribution of the 

tissue classes, and how this changed over the different timepoints. It can be seen that 

the prevalence of tissue Classes 2-5 increases more in regions of higher dose, and 

remains fairly constant in regions of low dose, indicating that the changes to the tissue 

classes are indeed caused by radiation. It can also be seen that the dose response 

and temporal evolution is different for the different tissue classes. There is an initial 

increase in Class 2 at 3 months, which is approximately linearly related to local dose, 

and then a gradual decrease over later timepoints. There is also an increase in Class 3 

at 3 months, but this occurs more evenly over the mid and high dose regions, and then 

rapidly decreases at later time points. Likewise, Class 4 increases at 3 months in the 

mid and high dose regions, but interestingly then decreases in the mid dose regions 

but continues to increase in the high dose regions at 6 months, and then gradually 

decreases in all regions at 12 and 24 months. Class 5 increases over all time points, 

but at 3 months the increase is approximately the same in the mid and high dose 

regions, whereas at later time points there is an increasingly linear relationship 

between the increase in Class 5 and the local dose. 
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Figure 18  Stacked bar graph visualizing the relationship between the local dose and the distribution of the 

tissue classes, and how this changed over the different timepoints. The different colours correspond to the 

different tissue classes and each column represents a 5 Gy dose bin from 0-5 Gy – 60-65 Gy (with a final 

column for >65 Gy) from one of the different time points. Automated segmentations, PTV excluded.  
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In order to represent the effect of dose in an alternative way, the analysis performed in 

4.3 was repeated (see Figure 19) but the lung registrations were used in order to split 

the lung fields into low and high dose regions (less than and greater than 40 Gy 

respectively). This again demonstrates that the response of class prevalence responds 

to planned dose. The most striking result of this analysis is that class 1 is seen to 

increase in low dose areas, but decrease in high dose areas. This implies 

hyperinflation of the low dose lung areas, a finding compatible with previous work 

performed by our group (95).       

 

Figure 19a and b show the results when only regions of lung receiving low (<40 Gy) or high (>40 Gy) 

dose are included in the analysis.  
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 Figure 19a. Boxplot showing difference in volumes of each class at follow 

up and baseline in dose regions receiving <40 Gy. Solid lines signify 

statistically significant (p<0.05) differences between time points. The area 

within the PTV at each time point is excluded. (network segmentations). 

Boxes = interquartile range (IQR), horizontal line within box = median. 

Whiskers maximum= quartile 3 + 1.5 x IQR. Minimum= quartile1 -1.5 x 

IQR  
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Figure 19b. Boxplot showing difference in volumes of each class at follow 

up and baseline in dose regions receiving >40 Gy. Solid lines signify 

statistically significant (p<0.05) differences between time points. The area 

within the PTV at each time point is excluded. Network segmentations. 

Boxes = interquartile range (IQR), horizontal line within box = median. 

Whiskers maximum= quartile 3 + 1.5 x IQR. Minimum= quartile1 -1.5 x 

IQR  
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Relationship with Respiratory Outcomes 

 

Figure 20  shows correlation matrices presenting the relationship between respiratory 

data and the tissue classes at 3- 24 months. A moderate correlation was seen between 

change in Classes 1 and 2, and change in FVC, DCLO and MRC score. A weak 

correlation was observed between changes in volume of classes 4 and 5 and change 

in MRC score. This was strongest at 24 months and less strong at the earlier time 

points. This suggests that late, fibrotic changes have a greater effect on lung function 

than early inflammatory changes. This is plausible given that fibrotic changes have a 

more profound effect upon lung anatomy due to e.g. lobar atelectasis and collapse.  

The automated segmentations resulted in similar correlations. 

 

Figure 20 a-d. Pearson Correlation Matrices for respiratory data below. Manual segmentations, PTV 

excluded.    
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Chapter 3 Summary  

 

In this chapter, the novel classification system of parenchymal changes seen in RILD, 

along with a novel registration technique, were used to investigate how relevant clinical 

and dosimetric parameters from our dataset are related to radiological morphology. 

The main findings from this chapter are summarised below. 

 

First, I quantified the prevalence of the classes across the entire lung fields in all 

patients across all time points. Due to the entire lung field being annotated and the 

conformal nature of radiotherapy delivery, most of the lung field (>90%) was classified 

as class 1 (normal or emphysematous lung). Statistically significant changes from 

baseline were seen in the volume of the other 4 classes up to 2 years. 

 

Each of the classes displayed its own distinctive temporal pattern.  The prevalence of 

Class 1, showed a consistent decrease compared to pre-RT. Classes 2 and 3 which 

represent ground glass (the radiological proxies of pneumonitis), were most prevalent 
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at 3-6 months and then returned towards baseline value at 24 months. Class 4 and 5 

despite their similar morphological appearance, behaved differently from each other. 

Class 4 peaked at 6 months, while class 5 increased in prevalence up to 24 months, 

which correlates with the increased incidence of late lung fibrosis and collapse.  

 

Mild to moderate correlations were seen (up to r = 0.5) between a number of global 

dose metrics and change in volume of each class after radiotherapy. As expected, the 

change in volume of class 1 negatively correlated with dose, while the other tissue 

classes had a positive correlation. The dosimetric variables that most strongly 

correlated with change in tissue class volume were lung V20-V50 Gy and mean lung 

dose. The correlation was strongest in the early phases (up to 6 months post RT). 

 

It was shown that the prevalence of tissue Classes 2-5 increased more in regions of 

higher dose. It was also seen that the dose response and temporal evolution is 

different for the different tissue classes. Class 1 was seen to increase in low dose 

areas, but decrease in high dose areas. This suggests hyperinflation of the low dose 

lung areas. There was an initial increase in Class 2 at 3 months, correlating to an 

increase in local dose, and then a gradual decrease over later timepoints. There was 

also an increase in Class 3 at 3 months, which occurred more evenly over the mid and 

high dose regions, and then rapidly decreases at later time points. Class 4 increased at 

3 months in the mid and high dose regions, but then decreased in the mid dose regions 

but continued to increase in the high dose regions at 6 months, and then gradually 

decreased in all regions at 12 and 24 months. Class 5 increased over all time points, 

but at 3 months the increase was approximately the same in the mid and high dose 

regions, whereas at later time points there is an increasingly linear relationship 

between the increase in Class 5 and the local dose. 

 

Finally, I looked at how the changes in class prevalence over time related to changes 

in lung function and MRC dyspnoea score. A moderate correlation was seen between 

change in Classes 1 and 2, and change in FVC, DCLO and MRC score. A weak 

correlation was observed between changes in volume of classes 4 and 5 and change 

in MRC score. This was strongest at 24 months and less strong at the earlier time 

points, suggesting that late, fibrotic changes have a greater effect on lung function than 

early inflammatory changes.  
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Chapter 4 Discussion 
 

 

Introduction 

 

In the previous chapter I presented a novel classification of lung parenchymal changes 

seen in RILD and demonstrated that this classification can be performed effectively by 

a deep learning algorithm. The classification is able to track longitudinal changes up to 

24 months and the changes in proportion of the different classes reflects the classically 

recognised transition from acute pneumonitis to late fibrotic radiological changes. 

Furthermore, the parenchymal changes correlate to some extent with clinical 

respiratory outcomes, and correlate well, in a dose dependent manner, to the 

prescribed dose. In the rest of this section, I shall discuss these results in more detail.   

 

Evaluation of Automated Segmentations 

 

The Deep Learning algorithm performed well on an informal visual review and 

produced consistently meaningful, accurate labels of the scans. (See tables 6 and 7). 

Blinded, independent review of 30 test scans confirmed this and almost 93% of the 

scans were evaluated as acceptable (88%) or requiring only minor modifications (4.7%) 

in contrast to the manual scans which themselves were scored as acceptable (90.3%) 

or requiring minor editing (5.3%) in 96% of cases.  

 

Quantitative review revealed less encouraging scores in the same 30 scans (see table 

7). Dice scores for the Test cohort ranged from 26.1% to 98.5%, however, as 

discussed below, Dice scores are not an ideal way to evaluate labelling accuracy. The 

training cohort generally achieves better results than the test cohort, which is expected 

given that these cases have never been presented to the network and could not inform 

its final structure. The test cohort are all patients who have been treated on the 5-week 

RT schedule, whereas the training cohort patients were all treated on the 6-week RT 

schedule and this may have contributed the lower Dice scores seen with these 

patients. This split was not intentional but a result of the split being performed simply by 

trial number. This was in part due to EC being called back to clinical work temporarily 

during the first COVID 19 wave and communication between EC and AS being 

impaired for this period. Once the error was spotted however, it was too late to correct 

it as the first 40 cases had already been ‘showed’ to the algorithm. We wanted to keep 

the 6 test cases completely held back from the training and validation stages. It is was 
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thought that the different RT schedule was more likely to make the test cases more 

difficult for the algorithm to correctly classify and we felt that was more acceptable than 

an error in the other direction giving us false confidence in our classifier. 

 

 

Nonetheless paying attention to where the Dice scores are lowest points us to areas to 

where the network and manual ground truth diverge. It is seen that the least prevalent 

classes where the smallest Dice scores are obtained. This can be explained with two 

reasons: firstly, the nature of the Dice score means that smaller volumes can result in 

very low dice scores simply because discrepancy in spatial overlap may be 

disproportionately penalised (190, 191). Secondly, the algorithm will be presented with 

fewer examples of scanty labels and learning can be expected to be more difficult than 

for classes with greater prevalence. 

 

 

Figure 21. Confusion Matrix showing the true labels on y axis (as per manual contour) and assigned label 

by network on x axis in training and testing datasets (left and right respectively). Designed by Adam 

Szmul.  

 

A confusion matrix was constructed (see Figure 21) to reveal that where there is 

divergence, it is most often in the attempt to distinguish to adjacent classes e.g. class 2 

and 3 or class 3 and 4. This is a reassuring result, as it suggests that where the 

network is making errors, they are ‘reasonable’ ones. The classes represent a 

hierarchy of density and the boundary between classes is not always clear cut to a 

human observer. Indeed, as also discussed below, despite being labelled as “Ground 

Truth” there is no a priori reason that the network cannot produce more accurate labels 

than a human, and this was in part, the motivation for the employment of the two-stage 

truth generation process- we recognised that the network was potentially able to 

generate more self-consistent labels than a human. This would be an interesting area 
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for further study though would be difficult to demonstrate due to the ‘ground truth’ being 

by definition correct- despite our knowledge that any human ground truth is not 

infallible. 

 

It was also noted that the network was less able to recognise movement artefact than a 

human, particularly at the diaphragm or the aorta (see Figure 22). A similar 

phenomenon was seen with dependent changes in the lungs (192). Because the 

network was only presented with 2D slices, this may have meant it did not have the 

context to recognise motion artefact. A larger training cohort may have helped 

overcome this. Alternatively, using 3D U-Net (193), or a ‘2.5D network, which use 3x2D 

networks for the axial, sagittal and coronal planes(194). Other possibilities would 

include retaining a 2D architecture but using the adjacent slices as additional channels 

may also have mitigated against it.  

 

Another, though less appealing option, would be for individual CT slices to be manually 

sorted and those containing motion artefacts to be specifically labelled as such from 

the training cohort. This might improve the accuracy of the network but with a greater 

cost in human resources.  

 

 

Figure 22. Example of network classifying diaphragm artefact as class 2.  

 

 

 

Clinical Correlations 

 

Perhaps, most importantly, the automated and manual annotations revealed very 

similar correlations with dose and clinical outcomes, which could be argued to be the 

most important parameters we are concerned with in clinical radiotherapy.  

 

Dosimetric Correlation 
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If the parenchymal changes we are tracking are induced by radiotherapy, then 

understanding correlation to dose is essential. It is only through a detailed 

understanding of how dose affects the lungs that innovations in e.g. dose sculpting 

(195) can be meaningfully utilised. Looking at the Pearson correlations between 

change in class volume and DVH metrics, there is a consistent, moderate correlation 

between classes 1-4 and lung V20-V50 Gy, strongest at V30 Gy. Class 2 shows the 

strongest correlation to dose, and this is not surprising: It has long been recognised, for 

example, that lung V20 Gy predicts pneumonitis, whose radiological hallmark is ground 

glass change. Maintaining lung V20<30 Gy is accordingly, a universally used dose 

constraint (184). Given that class 2 shows the strongest relationship with dose, it is 

also predictable that the strongest correlations are seen at 3 months, as pneumonitis is 

an acute phase reaction. 

 

It is also not surprising that class 5 shows the weakest correlation with dose: class 5 

represents opacity and this can represent a wide range of pathological entities 

including tumour recurrence, pleural effusion and lung collapse, which in our dataset is 

related to intra-bronchial tumour recurrence (unpublished data). None of these will 

have a straightforward relationship with dose.  

 

In looking at the relationship with local dose, rather than global DVH data, dose 

appears to strongly predict change in volume of class 5. In Figure 18, the highest 

doses are related to a significant increase in volume of class 5. One of the reasons for 

this is that in order to create Figure 18, the volume of each class within each dose 

band was divided by the total volume of lung within that dose band. This was 

performed to mitigate against the asymmetry of dose spread across the lung 

confounding the effect on change of class volume, and this may be enough to explain 

the different conclusion reached from in the global measures. This suggests that being 

able to study the local effects of dose brings out more information than that 

represented in DVHs which simplify dosimetric information.  

 

Figure 18 also shows that the other classes all show dose responses similar to class 5, 

with the exception of class 2 which seems to show a peak response at the penultimate 

dose bands at time points 6, 12 and 24. As this figure also includes the baseline (pre-

RT) scan, it is interesting to see how even this scan shows a somewhat similar pattern 

to the post-RT scans. However, it is clear that the volume of abnormal lung (classes 2-

5) is significantly higher after treatment (as confirmed in Figure 13). It can also be 

noted that class 3, which represents more florid ground glass changes are most 

prevalent at 3 and 6 months before resolving.  
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In the lower dose bands, there are relatively little changes across the timepoints 

(although this could be partly attributed to these bands being larger, so changes 

appear smaller). In the low-mid dose bands, there is an initial increase in classes 2-5 at 

3M, but then classes 2-4 decrease from 6M, some being replaced by class 1 

(presumably as acute damage resolves) and some being replaced by class 5 

(transformation to chronic, fibrotic damage). Interestingly, in the low-mid bands class 5 

seems pretty constant from 6M on, whereas class 1 continues to increase at 12 and 

24M. In the mid-high dose bands we see a similar initial increase in classes 2-5 at 3M, 

but class 1 continues to decrease at 6M before increasing a little at 12M and 24M, 

whereas class 5 continues to increase at 6, 12, and 24M. At the very highest dose 

bands there is a small volume of class 5 at baseline and 3 months which increases at 6 

and 12M as more fibrosis and consolidation appears. Interestingly it shrinks at 24 M, 

which could be due to the fibrosis becoming denser,  and so shrinking in volume. 

 

The above is speculative, given the low patient numbers (and that if we look at 

individuals there is a lot of variability), but this does fit the classical dogma of acute and 

chronic damage, and suggest that both can occur in low-mid doses, whereas in high 

doses there tends to be more chronic damage. It is these sorts of insights, that if 

validated in the future, may help improve radiotherapy planning. 

 

 

 

Respiratory Correlations 

 

The correlation between the parenchymal changes and respiratory outcomes are less 

strong. The strongest correlations are found at 24 months. This may suggest that late, 

fibrotic changes have a greater effect on respiratory outcomes than early radiological 

changes. Additionally, change in class 1 seems to be the most closely related to 

change in respiratory status. This suggests that an absence of normal lung is more 

important than how the damaged lung appears on CT.  However, given the complexity 

of measuring meaningful respiratory outcomes and the possibility of false positives 

given the repeated measures, conclusions about relationship cannot be reliably drawn 

with a dataset this size.  

 

Lung function tests have long been known to have significant limitations. Datasets 

(196) have shown random variation can show changes up to 40% above and below the 

mean. This can be a result of poor patient effort or compliance, natural diurnal variation 
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or inadequate instruction from the technician (197). Their clinical and research utility is 

of uncertain value therefore in RILD and it may be that other measures of respiratory 

morbidity (such as patient reported outcomes, see below) are a more useful measure. 

 

 

Challenges 

 

Developing Novel Classification System 

 

Developing a novel, clinically relevant, system to classify parenchymal changes related 

to RILD is not straightforward. It was achieved by studying the radiological literature to 

ensure that the most salient features already recognised were included and also 

carefully examining the IDEAL-CRT data set in order to gain familiarity with the 

characteristics in our dataset. Although I had invaluable assistance from an 

experienced radiologist, I am not a trained radiologist and it was important that the 

classification system was designed in a way for a non-radiologist to accurately and 

consistently classify annotate the scans. Knowing that the classification would be 

ultimately automated, I tried to ensure that the labelling would be based on information 

in each 2D slice of the scan alone and did not rely on extraneous information such as 

previous scans from the same patient or knowledge of their co-morbidities. 

Nonetheless, my knowledge of anatomy and my inability to blind myself from the 

adjacent slices would have given me an advantage over the automated 2D classifier 

we designed. A 3D classifier may overcome some of these issues.  

 

The classification also required every pixel of a scan to be labelled (semantic 

segmentation) in order to allow quantitative analysis of the evolution of RILD. A further 

complication was that given the patient cohort, many patients would have underlying 

smoking related disease not directly distinct from the lung cancer or its treatment. 

Changes related to COPD were therefore subsumed under Class 1.  

 

A potential weakness of the classification system is the similarity of adjacent classes. 

The rationale for having 5 classes was to increase the richness of the classification 

system and detect subtleties of radiological damage to attempt to augment the power 

of previous parenchymal classification systems which use only 2 or 3 classes. The 

disadvantage of introducing classes which are on a continuum increases the possibility 

of error in labelling. As the confusion matrix (Figure 21) above shows, the network did 

indeed most often mis-classify into an adjacent class. This was most pronounced 

between classes 2 and 3 that are morphologically very similar to each other (they were 
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both representing subclasses of ground glass change). Class 3 was also the least 

prevalent class which presumably made training the classifier more challenging as 

there were fewer examples available to the algorithm. Nonetheless the correlations of 

the classes with dose all show characteristic patterns suggesting that the classes are 

representing genuinely distinct entities.  

 

Given the purely morphological system decided upon very different pathophysiological 

entities were grouped together as Class 5. This may not have been the ideal solution 

and may have resulted in the poorer dosimetric correlations discussed above. Future 

work could involve placing pleural effusions in their own category. Although effusions 

can have multiple causes unassociated with RILD and can be transient and 

idiosyncratic, appearing at one time point before sometimes completely resolving at a 

subsequent scan, they can be a significant cause of respiratory symptoms and so any 

complete radiological classification of RILD would ideally account for them. Another 

important confounder is cancer recurrence which would also most normally be included 

in class 5. Ultimately for lung cancer patients, it is cancer recurrence rather than RILD 

that has a greater impact of clinical outcome. Again, a perfect classification system 

would be able to distinguish the radiological effects of RILD from cancer recurrence 

and other pulmonary disorders.  

 

Despite some of these limitations, the classification’s main strengths are its precise, 

objective categories that include all the information contained in respected  

classification systems from the literature (e.g. Libshitz (198), Koenig (98) and Dahele 

(199) with the ability to quantify, rather than simply categorise the changes. This allows 

the detailed local dosimetric analysis presented in this work.
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Clinical Confounders and Complexity 

 

 

 

Figure 23. A diagram to show the complex interaction between variables relevant in RILD. PROMS = 

Patient reported outcome measures. PFTs = Pulmonary Function Tests. MRC score = Medical Research 

Council Dyspnoea scale. 

 

Figure 23 details the complexity of RILD and summarises some of the key clinical, 

radiological and pathophysiological variables involved. I have tried to capture the 

causal relationships, i.e. direction of arrow shows the causal direction. Broadly the 

variables above can be categorized as patient/tumour factors, treatment factors, 

imaging factors and clinical grading scales. 

 

Although we are ultimately interested in how the treatment causes RILD, and how this 

affects the patient, the web of causality summarized in this figure demonstrates what a 

complex interplay of multiple variables is involved. The radiotherapy plan and the 

actual dose delivered are not identical, and how to precisely calculate the latter has not 

yet been solved (200). Of course, the true relationship between radiotherapy and RILD 

is not understood, hence the need for our work, which aims to show how dose leads to 

radiological changes which are in turn correlated with clinical outcomes. The figure 

above has been designed to both make the causal relationships between the variables 

we are interested in more explicit, but also show how the complex interactions 

potentially multiple confounding factors to interfere with an accurate analysis of our 

imaging biomarkers (the parenchymal classes).  
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One example of the way these can be confounded is the measurement of respiratory 

outcomes. The relationship between dyspnoea and psychological status, cardiac 

damage from smoking or RT, anaemia from chemotherapy etc are all important 

variables affecting respiratory outcomes. MRC scores are subjective, crude and 

confounded by multiple clinical factors. Even the measurement of lung function, as 

explained above, by spirometry, despite being quantitative, objective and repeatable, is 

prone to errors for example due to poor patient compliance. Untangling the casual 

relationships between dose, radiology and clinical outcome requires a deep knowledge 

of how these variables interact and precise tools to measure them.  

 

I believe that given this complexity, the strength of correlations reported in chapter 3 

are very encouraging. In order to gain deeper understanding of which radiotherapy 

techniques are mostly likely to improve clinical outcome, it will be necessary to collect 

prospective data so that precise clinical questions can be addressed. It may also be 

necessary to develop more sophisticated techniques to estimate delivered radiotherapy 

dose with the use of daily cone beam CT scans(201), or measure respiratory function 

for example advanced functional imaging e.g. Hyperpolarised Xenon MRI (202) .  

 

 

I also recognise the need to obtain very large retrospective datasets so that noise from 

the large number of variables does not interfere with meaningful analysis. However, 

given the large number of variables, there will be significant challenges. While large 

data sets offers the potential of uncovering hidden patterns, distinct sub-groups and 

mitigating against the effects of outliers; large sample size and high dimensionality 

introduce fresh challenges including spurious correlation, heavy computational cost 

and noise accumulation (203). For example, normal NTCP modelling in radiotherapy 

studies is based on logistic regression analysis where outcomes are binary. Given the 

continuous, multi-variable complexity that our model of RILD incorporates, logistic 

regression is only possible by reducing the dimensionality of our model. Another 

challenge is that given the large number of variables, multiple testing can lead to 

spurious results. Although measures were taken in statistical analysis to mitigate 

against this, there remains the possibility of false positives through multiple testing, or 

false negatives through the use of stringent Bonferroni correction (204).     

 

Quantitative Evaluation of Annotations  
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Quantitative evaluation of the automated annotations was challenging as all evaluation 

metrics have differing biases and sensitivities (191). Dice score is an example of an 

overlap-based metric and is sensitive to the volume size of the structure being 

evaluated. Given, the severe class imbalance in our data, this makes the scanty labels, 

particularly class 3, subject to high penalization by Dice evaluation. Given the 

prevalence class 1, if the network had simply labelled all the data as class 1 then it 

would have been 93% correct.  

 

A further consideration is that the manual segmentations, although defined as ground 

truth are imperfect. The formal qualitative reviews were reassuring but there was 

disagreement for 7% of the scans. Ideally, the segmentations would have been agreed 

by several experts before being labelled ground truth but this was not practical in this 

study. 

 

 

Registration of Damaged Lungs 

 

As some of the patients in our datasets had profound geometrical distortion especially 

by 24-month follow-up, co-registration of scans was challenging. Although our group 

has developed a novel technique which is able to overcome this to an extent, to 

superimpose doses planned before treatment onto scans where for example, lobar 

collapse has occurred, can only result in an approximation. It is not possible with 

certainty, or even necessarily meaningful, to say where a particular area of lung 

parenchyma at baseline “goes” once a lobe has collapsed, and so there is no gold-

standard benchmark with which to assess the success of a registration. 

 

 

 

Strengths of Our Approach 

 

I have demonstrated that we can precisely and objectively quantify the evolution of 

parenchymal RILD with an automated, multi-class segmentation using a novel 

classification system. My classification of lung texture gives a much richer description 

of RILD than has been previously attempted. One of the advantages of our 

classification, over those simply using HU thresholding, is that we can capture 

differences in texture e.g. presence of air bronchograms, that have independent 

relationships to dose.  Another advantage is that differences in HU caused by non-

parenchymal differences (e.g. factors related to scan acquisition or use of contrast) are 
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more reliably excluded. The encouraging correlations seen between dosimetric 

parameters and the changes in volume of our novel parenchymal classes supports its 

clinical utility. Although less clear, there are also correlations found between changes 

detected by our classification and respiratory outcomes. In general the correlations we 

found with our parenchymal biomarkers were stronger than in our group’s previous 

work with the original 15 biomarkers (95) validating our hypothesis that giving greater 

attention to the parenchymal morphology would be fruitful. 

 

Furthermore, using an innovative lung registration technique developed by our group, 

we can meaningfully and automatically align CT scans up to 2 years after radiotherapy, 

even in the presence of significant anatomical disruption, and this allows us to track 

local parenchymal response to radiotherapy. This has allowed us to study how local 

dose leads to local radiological changes, which was not previously possible.   

 

Our deep learning algorithm can produce similar classifications to the manual ground 

truths. segmentations allowing us to automate the process. We found that the network 

was able to reliably distinguish between RILD and normal lung tissue  including 

vessels. Blinded qualitative evaluation of the segmentations revealed little difference 

between the manual and automated contours. Perhaps more importantly, the analysis 

of the evolution of RILD that I performed gave almost identical results regardless of 

whether the manual or automated segmentations were used. Beyond simply saving 

time, and resulting in deterministic, therefore more consistent segmentations than a 

human annotator, this allows us to scale-up our investigation of RILD which will allow 

us to objectively quantify RILD on large datasets and gain deeper insights into RILD.  

 

 

Shortcomings of The Approach  

 

One of the main limitations of this study is the relatively small dataset. Although every 

pixel of 200 scans were used to train and validate the network yielding a large amount 

of data, only 6 patients were available as a hold-out test set, limiting our ability to draw 

firm conclusions as to the accuracy of the automated classifications and to draw firm 

conclusions. Following our previous work where patients could be grouped into those 

with predominantly acute or late changes(95), I attempted to find distinct subgroups 

with the parenchymal classification. However, due to the heterogeneity of response 

and total number of patients included (n=46), it was not possible to reliably group 

patients in this way. Indeed, one of the limitations of our method is that as we have 
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developed a very fine grain analysis of radiological changes, the amount of data 

needed to validate its conclusions need to be very large.  

 

The dataset itself had some limitations. The quality of the scans was variable and as 

IDEAL-CRT was multi-centre trial, performed across a number of different scanners 

with different acquisition protocols. The quality of some of the scans was poor and in 

particular, the degree of inhalation across the scans varied considerably. Acquiring 

scans with better quality assurance to ensure consistency of patient breath-hold would 

perhaps improve the quality of the segmentations and result in the segmentations more 

closely approximating RILD at a pathophysiological level. The different slice thickness 

of scans across the cohort may have had an impact: scans with 1mm slices look 

morphologically different to those of 5mm thickness as much finer detail is contained in 

these scans. 

 

Additionally, given the age of the trial, most of the patients received 3D conformal 

radiotherapy rather than VMAT, which is now considered to be the standard of care in 

the UK (205). VMAT results in a more conformal, sculpted dose to the PTV, but 

classically results in a low dose bath to the adjacent organs at risk which will result in a 

different patterns of RILD (206). Another limitation of the dataset is that IDEAL-CRT 

was an isotoxic trial. As the prescribed dose was related to the maximum allowed 

mean lung dose, this meant that relationships between dose and parenchymal 

changes were less easy to uncover as there was less variability in the lung dose than 

in seen in routine clinical practice.  

 

 

Future Directions 

 

Improvement of the Classifier 

 

Improving the classification system 

It would be interesting to modify the classifier by either binning some of the classes 

together or introducing new classes. By simplifying the classification system, the ratio 

of biomarkers to scan numbers would be improved which help reduce the statistical 

issues discussed above. By introducing further classes, ever finer grained analysis 

could be achieved which could help extract more useful information from the dataset. 

Having a separate class for reticulation or pleural effusions would be the next obvious 
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step. The disadvantage of added further classes would be the amount of human 

resources needed to manual segment the data to produce a ground truth. 

By comparing the correlations with for example, dosimetric data, it would be possible to 

see what the optimal number of classes would be for our task. Another interesting 

option would be to allow an unsupervised algorithm to classify the data according to 

the morphology that it finds rather than according to how it has been taught to. This is 

exciting as it could uncover textural information that is not apparent to a human 

observer which may lead to stronger correlations with the clinical data. 

 

Combining with other biomarkers 

Although as already mentioned having a very large number of biomarkers can be 

problematic, we are interested in combining our new parenchymal biomarkers with the 

original 15 biomarkers used in previously published work (95, 138). This would provide 

an incredibly rich level of analysis and mean that as well as examining parenchymal 

changes we would be able to simultaneously measure changes in the volume and 

geometry of the lung. We may find that a subset of the biomarkers is more useful and 

that this would limit the complexity of the data analysis to allow us to ask specific 

questions of a particular dataset. 

 

 

Managing artefact 

Managing artefact such as that produced by respiratory motion, prostheses, or 

contrast, the algorithm could be more reliably taught to distinguish these from RILD 

would reduce one of the major sources  of error in the automated segmentations. This 

could be achieved in a number of ways. Firstly, data with artefact could simply be 

withheld from the automated classifier by manually sorting it or alternatively, by 

ensuring the quality of the data is optimised (e.g. by ensuring only scans taken in good 

breath hold are used) but this would have the disadvantage of reducing the dataset 

which is an unattractive solution. Alternatively, the artefact on the training/validation 

dataset could be explicitly labelled before being given to the algorithm in order to help 

the network performance. This has the disadvantage of requiring a lot of human 

resources. Another solution would involve simply increasing the amount of data 

presented to the classifier. 

 

As discussed above the other solution to this problem would be to use 2.5D or 3D 

architecture to allow the network to recognise artefact from the information already 

available in the adjacent slices: as, for instance, areas of denser morphology just 

above the diaphragm are more likely to be artefact than damaged lung.  
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Fully automating the classifier 

Although the classifier as described above is fully automated, the pipeline to prepare 

the data before it can be fed to the classifier has some stages that are not yet fully 

automated. The most important of these is the segmentation of the lung tissue itself (so 

that the classifier does not attempt to classify the heart or chest wall as lung 

parenchyma). For this work, that stage was performed manually which is time 

consuming and would not be possible for much larger datasets.  

 

Although radiotherapy planning systems, by using a simple HU unit thresholding, can 

perform a useful auto-segmentation of the lung fields with little need for editing, for our 

cohort of patients with RILD, this approach is not appropriate (additionally it can be 

performed on large number of scans in batch). Our group has, since this work was 

completed, almost solved this problem and has written an algorithm that, again using 

deep learning, can automatically recognise and segment lung tissue on a CT scan, 

even in patients who have significant radiological abnormalities post -RT. The next step 

is to fully automate the entire pipeline so that each step can be performed completely 

automatically. That work is currently underway.    

 

Applying to large retrospective datasets 

 

The next step is to apply our classifier to a different and larger dataset to explore 

whether our results are applicable on different cohorts of patients and with enough 

statistical power to test hypotheses, generated by this work. Finding a suitable dataset 

is difficult as it requires collaboration with clinical centres, which are all under significant 

pressures from multiple directions, and the navigation of information governance 

systems, which although important to protect patient data, are often administratively 

challenging and operate at a pace often not compatible with the normal length of 

graduate research fellowships. 

 

I have written a protocol for the RALE study (protocol included in appendix)which  has 

been granted approval by the national REC committee but at the time of writing has not 

yet progressed sufficiently at a local level to allow the data to be analysed. It includes 

two arms: A small prospective arm and a larger second retrospective arm collecting 

existing radiotherapy, imaging and relevant clinical data for patients who have received 

radical radiotherapy for thoracic malignancies at 4 City of London oncology centres 

over the last 10 years. This should provide a very large retrospective dataset to employ 

the techniques developed by this study and gain deeper understanding into RILD. This 

would allow us to combine the insights the original biomarkers (95) and the 
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parenchymal biomarkers to generate high dimensional, detailed descriptions of the 

radiological changes seen in RILD. Additionally it would give us access to more recent 

datasets to ensure that our classifier is validated with VMAT planned radiotherapy and 

to allow comparison of  the patterns of RILD seen in the IDEAL set. 

 

I hope in the future to open this up to other centres to further increase the dataset. By 

working with other centres across the country, as well ensuring that all relevant ethics 

committees have approved the sharing of data, there will be logistical issues 

concerning how the data is physically shared across digital platforms. This will require 

safe, robust platforms capable of anonymising and transferring relevant clinical and 

radiological data in a form compatible with the software used to process and analyse it. 

The use or development of suitable data sharing platforms such as XNAT (207) are a 

vital component of developing this project. 

 

Opening a Prospective Trial 

 

The second arm of RALE (also approved by the national REC team but not yet 

recruiting patients) is a prospective arm. This arm collects the same data as the 

retrospective arm with the addition of the collection of patient reported outcome 

measures (PROMS) collected at baseline and then for two years after radiotherapy. 

This will allow us to study the relationship between radiological signs of RILD and the 

physical and psychological morbidity experienced by patients.  

 

 

Improving Radiotherapy Treatment 

 

Although, the work presented in this thesis is only an early stage of work that will take 

many years to complete, we believe that ultimately it might allow us to understand the 

impact that dosimetric variables have on radiology and patients’ quality of life. As new 

radiotherapy techniques are developed, such as MRI image guided adaptive 

radiotherapy (208) and the use of protons in lung cancer, we are developing tools that 

give an objective measure of the impact that these have on lung toxicity. The current 

systems to grade radiation damage are probably too crude and subjective to allow 

these new technologies to be adequately evaluated, but our automated classification, 

which is already showing promise in tracking radiological changes of dosimetric and 

clinical relevance, will hopefully allow a precise, quantitative measures of RILD that 

could be used to further refine the delivery of effective treatment for lung cancer.   
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and could potentially guide how radiotherapy is delivered in the future in order to 

minimise the burden on the patient. 

 

 

Conclusion 

 

I have developed a novel classification of parenchymal changes associated with RILD 

that show a convincing dose relationship. The tissue classes are related to both global 

and local dose metrics, and have a distinct evolution over time. Although less strong, 

there is a relationship between the radiological texture changes we can measure and 

respiratory outcomes, particularly the MRC score which directly represents a patient’s 

functional status. 

A deep learning algorithm has been developed and trained to successfully automate 

this parenchymal classification, facilitating future studies on larger patient groups. I 

have demonstrated the potential of using our approach to analyse and understand the 

morphological and functional evolution of RILD in greater detail than previously 

possible. 
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INTRODUCTION 

 

Lung cancer is the 3rd most common cancer in the UK There were nearly 50,000 new cases 

of lung cancer in the UK in 2015 and more than 35,000 deaths attributed to it the following 

year (CRUK). Despite a fall in the number of cases in men, its incidence continues to rise 

slowly overall. Lung cancer of all stages is commonly treated with radiotherapy which 

involves uses high doses of radiation to target area of disease to achieve relief from 

symptoms, local control of disease and improved overall survival. However, even modern 

radiation can cause toxicity to normal tissues surrounding the tumours. The lungs 

themselves are particularly sensitive (52) to radiation damage (Radiation Induced Lung 

Damage, RILD) and patients can be left with symptoms such as breathlessness, dry cough 

and wheeze after a course of treatment. Lung cancer is strongly associated with chronic lung 

disease with the prevalence of COPD almost 75% for men with lung cancer (209) and 

therefore these patents often have compromised lung function prior to treatment. A study of 

patients receiving chemo-radiation (CRT) has revealed that 100% of patients show signs of 

radiological lung damage at 12 months with standard CT imaging (138). The incidence of 

symptomatic RP is estimated to be in the range of 15–40%. (77) 

 

Immunotherapy is being increasingly used in patients with lung cancer with disease at all 

stages. The PACIFIC trial has recently changed clinical practice in the NHS after showing 

that patients with locally advanced (Stage III) non-small cell lung cancer dramatically benefit 

from 12 months of Durvalumab after completion of concurrent CRT. Overall median survival 

was increased from 16.2 months to 28.3 months. However, immunotherapy agents such as 

Durvalumab, a PDL-1 inhibitor, can both exacerbate RILD and cause pneumonitis in patients 

who have not had radiotherapy. Patients are not eligible for Durvalumab after CRT unless 

any pneumonitis has recovered to less than grade 2.  

 

This study seeks to validate and expand work (138, 139) conducted by the RILD group at 

the Centre for Medical Imaging Computing (CMIC), UCL to gain a deeper understanding of 

RILD. Thus far, our work has been based on data from the IDEAL-CRT clinical trial (51) 

which was a UK wide phase 1/2 radiotherapy trial looking at the outcome of patients who 

received CRT for non-small lung cancer.  We have analysed computed tomography (CT) 

scans, along with other relevant clinical data, of patients who have completed radical 

radiotherapy for thoracic malignancies in order to better predict how radiotherapy affects 

normal lung tissue. The UCLH data allows us to take this work forward (see figure 1.) A 



 

 
 

prospective study gathering radiation pneumonitis rates, patient reported outcomes and CT 

scans after radical radiotherapy will be performed in order to correlate the radiological 

changes with the symptoms and impact on quality of life. Additionally, a retrospective 

collection of treated patients’ data will help us study larger volumes of data to help us 

validate the work we have done up until now and take our analysis forward. 

 

  

Figure 1. Study flowchart to show how retrospective ULCH data as well as a prospective 

PROMs study will feed into an established project looking at RILD. 

 

 

BACKGROUND AND RATIONALE 

 

 

 

The RILD group at CMIC, have published 2 papers (138, 139) to date demonstrating that 

100% of patients demonstrate radiological changes at 12 months post-radiotherapy and 

identified 12 quantitative biomarkers. This is a significant step forward in our understanding 

of late RILD which, up until now has been crudely and inconsistently recognised and 

classified. Since being described in the 1920s (41) and divided into early and late changes 

(depending on whether the changes seen were permanent), little progress in characterizing 

radiological damage has been made. Currently there are four classification systems in 

regular use by the radiation oncology community (77). These are all similar 4 or 5-point 

scales that are based on severity of symptoms or include rudimentary categorization of 

Prospective UCLH PROMs 
study

(Arm A)

Data analysis and 
validation

Retrospective UCLH data
(Arm B)

IDEAL-CRT 
data set



 

 
 

radiological change into slight, patchy or dense ‘changes’. Published work (44) has shown 

that these different classification systems can result in very different grading of RILD. 

Without a clear system for understanding the radiological hallmarks of RILD, recording its 

incidence and natural history has been inconsistent and unreliable (89). This means that 

clinicians even working in the same centre could be using different criteria when grading 

lung damage. Although until recently this may have been a largely an “academic” problem, 

since the PACIFIC trial (see Introduction above), a safe, standardised and clinically 

meaningful classification of pneumonitis is urgently needed.   

 

Furthermore, as outcomes for all patients with lung cancer are improving (210), regardless of 

whether they receive immunotherapy, it is important that RILD is taken more seriously by the 

lung cancer community: the quality of patients’ lives is paramount and it is imperative that 

the effect of radiotherapy treatment on symptoms such as shortness of breath is considered 

and discussed with patients before, during and after treatment. Patient reported outcomes 

(94, 211, 212) have been shown to be an effective way of monitoring patients side effects 

and quality of life after radiotherapy for lung cancer. We therefore intend to include a 

prospective arm in our study measuring PROMs as patients undergo and complete a course 

of radiotherapy to better understand the impact that treatment has on symptoms and the 

quality of life of patients and these correlate with radiological changes. 

 

Finally, as UCLH, following The Christie hospital in Manchester, prepares to open a proton 

beam unit, there is increasing interest in using proton beam therapy for thoracic 

malignancies. (213) (214) The volume of the lungs receiving 20 Gy or more correlates with 

radiation pneumonitis (184) and in RTOG 0617, the volume of lung receiving 5 Gy or more 

was associated with an increased risk of death. It is hoped that more conformal radiotherapy 

techniques may lead to improved outcomes in NSCL. Pencil Beam Proton Beam Therapy 

offers the promise of leading to improved outcomes if dose escalation can be combined with 

an ability to spare OARs. (215) Radiotherapy delivered with photons has a gradual dose fall-

off which means sparing organs distal to the tumour is challenging. Proton beams, on the 

other hand distribute most of their dose at the end of their path (the Bragg Peak, see figure 

2) and it is therefore possible to achieve radiotherapy plans which spare much more normal 

tissue than current advanced photon radiotherapy techniques. We do not yet have evidence 

that proton radiotherapy can achieve improved outcomes in lung cancer, but this study will 

be applicable to data generated from any future proton therapy trials in lung cancer and will 

be useful in quantifying the amount of RILD sparing that proton therapy may achieve.  



 

 
 

 

 

 

Figure 2a (216)  (top) showing the dose depth curve for photon and proton radiotherapy 

beams. Due to the sharp fall off dose at depth, more normal lung tissue can be spared. 

Figure 2b (216) (below) shows a planning CT chest scan of a lung cancer patient planned 

with photons and protons to show dosimetric advantage of protons which should lead to 

decreased rates of RILD.  

 

 

Circulating tumour DNA (ctDNA) is rapidly emerging as a non-invasive method of tracking 

tumour dynamics by use of liquid biopsies (217). This method often relies on matching 

mutations in ctDNA with mutations in the sequenced tumour tissue. Re-emergence of ctDNA 

in the blood following radical treatment has been shown to precede radiological detection of 

tumour recurrence by several months, with important clinical implications (218). Recent 

technological advances mean that ctDNA can be detected even when at very low variant 

allele frequencies in the blood such as in early localized tumours (219). Tracking ctDNA 

throughout and after radiotherapy therefore has the potential to demonstrate radio-

responsiveness or radio-resistance and enable personalized modulation of treatment.  



 

 
 

 

  

 

  



 

 
 

 

OBJECTIVES 

 

Primary Objective:  

Assess rate of radiation pneumonitis of patients receiving radical radiotherapy for thoracic 

malignancies in UCLH and compare to expected rates in literature 

Secondary objectives:  

Determine rate of compliance of PROMs/QoL questionnaires  

Tertiary Objectives: 

Quantify the effect that radical radiotherapy has on patients’ quality of life and symptoms 

Pilot routine collection of PROMs data for thoracic radiotherapy patients in the form of 

questionnaires during routine clinical follow-up appointments 

Develop techniques for classifying RILD 

Relate radiological changes to clinical outcomes and radiotherapy delivery 

Explore patient characteristics in order to understand which patients are at high risk for 

radiation pneumonitis/RILD 

Explore feasibility of collecting ctDNA in patients undergoing radical thoracic radiotherapy 

(OPTIONAL). 

 

Table 1. Primary, secondary and tertiary objectives. 

 

 

STUDY DESIGN 

 

Arm A: Prospective pilot PROMs collection (UCH only). 

 

 All patients (estimated 30 patients in the study time frame) having radical thoracic 

radiotherapy  for non-small cell lung cancer will be identified and prospective patient 

reported outcome and CTCAE data will be collected. See study schedule below and 

appendix D (CRF). 

Rates of radiation pneumonitis will be determined by CTCAE criteria.  

Patient questionnaires, QLQC30, EQ5d, and LC29 (see appendices) will be used to assess 

PROMs. 

Patients will be asked to complete questionnaires at baseline, after completing radiotherapy 

and then at each radiotherapy follow up appointment they attend at UCLH up to 24 months. 



 

 
 

Radiotherapy plans, follow up imaging and relevant clinical data (identical to that required for 

arm A) will also be collected. (See section 5). 

An additional, optional, sub-study will seek to collect ctDNA before, during and after 

radiotherapy. 

 

 

 

Arm B: Retrospective, non-interventional arm, all sites 

 

All patients who have received radical radiotherapy for thoracic malignancies (lung cancer, 

oesophageal cancer, thymic cancer) over last 10 years will be identified from radiotherapy 

departmental databases. 

Data from radiotherapy planning systems, PACS (radiology imaging database) and patient 

records will be obtained and anonymised by Clinical Research Fellow with UCLH honorary 

contract (EC), site PI or other delegated clinician. See study schedule below and Appendix D 

for CRF from.  

Data will be transferred (anonymised) to UCL Medical Physics and Biomedical Engineering 

department. 

Data analysis on UCL campus. 

Rates of radiation pneumonitis will be assessed. 

Data will be analysed to gain further understanding into radiological evolution of RILD and 

will be correlated to radiotherapy dosimetry data and clinical outcome data. 

Data will be used to train/validate a model of the parenchymal evolution of RILD. 

Computational models will be developed to construct a working mathematical model of the 

evolution of RILD and its relationship to radiotherapy dosimetry and clinical outcomes.  

  



 

 
 

STUDY SCHEDULE 

Arm A (Prospective pilot arm) 

 

Assessments Baseline 

Characteristics 

RT 

Planning 

Radiotherapy Follow up post-radiotherapy 

 

3M 

 

6M 

 

9M 12

M 

15

M 

18

M 

  

21

M 

24

M 

 

PD

g 

Medical history  x            

CT Thorax x   x x  x  x  x  

Radiotherapy 

planning CT 

and dosimetry 

a 

 x           

Cone beam 

CT scans 

  x          

Pulmonary 

function tests 

x   x x  x  x  x  

FBC, 

Biochemistry, 

glucose, 

eGFR, LFT 

x  x 

 

x x  x  x  x  

Symptom/toxic

ity 

assessments 

(clinic and 

inpatient 

documentation

) b  

x  x 

 

x x  x  x  x  

Clinical 

outcome e 

   x x  x  x  x  

QLQC30 x  x x x  x  x  x  

EQ5d x  x x x  x  x  x  

LC29 x  x x x  x  x  x  

ctDNA 

(OPTIONAL) 

x  x f x x x x x x x x   



 

 
 

 

 

 

 

  



 

 
 

Arm B (Retrospective arm) 

 

Assessments Baseline 

Characteristics 

RT 

Planning 

Radiotherapy Follow up post-radiotherapy 

 

3M 

 

6M 

 

12M 

  

18M 24M 

 

Medical history  x        

Radiology a x   x x x x x 

Radiotherapy 

planning CT and 

dosimetry b 

 x       

Cone beam CT 

scans 

  x      

Pulmonary 

function tests c 

x   x x x x x 

Cardiac function 

tests (ECG and 

echocardiogram) 

c 

x   x x x x x 

FBC, 

Biochemistry c 

x  x 

 

x x x x x 

Symptom/toxicity 

assessments 

(clinic and 

inpatient 

documentation) d 

x  x 

 

x x x x x 

Clinical outcome 

e 

   x x x x x 

 

a Including all relevant CT, MRI and PET etc. scans prior to radiotherapy treatment. b 

Including chemotherapy information. c If available. d Including CTCAE including rates of 

radiation pneumonitis and patient reported outcomes (PROMs) where available. e Date and 

type of recurrence and mode of detection (e.g. biopsy or radiologically diagnosed), date and 

cause of death if relevant. f Days 1, 2,3, week 3 and end of radiotherapy. g Progressive 

disease. 

 



 

 
 

 

Table 2a (top) and 2b (below) tabulating the study schedules for the prospective and 

retrospective study arms respectively.  

  



 

 
 

CONSENT 

 

Arm A : Patient information sheets (PIS) will be provided to patients. A consent form will be 

provided and patients will be able to opt in/out of the additional ctDNA sub-study (see 

appendix E). A professional translator will be used to assist the patient complete the 

questionnaires.   

 

Arm B: Not applicable. Patients are likely to be deceased. CAG application will be in place. 

 

 

 

ELIGIBILITY CRITERIA  

ARM A Prospective Arm 

Inclusion Criteria  

Patients aged 18-100 

Patients with Non-small cell lung cancer who are going to be treated with radical 

radiotherapy at UCLH  

Patients treated with concurrent, sequential or no chemotherapy are eligible 

For option ctDNA study, only NSCLC cancer patients at UCH will be eligible  

Exclusion Criteria 

Patients who have had prior radiotherapy to the thorax 

 

 (ARM B Retrospective Arm) 

Inclusion Criteria  

Patients aged 18-100 

Patients with thoracic malignancies (lung, oesophageal and thymic) treated with radical 

radiotherapy who have at least one follow-up CT scan of the chest (within 24 months) at 

UCLH and partner hospitals (including Royal Free Hospital, St. Bartholomew’s and North 

Middlesex hospital)  

Patients treated with concurrent, sequential or no chemotherapy are eligible 

Exclusion Criteria 

Patients who have had more than 1 course of radiotherapy to the thorax 

Patients whose post-radiotherapy CT scans are of inadequate quality for analysis 

Patients without radiotherapy planning data 

 

 

RECRUITMENT 



 

 
 

Prospective PROMS from January 2021-January 2022 

Retrospective data collection from January 2011-March 2021 

For Arm A, patients will be identified by treating clinicians including treating Oncologists, 

clinical nurse specialists and radiographers. Patients will be approached at out-patient 

oncology clinic appointments or radiotherapy appointments by the treating clinical team or by 

Dr. Edward Chandy (EC), a Clinical Oncology Registrar currently performing clinical 

research at UCL. 

Arm B patient data will be identified from Trust radiotherapy databases. 

  



 

 
 

STATISTICAL METHODS 

 

 

 

Primary Endpoint 

Rate of radiation pneumonitis (%) for patients receiving radical radiotherapy for thoracic 

malignancies at UCLH. 

 

 

In Arm A, at least 30 patients will be recruited. This is based on the number of patients likely 

to be receiving radical thoracic radiotherapy during the data collection period, assuming a 

50% compliance rate. According to the IDEAL-CRT (51) and PACIFIC (52) trials, we expect 

a radiation pneumonitis (RP) rate (all grades) of between 15.8-58% (see also (77), a recent 

review which quotes a similar range). Assuming the mid-range between these values (35%), 

we expect to see around 10 cases of RP and 20 cases without RP if 30 patients are 

recruited. With a precision of 0.2, a confidence interval of 0.95, and an estimated prevalence 

of 35%, a sample of 22 is required. By including a larger, retrospective cohort (Arm B), we 

can achieve a precision of 0.1 with 88 patients. If, as is expected, some relevant clinical data 

is missing (e.g. up to 30%) we still expect the retrospective cohort to be large enough to 

precisely answer our primary objective, i.e. the rate of RP. 

(https://epitools.ausvet.com.au/oneproportion). See tables 3-5).  

 

 

 

 

IDEAL-CRT 

results (51)  

CTCAE 

Grade 

Group 

1 

(n=35) 

Group 

2 

(n=47) 

Total 

(n=82) 

Radiation 

pneumonitis 

(%) 

0  31 51 43 

 
1  34 21 27 

 
2  29 26 27 

https://epitools.ausvet.com.au/oneproportion


 

 
 

 
3  6  2 4 

 
4 0 0 0 

 
5 0 0 0 

Table 3. Radiation pneumonitis rates in IDEAL-CRT trial. 

 

 

 

 

PACIFIC 

results (52) 

Durvalumab 

(n-475) 

 
Placebo (i.e. 

CRT alone 

(n=234) 

 

 
Any grade Grade 3 or 4 Any grade Grade 3 or 4 

Radiation 

pneumonitis 

(%) 

20.2 1.5 15.8 0.4 

Table 4. Radiation pneumonitis rates in PACIFIC trial. 

 

 

 

 

Width of 

interval 

0.255 0.28 0.3 0.315 0.325 0.335 0.34 0.34 0.34 0.335 

Proportion 

of 

Pneumonitis 

0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6 

Table 5. Estimated width of confidence interval for a sample size of 30, confidence interval 

=0.95% for different prevalence estimates of post-radiation pneumonitis. 

 

 

For Arm B, clinically relevant morbidity can be expected to be recorded in patients’ notes in 

follow up clinics as that is one of the primary reasons for the clinic appointment. It is unlikely 

that it will be recorded as a formal toxicity grading but it is straightforward to convert patients’ 



 

 
 

notes into CTCAE grading (although it is of course not as accurate as prospective data 

collection, and can become a source of bias). Approximately 70-90 patients will be needed 

to power the study, assuming a prevalence rate of 0.25-0.6 of radiation pneumonitis. See 

Table 6. 

 

 

Proportion 

of 

pneumonitis 

0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6 

Sample 

Size 

required 

49 60 70 78 84 89 92 93 92 89 

Table 6. Sample size required for different estimates of post-radiation pneumonitis with 

confidence interval of 0.95, and width of interval 0.2. 

 

 

 

 

 

 

 

Secondary Endpoints 

 

Compliance rate of PROMs collection 

 

Percentage of complete datasets (numerator) over all patients treated with radical 

radiotherapy to thoracic malignancies (denominator). 

 

 

Tertiary Endpoints 

 

 

Quantify change in PROM and QoL scores over time after radiation therapy 

 

Descriptive statistics such as mean or median points change over time will be reported. 

 



 

 
 

Change in PROMS scores correlated with radiotherapy dose including mean lung dose, V5 

and V30 (the volumes of lung receiving 5or 30Gy or more respectively). 

Change in PROMS scores correlated with baseline patient characteristics including 

demographics and baseline lung function 

 

Statistical packages such as R will be utilised to correlate radiotherapy dose with PROMs 

using e.g. Spearman’s rank order correlation.  

 

ctDNA sub-study. This is a feasibility study and no quantitative statistics will be used. 

 

 

Statistical Principles 

For the primary and secondary endpoints, no hypothesis or p value will be used as it is a 

prevalence study. 95% confidence intervals will be reported and will be two-sided. For the 

tertiaty endpoints, exploratory hypotheses will be generated and the Bonferroni correction 

will be used to set the significance level (where p=0.05/n and n= the number of hypotheses.  

A CONSORT diagram will be produced for the prospective arm to allow loss of follow-up for 

any cause to be tabulated. Baseline patient characteristics will be collected and summarised 

for both arms of the study. Categorical data will be summarised by numbers and 

percentages. Continuous data will be summarised by mean, standard deviation and range or 

with median, interquartile range and range for normal and skewed data respectively.  

All missing data will be reported. When prevalence rates are reported, the denominator will 

be adjusted to account for the missing data. Where appropriate, missing data may be 

imputed (e.g. missing PROMS scores between two data collection points) but this will be 

fully disclosed when the results are presented and efforts will be made to ensure that the 

missing data is not a result of clinically relevant patient morbidity to reduce chances of bias. 

Sensitivity analyses will be performed to assess the robustness of any missing data 

imputation.  

Statistical analysis will be performed using RStudio Version 1.2.1335. Other packages such 

as SPSS and Python may be used in addition.   

  



 

 
 

PATIENT AND PUBLIC INVOLVEMENT (PPI) 

 

 

This project has been discussed with treatment and research Radiographers, radiotherapy 

Physicists, thoracic Oncologists and lung cancer Clinical Nurse Specialists in order to ensure 

feasibility and relevance to daily clinical practice. In particular we have discussed the 

PROMs questionnaires with Dr Lynn Calman who is a Senior Research Fellow in Macmillan 

Survivorship Research Group [MSRG] in Health Sciences at the University of Southampton. 

She works as part of the Macmillan funded MSRG research programme, and associated 

projects, designed to inform the development of more efficient and effective services to 

support survivors and enhance their recovery. Dr. Calman has a particular interest in lung 

cancer survivorship. The team work closely with people affected by cancer as Research 

Partners in the development and conduct of research projects. Dr. Calman has a 

background in adult and mental health nursing.  

 

The PROMS questionnaires selected are based upon the PROMs questionnaires used (EQ-

5D-5L and EORTC-QLQ-C30) in the Cancer Alliance cancer dashboard Quality of Life Pilot 

project (220) which in turn was based upon Recommendation 64, Achieving World-Class 

Cancer Outcomes (221).  

 

 

 

 

FUNDING AND SUPPLY OF EQUIPMENT  

The study funding has been reviewed by the UCL/UCLH Research Office, and deemed 

sufficient to cover the requirements of the study.  

 

 

Funding for EC as an MD student is already in place. Collaborators (including AS and JM) at 

CMIC also have secured funding to continue to work on this project. No extra funding 

currently required or applied for. 

 

DATA HANDLING AND MANAGEMENT 

Details of where and how the data will be transferred 

Which institution will maintain the data, specifically how the data will get there 

 



 

 
 

All data (radiotherapy data, laboratory data, relevant clinical information from notes, and 

follow up scans,) will be entered, stored and pseudonymised before transfer to a CRF and 

then transferred to an Excel spreadsheet saved on a secure NHS server or computer. 

The imaging data will be DICOM and standard anonymisation tools will be used – all 

identifiable info will be removed and the patient id will be replaced with the trial number 

assigned to the subject. Clinical information including scan dates will be retained to allow the 

temporal relationship between clinical data and radiotherapy treatment. All the data will be 

pseudonymised by Dr. Edward Chandy, who is a clinician at UCLH and a regular member of 

the clinical team. 

 

There will be no hard copy of the data other than consent forms which will be kept secure in 

Dr. Hiley’s locked office. 

 

 

Each patient will be given a trial number. This will be done on NHS servers. The anonymised 

data will go to UCL servers.   The extent of personal data shared between NHS and 

University is the trial number and year of birth on the registration form. The participant will be 

an allocated a unique anonymous trial number and in all other instances will be referred to 

by the anonymous trial number, including on blood and tissue samples that are taken and 

sent to external central labs. The information entered into the electronic system will be 

identified by the trial number only. The University holds Confidentiality and Data Protection 

Act policies, in line with legislative requirements, to which staff and processes are required to 

adhere. The medical files of trial subjects are to be retained in accordance with national 

legislation, NHS policy and local guidelines.  

 

 

Anonymised scans will be linked to ARTNET grant or transferred anonymised on an 

encrypted hard drive between participating Trusts and UCL servers. 

Dr. Crispin Hiley, UCLH, UCL will be custodian of data once it has been transferred to UCL. 

 

The Information Governance Team at UCLH have determined that where the applicants 

follow the established procedures for this study there would be no breach of the duty of 

confidence, and are satisfied that application for Confidentiality Advisory Group support is 

not required in this case. 

 

MATERIAL/SAMPLE COLLECTION AND STORAGE  

 



 

 
 

 

Blood collection: Patients who fulfill the eligibility criteria will be asked to give up to 30 mL of 

blood per visit. The blood will be drawn from a peripheral vein by staff trained in phlebotomy 

at UCLH. Study samples will predominantly be collected at the same time as clinically 

mandated routine blood tests to avoid extra venesection except for the additional samples 

taken on day 2 & 3 of radiotherapy which will require additional venesection. Samples will 

only be collected if the haemoglobin is ≥9.0g/dL.  

Examples of tubes of blood to be collected:  

Up to 6mL x 5:EDTAtube: for serum.  

10ml x 3: Cell-Free DNA BCT® (Streck DNA) tubes (Streck, NE, USA) for ctDNA  

The types of tubes may change but the amount of blood drawn will remain limited to a 

maximum of 30 mL of blood per visit.  

Timing of blood samples: 

 

• Before radiotherapy: Anytime in the 6 weeks prior to radiotherapy start date. 

• During radiotherapy: Days 1,2,3 during week 1 of radiotherapy, midway through and at the 

end of radiotherapy. 

 • After radiotherapy: 3 monthly up to 2 years and/or at tumour progression. (Hb dependent).  

 

In the study, we will be collected from patients in accordance with the patient consent form 

and patient information sheet and shall include all tissue samples or other biological 

materials and any derivatives, portions, progeny or improvements as well as all patient 

information and documentation supplied in relation to them.  Samples will be processed, 

stored and disposed in accordance with all applicable legal and regulatory requirements, 

including the Human Tissue Act 2004 and any amendments thereafter.  

 

Blood, and its derived plasma and buffy coat germline material and fluid will be stored at the 

UCLH. The analysis of all blood and tumour samples will be conducted at the UCL Cancer 

Institute. All molecular studies that will be conducted will be performed to meet the Human 

Tissue Act requirements. If patients provide appropriate informed consent, remaining 

research samples may be used for further ethically approved research in the field of cancer 

research. Otherwise unused samples will be discarded according to the principles of the 

Human Tissue Act.  

All blood samples collected will be processed within 24 hours (2 hours in the case of EDTA 

tubes) at the UCL Cancer Institute.  Processed samples will be stored at -20 to -80 oC for 

ctDNA analysis at the UCL Cancer Institute.  



 

 
 

All samples will be appropriately anonymised. The data will be stored on a password- 

protected trial database. All results from the research conducted will remain confidential. 

Patients will not be identified except by their unique reference number. The samples will be 

owned by UCL They may be provided to the patient if requested. Patients may withdraw 

their consent to this study at any time and the samples destroyed if requested by contacting 

the Principal Investigator. After the sample has been processed, all remaining blood will be 

discarded. Third party access to the results will not be permitted unless specifically 

requested in writing by the patient. Patients will not be identified in any presentation or 

manuscript publication of the results of the research conducted.  

 

 

PEER AND REGULATORY REVIEW 

The study has been peer reviewed in accordance with the requirements outlined by UCL.   

 

This study has been peer reviewed within UCL, by an independent and relevant peer 

reviewer (Dr. Nicholas Counsell) on 01/05/2020. The Sponsor has accepted these reviews 

as adequate evidence of peer review.  

 

 

ASSESMENT AND MANAGEMENT OF RISK 

All data will be anonymised before being transferred from NHS computers/servers. 

Phlebotomy carries small risks of pain, bruising and infection. Blood samples will be taken 

when patients are having other clinically indicated blood tests where possible. 

RECORDING AND REPORTING OF EVENTS AND INCIDENTS 

Not applicable  

16.1      Definitions of Adverse Events  

Term Definition 

Adverse Event (AE) Any untoward medical occurrence in a patient or study 

participant, which does not necessarily have a causal 

relationship with the procedure involved.  

Serious Adverse Event 

(SAE). 

Any adverse event that: 

results in death, 

is life-threatening*, 

requires hospitalisation or prolongation of existing 

hospitalisation**, 

results in persistent or significant disability or incapacity, or 



 

 
 

consists of a congenital anomaly or birth defect 

*A life- threatening event, this refers to an event in which the participant was at risk of 

death at the time of the event; it does not refer to an event which hypothetically might 

have caused death if it were more severe. 

** Hospitalisation is defined as an in-patient admission, regardless of length of stay. 

Hospitalisation for pre-existing conditions, including elective procedures do not constitute 

an SAE. 

 

 

 

16.2Trust incidents and near misses 

An incident or near miss is any unintended or unexpected event that could have or did lead 

to harm, loss or damage that contains one or more of the following components: 

a. It is an accident or other incident which results in injury or ill health. 

b. It is contrary to specified or expected standard of patient care or service. 

c. It places patients, staff members, visitors, contractors or members of the public at 

unnecessary risk. 

d. It puts the Trust in an adverse position with potential loss of reputation. 

e. It puts Trust property or assets in an adverse position or at risk. 

Incidents and near misses must be reported to the Trust through DATIX as soon as the 

individual becomes aware of them. 

A reportable incident is any unintended or unexpected event that could have or did lead to 

harm, loss or damage that contains one or more of the following components: 

 

It is an accident or other incident which results in injury or ill health. 

It is contrary to specified or expected standard of patient care or service. 

It places patients, staff members, visitors, contractors or members of the public at 

unnecessary risk. 

It puts the Trust in an adverse position with potential loss of reputation. 

It puts Trust property or assets in an adverse position or at risk of loss or damage. 



 

 
 

Protocol deviations and notification of protocol violations 

A deviation is usually an unintended departure from the expected conduct of the study protocol/SOPs, which 

does not need to be reported to the sponsor.   The CI will monitor protocol deviations. 

 

 A protocol violation is a breach which is likely to effect to a significant degree – 

(a) the safety or physical or mental integrity of the participants of the study; or 

(b) the scientific value of the study. 

The CI and sponsor will be notified immediately of any case where the above definition applies during the 

study conduct phase.   

MONITORING AND AUDITING 

The Chief Investigator will ensure there are adequate quality and number of monitoring activities conducted by 

the study team. This will include adherence to the protocol, procedures for consenting and ensure adequate 

data quality.  

 

The Chief Investigator will inform the sponsor should he/she have concerns which have arisen from 

monitoring activities, and/or if there are problems with oversight/monitoring procedures. 

 

 

  

TRAINING 

The Chief Investigator will review and provide assurances of the training and experience of all staff working on 

this study.  Appropriate training records will be maintained in the study files 

 

INTELLECTUAL PROPERTY 

All intellectual property rights and know-how in the protocol and in the results arising directly from the study, 

but excluding all improvements thereto or clinical procedures developed or used by each participating site, 

shall belong to UCL.  Each participating site agrees that by giving approval to conduct the study at its 

respective site, it is also agreeing to effectively assign all such intellectual property rights (“IPR”) to UCL and 

to disclose all such know-how to UCL. with the understanding that they may use know-know gained during the 

study in clinical services and teaching to the extent that such use does not result in disclosure of 

UCLconfidential information or infringement of UCLIPR.  

INDEMNITY ARRANGEMENTS 

 

University College London holds insurance against claims from participants for harm caused by their 

participation in this clinical study. Participants may be able to claim compensation if they can prove that UCL 

has been negligent. However, if this clinical study is being carried out in a hospital, the hospital continues to 

have a duty of care to the participant of the clinical study. University College London does not accept liability 



 

 
 

for any breach in the hospital’s duty of care, or any negligence on the part of hospital employees. This applies 

whether the hospital is an NHS Trust or otherwise. 

ARCHIVING 

UCL and each participating site recognise that there is an obligation to archive study-related documents at the 

end of the study (as such end is defined within this protocol). The Chief Investigator confirms that he/she will 

archive the study master file at UCL for the period stipulated in the protocol and in line with all relevant legal 

and statutory requirements. The Principal Investigator at each participating site agrees to archive his/her 

respective site’s study documents for [insert duration] and in line with all relevant legal and statutory 

requirements. 

PUBLICATION AND DISSEMINATION POLICY 

 

Results from study will be disseminated in poster form and as oral presentations in relevant 

Oncology/Radiotherapy or Medical Physics conferences. 

Results will be published in relevant Oncology/Radiotherapy/Medical physics journals. 

All team members will be included in any publications with the order of authorship determined by the 

contribution of the manuscript.   

The study methodology and results will also form part of the MD (Res) thesis (UCL) of Dr. Edward Chandy, 

research fellow. The other members of the team will be appropriately acknowledged in the thesis manuscript.  
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Appendix E 

PATIENT INFORMATION SHEET 

RALE Study  

Analysis of RAdiotherapy induced Lung damagE 

 

 

Invitation and brief summary  

Your oncology team have arranged for you to have a course of radiotherapy for your thoracic (chest) tumour. This can 

be given alone or in combination with chemotherapy. Radiotherapy is an effective treatment to help control the 

tumour and stop it from growing. Although the high dose of radiation is directed at the tumour, some lower doses of 

radiation will pass through lung tissue surrounding the tumour. As a consequence of this, radiotherapy can cause 

changes to your lungs and we are want to understand how these changes affect your breathing and the quality of your 

life following treatment.  

 

What’s Involved? 

 

Quality of Life Study 

We are conducting a study to help us better understand how radiotherapy changes the appearance of your lungs on CT 

scans, and how these changes are related to your symptoms after treatment.  If you choose to take part in this study, 

we will ask you to complete 3 questionnaires about how you feel and how your breathing is. We will provide you with 

the questionnaires when you come to clinic or radiotherapy appointments, or send them to you at home, and they will 

only take about 10 to minutes to complete (in total). We will ask you to complete the questionnaires before you start 

radiotherapy, then during the treatment and then every 3 months for up to two years after the treatment has 

completed. We will compare your answers to the appearances of your lungs in your CT scans and to any other clinically 

relevant tests in your medical notes such as heart scans (echocardiograms) or blood results. The answers to your 

questionnaires will be uploaded to your electronic health record at UCH so the clinicians looking after you will have 

access to them and this may help them better understand what symptoms you may be experiencing.   

 

 

 

Tumour marker Study (OPTIONAL) 



 

 
 

Circulating tumour DNA (ctDNA) is a chemical that is released into your bloodstream by tumour cells as they die. 

Doctors are beginning to understand how ctDNA can be measured in your blood to gain insights into how your tumour 

is responding to treatment. We are interested in how the ctDNA in your blood changes as a response to radiotherapy.  

We are therefore running an extra, optional sub-study alongside RALE, looking at how ctDNA in the blood changes 

during and after radiotherapy. This part of the study would involve you having extra blood tests before the course of 

radiotherapy, on the first 3 days, half way through, and at the end of the course of radiotherapy. The blood tests would 

then be repeated every 3 months, and again if your cancer ever comes back, after the treatment has completed. The 

blood test itself will only take a couple of minutes but there may be additional time for you if you are travelling to the 

clinic for the blood test and waiting for the blood test to be taken. These extra blood tests are optional and you can still 

take part in the rest of the study if you don’t want to take part in the blood markers study.  

 

 

What does taking part involve? 

 

Quality of Life Study  

Your cancer care will not be affected by entering the study. We would like to better understand the effects that 

radiotherapy to the chest has on your quality of life and so in addition to seeing your oncology team in clinic, we hope 

that by asking you to complete questionnaires before and after your treatment, we will learn more about how this 

treatment affects your symptoms and quality of life. We are particularly interested in how the changes we see in your 

lungs on CT scans as a result of treatment are related to the symptoms you experience. You will not have any extra CT 

scans but we will look at the scans that are organised by your oncology team to monitor your cancer to look at how 

your lungs have been affected by the treatment. 

 

Tumour Marker Study (Optional) 

This component of the study will involve you having regular additional blood tests before, during and after your 

radiotherapy treatment. We will take these blood tests when you are at your regular treatment or clinic visits whenever 

possible in order to minimise any extra visits to hospital. 

 

Do I have to take part? 

It is up to you to decide whether or not to take part and we will provide any further information to help you 

make this decision. If you wish to discuss taking part, you can contact our study team. Our contact details are 

provided at the end of this information sheet. If you decide to take part, you will be asked to sign a consent 

form. Your participation will be on a voluntary basis, and you will be free to withdraw at any time and without 

giving a reason. A decision to withdraw at any time, or a decision not to take part, will not affect the standard 

of care you receive. 



 

 
 

Will I be paid or be provided with expenses for taking part in this study? 

No payment or expenses will be paid for taking part in this study. 

 

How long will I be in the study? 

If you qualify, and agree to take part, you will be in the study for approximately 2 years.   

 

What are the risks and disadvantages in taking part? 

Obtaining the blood sample can be uncomfortable and can cause bruising. Occasionally you might need to do the 

sampling more than once in order to collect a sufficient sample. 

 

What are the benefits of taking part? 

There is no direct benefit to you. We hope that the information we gain from this study will increase our 

understanding of radiotherapy to the lungs and eventually help us improve our treatments for other patients 

in the future. 

 

How much blood is required? 

Up to 30 mls (2 tablespoons) of blood will be taken at each blood test. The blood tests will be taken by the phlebotomists 

or clinical team at UCH and then transferred to the UCL Cancer Institute where they will be processed, analysed and 

stored. 

What happens to the blood samples and test results? 

The blood taken will be used to support other research in the future and may be shared anonymously 

with other researchers. The samples and the relevant clinical information gathered about you may be 

stored in the central laboratories involved in the study. Some of these projects may be carried out by 

other researchers and may involve international collaborations. Your blood will be held in an archive 

(biobank), either as part of the study or at your local hospital, and will be used for future research. If 

you choose to withdraw from the study, any samples collected will be held in a biobank unless you 

ask for the samples to be destroyed. Some samples and data may be used for commercial research 

and if a commercial product were developed using this research, you would not be eligible to benefit 

financially from this. 

Keeping you safe during the COVID pandemic 



 

 
 

Your safety during this pandemic remains our top priority. Where possible, clinic visits are being 

conducted remotely (e.g. by telephone) in many cases. Your entry in this study will not affect the 

number of visits you have to hospital and the questionnaires may be sent out to you by post or the 

converted to telephone interviews if appropriate. Where possible, blood tests will be taken when you 

are having a necessary blood test anyway. We will not ask you to make additional visits to hospital 

for these blood tests during the pandemic. If you have any concerns about this, please discuss it with 

a member of your clinical team (see contact details below).   

 

 

Will my GP be informed of my involvement? 

Yes, we will contact your GP and let them know that you have taken part in this study. We will ask for your permission 

to have access to your medical records. You will be asked to agree to this when signing the consent form. 

 

 

What if something goes wrong?  

If you have any problems during the study or would like to discuss the study, you can contact any of the research 

investigators. You can find their contact detail on the last page of this information sheet. Every care will be 

taken in the course of this study. However, in the unlikely event that you come to harm as a result of you taking 

part in the study, compensation may be available. If you suspect that the injury is the result of the Sponsors 

(University College London), then you may be able to claim compensation. After discussing with your clinical 

study doctor, please make the claim in writing to Dr. Crispin Hiley who is the Chief Investigator for the study. 

The Chief Investigator will then pass the claim to the Sponsor and on to Sponsor’s Insurers. Regardless of this, 

if you wish to complain, or have any concerns about any aspect of the way you have been approached or treated 

by members of staff or about any side effects (adverse events) you may have experienced due to your 

participation in the study, the normal National Health Service complaints mechanisms are available to you. 

Please ask your clinical study doctor if you would like more information on this. Details can be obtained from 

the NHS website. Also, you can also speak to the Patient Advice and Liaison Service (PALS). When contacting 

them, please quote the study number that can be found at the bottom of each page of this information sheet. 

Details can also be obtained from the Department of Health website: http://www.dh.gov.uk. 

 

What will happen if I don’t want to carry on with the study?  

You are free to withdraw from the study at any time. Please talk to a member of the research team if you wish to do so. 

You do not have to give a reason and you will not be penalised for withdrawing. Your medical care will not be affected. 

http://www.dh.gov.uk/


 

 
 

 

What happens when the study finishes?  

The results from this study are likely to be published in a peer reviewed scientific journal and presented at scientific 

conferences. We hope the information we learn from this study will be used to improve radiotherapy treatments in the 

future. 

 

How will we use information about you?  

We will need to use information from from your medical records for this research project.  

This information will include your initials/ NHS number/ name/ date of birth/contact details.  People will use this 

information to do the research or to check your records to make sure that the research is being done properly. 

People who do not need to know who you are will not be able to see your name or contact details. Your data will have a 

code number instead.  We will keep all information about you safe and secure.  Once we have finished the study, we 

will keep some of the data so we can check the results. We will write our reports in a way that no-one can work out that 

you took part in the study. 

 

What are your choices about how your information is used? 

You can stop being part of the study at any time, without giving a reason, but we will keep information about you that 

we already have.  If you choose to stop taking part in the study, we would like to continue collecting information about 

your health from your hospital or your GP. If you do not want this to happen, tell us and we will stop. We need to 

manage your records in specific ways for the research to be reliable. This means that we won’t be able to let you see or 

change the data we hold about you.  

 

Data Protection Information 

All information you provide will be kept strictly confidential. Confidentiality will be respected at all times, 

subject to legal constraints and professional guidelines.  UCL is the sponsor for this study based in the United 

Kingdom. UCL will act as the data controller for this study. This means that we are responsible for looking after 

your information and using it properly. The UCL Data Protection Office provides oversight of UCL activities 

involving the processing of personal data and can be contacted at data-protection@ucl.ac.uk. Further 

information on how UCL uses your information can be found on our general research privacy notice here 

https://www.ucl.ac.uk/legal-services/privacy. 

 

mailto:data-protection@ucl.ac.uk
https://www.ucl.ac.uk/legal-services/privacy/ucl-general-privacy-notice-participants-and-researchers-health-and-care-research-studies


 

 
 

Who is organising and funding the research?  

This research study is being organised by UCL. The study is sponsored by UCL and funded by research grants 

obtained by the investigators.  

 

Who has reviewed this study?  

All research in the NHS is looked at by an independent group of people, called a Research Ethics Committee 

(REC) to protect your safety, rights, wellbeing and dignity. This study has been reviewed and given favourable 

opinion by the Hampshire REC (pending).  

 

 

 

 

Contact for further information  

If you have any further questions about the study, please contact:  
 
Dr. Edward Chandy, Clinical Research Fellow, UCL [e.chandy@ucl.ac.uk] 
 
Dr. Crispin Hiley, Consultant Clinical Oncologist, UCLH 

 

 

Appendix F 

 

IRAS ID: 271628   

Centre Number:  

Study Number:  

Participant Identification Number for this trial: 

CONSENT FORM 

Title of Project: RALE Study 

Name of Researcher: 

 

QUALITY OF LIFE STUDY 

Please initial box  

1. I confirm that I have read the information sheet dated......25/11/20.............. (version.......4...) for                       the 
above study. I have had the opportunity to consider the information, ask questions and have 
had these answered satisfactorily. 



 

 
 

 

2. I understand that my participation is voluntary and that I am free to withdraw at any time 
without giving any reason, without my medical care or legal rights being affected. 

 

3. I understand that relevant sections of my medical notes and data collected during 
the study, may be looked at by individuals from the UCLH NHS Trust, where it is relevant to my                   taking 
part in this research. I give permission for these individuals to have access to my records.  

 
4. I understand that the information collected about me will be used to support 

other research in the future, and may be shared anonymously with other researchers. 

 
5.  I agree to my General Practitioner being informed of my participation in the 

study including any necessary exchange of information about me between my GP and the                        research 
team. 

 
6. I agree to complete questionnaires before and after my radiotherapy treatment and for this to be            uploaded to 

my medical notes. I understand there are 3 questionnaires to be completed and                    these will take 
approximately 10 minutes to complete (in total). These questionnaires will be presented to me before and shortly 
after completing my course of radiotherapy and then every 3 months for up to 2 years after completing treatment. I 
consent for this questionnaire to be anonymised and to be used in the RALE study.  

9.  
7. I understand that the information held and maintained by University College Hospitals may be                        used 

to help contact me or provide information about my health status. 

10.  
11.  
12.  
13. OPTIONAL TUMOUR MARKER SUB-STUDY 

  

8. I agree to participate in the additional ctDNA (circulating tumour DNA blood test) substudy.                                  
YES/NO (delete as appropriate) 
 

9. I consent to having additional blood tests, before, during and after my radiotherapy                         treatment. I 
understand that this would involve having a blood test before radiotherapy,                                on days 1-3, 
midway through and at the end of treatment, and then every 3 months for up to 2 years, or if my tumour recurs. 
I understand that I can drop out of this study at any point and it will not affect the                          rest of my 
cancer care. 

14.  
10. I understand the blood test will only take a couple of minutes but there may be  additional time             required 

if travelling to the clinic for the blood test and/or waiting for the blood test to be taken. 
 

11. I consent to my blood may being held in an archive (biobank), either as part of the study or at my local hospital, 
and be used for future research.                                                           YES/NO (delete as appropriate)    

                                                                                                                                                        

12. I understand that if I am withdrawn or withdraw from the study any samples collected may                         be 
stored unless I ask for the samples to be destroyed.  
                                                                     

 

 

 

                                                                                                                                              

 

            

Name of Participant  Date    Signature 



 

 
 

 

            

Name of Person  Date    Signature 

taking consent 

 

 

If you have any further questions about the study, please ask one of your lung oncology team for more information. 

Thank you. 

Dr. Edward Chandy, Clinical Research Fellow and Clinical Oncology SpR, UCH/UCL 

Dr. Crispin Hiley, Consultant Clinical Oncologist, UCH/UCL 
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Lung Change 
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Simple Summary: Radiotherapy is commonly used to treat inoperable locally advanced lung cancer. 

Despite the use of sophisticated modern planning and imaging techniques to target the tumour and 

minimise dose to normal lung tissue, patients can suffer from acute and chronic respiratory problems 

after treatment. Currently, our understanding of the impact that radiotherapy has on patients’ lungs is 

inadequate. We have, therefore, proposed a novel classification of the damage to the lung tissue, as 

seen on CT scans after a course of radiotherapy to a lung tumour. We have used deep learning 

algorithms to allow large numbers of CT scans to be labelled at the level of the individual voxel 

according to the degree of damage. The dose delivered to the tumour and the change in lung function 

of the patient after treatment both correlated well to the degree of radiological change measured. Our 

novel, automated classification combined with a dedicated image registration method has 

demonstrated an important clinical application that could be used to improve radiotherapy delivery in 

the future by allowing us to precisely track the changes seen after radiation treatment. 

Abstract: We present a novel classification system of the parenchymal features of radiation-induced 

lung damage (RILD). We developed a deep learning network to automate the delineation of five classes 

of parenchymal textures. We quantify the volumetric change in classes after radiotherapy in order to 

allow detailed, quantitative descriptions of the evolution of lung parenchyma up to 24 months after 

RT, and correlate these with radiotherapy dose and respiratory outcomes. Diagnostic CTs were 

available pre-RT, and at 3, 6, 12 and 24 months post-RT, for 46 subjects enrolled in a clinical trial of 

chemoradiotherapy for non-small cell lung cancer. All 230 CT scans were segmented using our 

network. The five parenchymal classes showed distinct temporal patterns. Moderate correlation was 

seen between change in tissue class volume and clinical and dosimetric parameters, e.g., the Pearson 
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correlation coefficient was ≤0.49 between V30 and change in Class 2, and was 0.39 between change in 

Class 1 and decline in FVC. The effect of the local dose on tissue class revealed a strong dose-dependent 

relationship. Respiratory function measured by spirometry and MRC dyspnoea scores after 

radiotherapy correlated with the measured radiological RILD. We demonstrate the potential of using 

our approach to analyse and understand the morphological and functional evolution of RILD in greater 

detail than previously possible. 

Keywords: radiotherapy-induced lung damage; lung cancer; deep learning  

 

1. Introduction 

Lung cancer is the leading cause of cancer-related death worldwide (1). In inoperable 

locally advanced non-small cell lung cancer (NSCLC), chemo-radiation (CRT) is the standard 

treatment. Eligible patients are also offered up to 12 months of a Programmed death-ligand 

1 inhibitor (10). The lung is one of the most sensitive tissues to ionising radiation, and this 

limits the dose that can be delivered to lung tumours (38). Radiation-induced lung damage 

(RILD) is divided into an acute, reversible phase, radiation pneumonitis, and a late, 

permanent, fibrotic phase (42).  

Radiation damage is caused by both direct nuclear and mitochondrial DNA damage, 

and the generation of free radicals. Within minutes of irradiation, altered gene expression 

can be detected and growth factors, such as TGF-ß, PDGF and interleukin 1, are released (38). 

Two distinct pathophysiological mechanisms of RILD have been described (42). Classic RP 

occurs in-field and follows radiation to large volumes of lung parenchyma. A three-phase 

model of the histological changes (an early, intermediate and late phase) is described. The 

early or latent phase is visible only with electron microscopy, which reveals degenerative 

changes to type I and type II pneumocytes, thickened secretions of mucus from goblet cells, 

basement membrane swelling and changes to endothelial cells (42, 43). This early phase is 

dose dependent and does not generally occur at doses < 10 Gy (43). Damaged cells lead to 

cytokine release, e.g., TNF alpha, which leads to an acute inflammatory, exudative 

pneumonitis: the intermediate phase. The final, fibrotic phase is a result of pathological repair 

of the acute inflammatory insults. Fibroblasts produce collagen after stimulation by the acute 

phase proteins, particularly TGF-beta. This leads to a lack of lung elasticity, volume 

shrinkage and scarring. There is accompanying vascular damage, a decrease in type I 

pneumocytes and a return of type II pneumocytes.  

This three-stage model, which presents a dose-dependent response to radiation, though 

widely cited, is a simplification. RILD is modulated by a host of genetic, environmental and 

psychological variables that are not yet well understood. An individual patient’s response to 

thoracic irradiation is somewhat unpredictable and sometimes out of proportion to the dose 

or volume of lung irradiated. Furthermore, radiological appearances and clinical symptoms 

are often poorly correlated (44). It has been suggested that the three-stage model, derived 

largely from animal studies, or human studies where single dose, whole lung irradiation is 

administered, may not be clinically applicable to fractionated radiotherapy (43).  

The incidence of symptomatic RILD is estimated to be 15–40% with a mortality rate of 

<2–4% (88, 222). Clinically, radiation pneumonitis manifests within weeks to months after 

the completion of radiotherapy. It presents with the classic triad of dyspnoea, non-productive 

cough and hypoxaemia. Pulmonary function tests usually reveal a restrictive defect due to 

volume loss. Gas exchange is also impaired and a fall in diffusion capacity may be seen. 

Patient, tumour and treatment factors affect the likelihood of developing RILD (61) and 

its severity. Chemotherapy can have a synergistic effect with radiotherapy to exacerbate 

RILD (77). Immuno-oncology (IO) therapy can cause pneumonitis, which is a widely 

recognised complication (80). Rates of interstitial lung disease with IO agents are reported at 

rates between 2.7% and 3.5% (77). It is likely that by priming the immune system, RT 

exacerbates this (81, 82). A secondary analysis of KEYNOTE-001 demonstrated that previous 

RT increased the incidence of pulmonary toxicity in patients receiving pembrolizumab (82).  



 

 
 

A dose-response relationship can be plotted between Mean Lung Dose (MLD) and 

probability of radiation pneumonitis (or RP). Various Vx values (% of lung volume receiving 

≥ X Gy) are associated with RP risk. There is no sharp dose threshold below which there is 

no risk of RP. Different dosimetric parameters are closely correlated within individual 

datasets, suggesting that there is no optimum threshold (49). Widely accepted clinically-

useful normal lung tissue tolerance doses allow the reasonably effective and safe deployment 

of radiation for lung tumours (49). However, dose escalation remains an important ambition 

for radiation oncologists with the hope of improving survival (50). The improved outcomes 

achieved for this patient cohort mean that clinicians must now pay more attention to the 

morbidity of treatment which patients can expect to endure for a greater period of time than 

their historical counterparts due to prolonged overall survival (56).  

Despite a number of published classification systems (96-100), there are no clinically 

useful RILD classification to allow detailed, quantitative analysis of the radiological changes 

seen after RT, or that have known correlations with clinical or dosimetric measures. In order 

to address this, in 2018, our group published a novel method to quantify RILD with twelve 

automated image-based biomarkers to allow precise, objective and continuous measures of 

changes on CT scans following RT (139). The biomarkers track changes to the size and shape 

of the lungs, the parenchyma and pleural thickness. The biomarkers have been used to track 

the evolution of RILD over time and were able to differentiate patients into two distinct 

subtypes according to the temporal pattern of radiological RILD manifested (95).  

However, the biomarkers characterised parenchymal change by simply thresholding 

the lung tissue into ‘normal lung’ and ‘consolidation’ based on the HU value. This approach 

was an over-simplification and was unable to distinguish the different morphological 

subtypes of parenchymal change that could be seen in the images. Furthermore, the 

dosimetric correlations presented in (95) used only global DVH metrics and did not study 

the relationships between local dose and parenchymal change as, at that time, it was not 

possible to perform meaningful lung registrations due to the magnitude of the geometrical 

changes resulting from long-term RILD. 

Our group has recently been undertaking work to address the issues raised above. 

Firstly, we developed a novel deformable registration method that enabled us to register the 

follow-up CT scans and the baseline scan despite the extreme geometrical and anatomical 

changes secondary to RILD occurring between the images (179). This technique, rather than 

using the image intensities to guide the registrations, instead uses salient features between 

the images such as the lung boundary, the major airways and the blood vessels, to 

successfully register CT scans of the same patient up to 24 months apart. Secondly, we have 

developed a novel automated classification of parenchymal texture at the voxel-wise level, 

which enables us to study changes to parenchymal tissue due to RILD. To achieve this, we 

trained a deep-learning network using a two-stage approach akin to active learning. The 

technical details of this methodology are presented in an accompanying paper in this special 

issue (223).  

The work presented in this paper utilises the recent advances outlined above and 

applied them to a clinical dataset to quantify parenchymal change due to RILD at a level of 

detail not previously performed. This includes longitudinal analysis of the proportion of the 

different tissue classes in the lungs, analysis of the relationships between the tissue classes at 

each time point and global dose metrics and measures of respiratory function, and 

investigating the relationship between local dose and changes to the parenchymal tissue over 

time. 

 

2. Materials and Methods 

IDEAL-CRT (55) was a multicentre, UK, phase 1/2, single arm, dose escalation trial in 

non-small cell lung cancer. Patients received isotoxically individualised tumour radiation 

doses of 63 to 71 Gy in 5 weeks or 63 to 73 Gy in 6 weeks, delivered concurrently with two 

cycles of cisplatin and vinorelbine. A total of 118 patients (Stage IIB-IV) were recruited from 

9 UK centres. All patients gave informed, written consent. Scans of 46 patients who had CT 

scans at all follow-up points (3, 6, 12 and 24 months post RT) were available. For the baseline 

scans, a diagnostic CT obtained just prior to RT was used rather than the RT planning scan, 



 

 
 

as these were generally of superior quality. The RT planning scan, RT structures and dose 

distribution data were also available for all patients. MRC dyspnoea scores and spirometry 

data at baseline and follow-up were available for most patients (see Table 1 and 2 for full 

details). 

Table 1. Patient characteristics and accompanying respiratory data. 

Patient Characteristics  Number (%) Median (Range) 

Age   64 (42–83) 

Gender Male 31 (67)  

 Female 15 (33)  

AJCC Stage  IIB 3 (7)  

 IIIA 30 (65)  

 IIIB 13 (28)  

Fractionation Schedule 6 weeks 36 (78)  

 5 weeks 10 (22)  

Radiotherapy Technique Conformal 3D 45 (98)  

 VMAT 1 (2)  

Prescribed dose (Gy)   66.75 (63–73) 

PTV (Planning Tumour 

Volume)(cm3) 
  360.00 (139–821) 

MLD (Mean Lung Dose)   14.56 (8.75–19.96) 

Lung V20 Gy   22.58 (13.86–43.61) 

Progression All 20 (43)  

  Loco-regional 15 (33)   

Table 2. IDEAL-CRT Respiratory data available for patients included in this study. 

Metric  Time Point Available (out of 46) 

FVC Baseline 46 

 3 m 43 

 6 m 40 

 12 m 40 

 24 m 35 

FEV1 Baseline 46 

 3 m 43 

 6 m 40 

 12 m 40 

 24 m 36 

TLCO Baseline 46 

 3 m 40 

 6 m 37 



 

 
 

 12 m 38 

 24 m 35 

MRC Score Baseline 43 

 3 m 43 

 6 m 43 

 12 m 41 

 24 m 40 

We have proposed a novel classification of lung parenchyma texture at the voxel-wise 

level and developed a deep learning-based method of its automated annotation. Following a 

detailed study of the texture changes seen in our patient cohort, and a review of established 

classifications in the literature (41, 96, 97, 99, 100, 119, 120, 198, 224, 225), we devised a five-

class classification based on the morphology and texture of the lung parenchyma. The full 

details are presented in our accompanying paper in this Special Issue (223). Table 3 lists the 

different classes and Figure 1 shows examples of the classes on several CT slices.  

Table 3. Lung Parenchyma classification. 

Class Description 

1 

Normal, healthy or emphysematous lung, without any high-density abnormality and 

representing most of the lung parenchymal tissue prior to radiation, as well as areas not 

affected during the radiotherapy. 

2 Areas mostly characterised by changes similar to ground-glass opacity. 

3 Areas with mixed ground-glass opacity and overlaid reticulation. 

4 
Mostly solid lung tissue, either aerated opaque tissue or tissue with a density just below dense 

opacity. 

5 
Homogeneous, dense lung tissue, which could represent a number of pathological entities, 

including tumour, pleural effusion or collapse. 



 

 
 

 

Figure 1. Examples of morphological classes used in parenchymal classification system. Left plain CT. 

Right automated labels. Class 1; Red, Class 2; Green, Class 3; Blue, Class 4; Magenta; Class 5; Yellow.  

To automate the classification, the data were divided into a development set (40 

patients) and a hold-out test set (6 patients). An initial manual labelling of the development 

CT scans was performed by a radiation oncologist (E.C.) with review and refinement by a 

thoracic radiologist (J.J.). As the manual labelling was challenging, and involved some 

uncertainty in the labelling process, we decided to adopt a two-stage learning approach, akin 

to active learning. We used the initial manual labels on the development dataset to train an 

initial ensemble of Convolutional Neural Networks (CNNs), of which the results were 

combined to form an initial automatic labelling of the development data. The initial manual 

and automatic labels were carefully reviewed and edited to produce a single revised set of 

ground-truth labels for the second stage of training and evaluation. An expanded ensemble 

of CNNs were then trained on the revised labels, and the results were evaluated on the hold-

out test set. The ground truth labels on the hold-out test set were generated entirely 

manually, but only after the revised ground truth labels on the development set had been 

generated to ensure they were consistent with the revised labels. 

In order to propagate the Planning Tumour Volume (PTV) and local dose distribution 

onto the baseline and follow-up CT scans, the planning RT scans were registered with each 

of the five available diagnostic CT scans obtained before and following treatment; see Figure 

2 for an example. This was performed using our recently developed novel deformable 

registration method, which aligns images based on the salient features between the images. 

Briefly, this method does not use the intensity information in the images to align the images, 

but instead uses segmentations of the lungs and major airways, together with blood vessels 

detected using a ‘vesselness’ filter (188). These features are then used to drive a multi-channel 

deformable registration. The lung segmentations were performed manually and the airways 

segmentations were performed automatically using the open-source Pulmonary Toolkit 

(186) and subsequently reviewed and manually edited if needed using ITK-SNAP (187). The 

‘vesselness’ of each scan was calculated using the Pulmonary Toolkit. The multi-channel 

registrations were performed using the opensource NiftyReg software (189). For each patient, 

the planning scans were registered to all of the diagnostic CT scans, and the registration 

results were used to propagate the PTV and local dose distribution onto the scans at all time 



 

 
 

points. All registrations were manually reviewed and judged to be of sufficient quality, 

except for one patient, who could not be registered due to the severity of lung damage, 

meaning airways and vessels could not be aligned. Full details have been published 

elsewhere (179). 

 

Figure 2. An example of how the dose was propagated from the planning scan onto the 6- and 12-

month time points.  

To analyse the prevalence of each parenchymal class at the different timepoints, the 

relative volume (as a percentage of the total lung volume) of each parenchymal class at every 

time point was calculated for each individual, and the mean values over all 46 patients were 

calculated and visualised as pie charts.  

To analyse the evolution of the parenchymal classes over time, the difference in the 

relative volumes of the parenchymal classes was calculated between each follow-up CT scan 

and the pre-RT scan, for each individual. For this analysis, the voxels within the PTV were 

excluded from all timepoints so that presence of the tumour in the baseline scan did not 

influence the analysis and only the effects on lung tissue were studied. The registration 

results are required to transform the PTV on to each of the follow-up CT scans, so the one 

patient for whom the registrations failed was excluded from this (and all further) analysis. 

The differences in the relative volumes of the parenchymal classes, and their distribution 

over all individuals, were visualised using boxplots. A Friedman test was used to test for 

statistical differences between the distributions at different time points. 

The relationship between the global dose and the change in the prevalence of the 

different tissue classes at each timepoints was analysed. For each follow-up CT scan, the 

Pearson correlation was calculated between the relative volume change of each tissue class 

and the following dosimetric parameters: V5, V10, …, V60, Mean Lung Dose (MLD), Max 

Lung Dose, the GTV volume and the PTV volume. 

The relationships between the changes in the tissue classes and the changes in lung 

function were also investigated. Four different respiratory parameters related to lung 

function, FVC, FEV1, TLCO and MRC score, were measured at most timepoints for most 

patients (Table 1b). The changes in the respiratory parameters between each follow-up 

timepoint and the baseline measurements were calculated, and the Pearson correlation was 

calculated between the changes in respiratory parameters and the changes in tissue classes. 

The relationship between the local dose distribution and the tissue classes distribution, 

and how this changed over the timepoints, was also explored. Each diagnostic CT scan was 

divided into subvolumes based on the propagated dose distributions, with a subvolume for 

each 5 Gy physical dose band up to 65 Gy, and then a final subvolume for all lung voxels 

receiving more than 65 Gy. For each patient and timepoint, the relative volumes of the tissue 

classes within each subvolume were calculated, and the average values were calculated for 

Planning 6 Months 12 Months



 

 
 

all patients. These results were visualised and qualitatively analysed using a stacked bar 

graph. 

All statistical analysis was performed using Microsoft Excel for Mac Version 16.16.27, 

RStudio Version 1.2.1335 and IBM SPSS Statistics Version 27. 

 

3. Results 

The characteristics of the 46 patients included in this study are summarised in Table 1. 

The parenchymal tissue classes developed in our accompanying paper(223) are described in 

Table 3 and examples are given in Figure 1. The classes (1–5) were designed to represent 

texture with increasing density. 

Figure 3 shows the mean proportion of each parenchymal class over all 46 patients at 

each timepoint. It can be seen that the prevalence of the different classes is broadly similar 

between the different timepoints, although the exact proportion of each class does vary 

between the timepoints. Class 1 is most prevalent for all timepoints and ranges from 90.6% 

at 6 months to 93.5% at the pre-RT scan. The next most prevalent class is Class 2, which ranges 

from 4.0–6.5%, followed by Class 5, which ranges from 1.4% to 2.9%. Note, as the PTV voxels 

were not excluded from this analysis, most of the Class 5 tissue in the pre-RT scan 

corresponds to the tumour. Classes 3 and 4 both represent very small proportions of the 

lungs, ranging from 0.25–0.74% and 0.29–1.25%, respectively.  

 

 

Figure 3. Mean % Volume of Tissue Classes for all patients in the entire lung volume including PTV, at 

each time point. Red = Class 1, Green = Class 2, Blue = Class 3, Purple = Class 4, Yellow = Class 5. 

Figure 4 shows a boxplot for each parenchymal class, presenting the difference in the 

relative volume of that class between each of the follow-up CT scans and the pre-RT scan for 

the 45 patients that were successfully registered. Each of the classes displays its own 

distinctive temporal pattern. Prevalence of Class 1, which best represents undamaged tissue, 

shows a consistent decrease compared to pre-RT. This is most pronounced at 6 months and 

then gradually returns towards baseline at later timepoints. Classes 2 and 3, which represent 

ground glass and are, therefore, radiological markers of pneumonitis, are most prevalent at 

3–6 months and then return towards baseline values at 24 months. Classes 4 and 5, which 



 

 
 

represent more solid textured parenchyma, behave differently from each other. Class 4 peaks 

at 6 months, while Class 5 continues to increase in prevalence up to 24 months. The latter 

correlates with the increased incidence of late lung fibrosis and collapse. The former may be 

an intermediary stage between the more acute Classes (2 and 3) and Class 5, representing 

evolving fibrosis. Friedman tests showed that there were statistically significant differences 

between the volumes at the time points connected by a horizontal line. 

 

 

Figure 4. Boxplot showing difference in volumes of each class at follow up and baseline. Solid lines 

signify statistically significant (p < 0.05) differences between time points. The area within the PTV at 

each time point is excluded. 

Figure 5 shows a Pearson correlation matrix for a number of global dose metrics and the 

relative volume changes of the different tissue classes at 3 months. Mild to moderate 

correlations are seen (up to r = 0.5). As expected, volume of Class 1 is negatively correlated 

with dose, while the other tissue classes show a positive correlation. The strongest correlation 

between the tissue classes is a negative correlation (r = −0.91) between the volumes of Class 

1 and Class 2, suggesting that the decrease in default lung tissue at 3 months is mostly a result 

of an increase in ground glass texture (a classical radiological hallmark of radiation 

pneumonitis). The dosimetric variables that most strongly correlated with change in tissue 

class volume are lung V20–V50 Gy and mean lung dose. Lung V30 Gy was correlated with 

change in Classes 1, 2, 3 and 4 with r values of −0.45, 0.5, 0.31 and 0.42, respectively. Change 

in Class 5 shows the least strong correlations with global dose. Similar patterns are seen at 

other follow-up time points (see Figure S1–S3)  



 

 
 

 

Figure 5. Pearson correlation matrix of global dose metrics and change in relative volume between pre-

RT and 3-months post RT for each tissue class. VX = Lung VX Gray. MLD = Mean Lung Dose. PTV = 

Planning Target Volume, GTV = Gross Tumour Volume. Max dose = maximum prescribed dose (Gy). 

White boxes, p ≥ 0.1. 

Figure 6 shows a Pearson correlation matrix presenting the relationship between change 

in respiratory outcome metrics between baseline and 24 months and the changes in volume 

of tissue classes at 24 months. A moderate correlation was seen between change in Classes 1 

and 2, and changes in the FVC, DCLO and MRC dyspnoea score. A weak correlation was 

observed between changes in volume of Classes 4 and 5 and changes in the MRC dyspnoea 

score. However, at earlier time points, the correlations were weaker. See Figure S4–S6 for the 

other time points. 
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Figure 6. Pearson correlation matrix of respiratory metrics and change in relative volume between pre-

RT and 24-months post RT for each tissue class. FVC = Forced Vital Capacity, FEV = Forced Expiratory 

Volume, DLCO = diffusing capacity for carbon monoxide, MRC = MRC dyspnoea score. White boxes, 

p ≥ 0.1. 

 

Figure 7 represents the relationship between the local dose and the distribution of the 

tissue classes, and how this changed over the different timepoints. It can be seen that the 

prevalence of tissue Classes 2–5 increases more in regions of higher dose, and remains fairly 

constant in regions of low dose, indicating that the changes to the tissue classes are indeed 

caused by radiation. It can also be seen that the dose response and temporal evolution is 

different for the different tissue classes. There is an initial increase in Class 2 at 3 months, 

which is approximately linearly related to local dose, and then a gradual decrease over later 

timepoints. There is also an increase in Class 3 at 3 months, but this occurs more evenly over 

the mid- and high-dose regions, and then rapidly decreases at later time points. Likewise, 

Class 4 increases at 3 months in the mid- and high-dose regions, but interestingly, decreases 

in the mid-dose regions but continues to increase in the high-dose regions at 6 months, and 

then gradually decreases in all regions at 12 and 24 months. Class 5 increases over all time 

points, but at 3 months, the increase is approximately the same in the mid- and high-dose 

regions, whereas at later time points, there is an increasingly linear relationship between the 

increase in Class 5 and the local dose. 



 

 
 

 

Figure 7. Stacked bar graph visualising the relationship between the local dose and the distribution of 

the tissue classes, and how this changed over the different timepoints. The different colours correspond 

to the different tissue classes and each column represents a 5 Gy dose bin from 0–5 Gy–60–65 Gy (with 

a final column for > 65 Gy) from each of the different time points. 

 

4. Discussion 

The relationships between radiotherapy dose, radiological changes and clinical 

outcomes are complicated. There are a large number of important clinical variables that make 
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its analysis complex. Nonetheless, in this work, we have demonstrated that our novel 

classification system of lung parenchyma is a useful tool for studying RILD and uncovering 

patterns in its evolution and relationship to dose. Our classification system tracks 

longitudinal change that are related to both global and local prescribed RT dose. The global 

metrics with the strongest correlations were seen at 3 months and include r values of up to 

0.5 between Class 2 and lung V30 Gy. Classes 1–4 all showed consistent mild to moderate 

correlation with a number of global dose metrics. Clinical outcomes (spirometry and MRC 

dyspnoea score) were available for most patients but only showed weak correlations with 

parenchymal changes. This is likely due to the number of confounders that can affect these 

measures. Spirometry is a summary measure of lung physiology and is determined by co-

morbidities and patient compliance, amongst other things. Signals from spirometry that are 

directly affected by RILD can easily be lost amongst the noise of other variables (226). The 

MRC dyspnoea score has even greater problems due to its subjective nature, and is 

significantly influenced by cardiac, orthopaedic and psychological morbidity as well as RILD 

and other respiratory conditions.  

Given the complexity discussed above, this work was motivated by the recognition that 

the relationship between radiotherapy dose, radiological changes and clinical outcome is not 

yet adequately understood. There are several widely used clinical scoring systems for RILD 

based on a combination of symptoms and radiological severity (86). The morphological 

changes are described imprecisely and terms such as ‘patchy’ and ‘dense’ are not formally 

defined. The clinical outcomes are categorised largely on their required therapeutic 

interventions and there is little emphasis on the functional impact on the patient (44).  

Faria et al. have highlighted that two of the most commonly used scoring systems 

(RTOG/EORTC and NCI-CTC) are very poorly correlated with each other, and that 

radiological toxicity was rarely associated with symptoms (44). Tucker et al. (86) have 

similarly shown that using NCI-CTC, CTCAE and RTOG as scoring systems for RILD give 

rise to markedly different normal tissue complication probabilities for a particular MLD, 

suggesting that the existing radiobiological models of RILD are not reliable. 

A number of attempts have been made to improve upon these manual classification 

systems. Computational approaches have the advantages of allowing quantitative, 

continuous, objective and automated classification of radiological or functional lung damage. 

One of the most common approaches has been to use Hounsfield Unit (HU) density (114-131, 

227). Palma et al. (129) performed deformable image registration on the phase of the planning 

scan with the lung volume most similar to the 3-month follow-up CT images of patients 

treated with SABR. Rigid registration was applied manually and then a modified B-spline 

Free Form Deformation algorithm was used to warp structures to achieve the required 3D 

displacement. Voxel HU density histograms were created and mean lung densities were 

derived. There was very poor correlation between HU density changes in the whole lung and 

the severity of physician graded radiological pneumonitis; however, local density changes 

around the PTV correlated strongly with increased radiological pneumonitis (Spearman’s r 

= 0.75).  

A more recent example of the same technique (131) studied 31 patients receiving SABR 

to investigate the relationship between normal lung CT density changes with dose accuracy 

and outcome. Each patient was assigned a CTCAE RP grade. HU changes in 5 Gy dose bins 

from 5–45 Gy were assessed in the peri-tumoural region (ITV+ 3 cm margin). The 0–5 Gy 

lung volume was used as a baseline correction of the density changes. The average lung 

density changes in the peritumoural region for each of the 5–45 Gy dose bins were tabulated 

and compared across different dose algorithms. There was a strong positive relationship 

between peritumoural lung density changes and RP grade (Spearman’s r = 0.76). Positive 

correlation was also observed between RP and HU changes in the region covered by V20 for 

all algorithms (Spearman’s r ≥ 0.738). Additionally, V20, MLD and gEUD (generalised 

equivalent uniform dose) were significantly correlated with RP grade (p < 0.01). 

Bernchou (119, 228, 229) et al. used a similar approach to investigate longitudinal change 

of HU density after IMRT for NSCLC. They found that normal tissue showed a significant 

increase in HU density after RT within even low dose areas. They noted that the evolution of 

changes differed between the low- and high-dose regions. Lung parenchyma receiving doses 



 

 
 

< 45 Gy underwent a decrease in HU density after 3 months, while areas receiving 50–60 Gy 

became denser between 3–9 months before then decreasing again. Beyond 12 months, the 

density changes stabilise across all dose intervals. The bimodal time distribution supports a 

model of RILD characterised by early (RP) and late (fibrotic) changes.  

The advantage of using HU density includes its quantitative, objective and automated 

characterisation of RILD. There are similarities between RILD graded by traditional, 

physician-assessed measures and using HU density. However, the technique has important 

limitations. Firstly, by simply recording HU density, it is not possible to distinguish different 

causes for HU changes, for example tumour recurrence, infection, intravascular contrast 

injection or lobar collapse. Parenchymal changes are heterogenous in aetiology and 

morphology and to reduce them to mean HU discounts information contained in the CT scan. 

Simply measuring different average HU in an area of lung cannot distinguish between a 

small change in density at all voxels or a large increase in density across a small number of 

voxels. Furthermore, HU density can be confounded by a number of scan artefacts, such as 

the use of contrast, the presence of vessels, differing scan acquisition protocols, respiratory 

motion, etc. The advantage of our classification system over the ones above is that by 

developing a novel texture-based analysis, we are able to describe density changes with 

greater richness than simply using HU density. 

Other groups have developed sophisticated techniques for analysing the lung 

parenchyma after radiotherapy [50,51] by using radiomics. While these techniques can 

uncover relationships between texture information in the images and the development of 

radiation pneumonitis and/or the radiotherapy dose, the radiomic features they use to do 

this do not provide a direct classification of the radiological changes, as seen in the scans by 

a human observer, as the tissue classes used in this work aim to do. The long-term aim of this 

work is to better understand the radiological manifestations of RILD, their evolution over 

time, and the complex relationships they have with dose, clinical outcomes, and other factors. 

Therefore, we have developed novel tools, such as the automated parenchymal tissue 

classification system presented in our accompanying paper (223), and our method for 

registering heavily damaged lungs (179), which will enable us to achieve a better 

understanding of RILD, rather than employing radiomics or modern learning-based 

approaches that may produce strong predictive models but do not provide any insights that 

can help further our understanding of RILD. 

One of the potential weaknesses of our classification system is that the individual classes 

binned several distinct radiological entities. Class 5, for example, which represents opacity 

on a CT scan, could be the result of tumour, lung collapse or pleural effusion. Pleural 

effusions, in particular, often take up a significant proportion of the intrathoracic cavity. 

Being idiosyncratic and temporally unstable, they may have weakened the dosimetric 

correlations seen with this class. It may be helpful to introduce additional classes to represent 

for example, tumour, atelectasis and pleural effusion in order to further increase the utility 

of the classification schema. Nonetheless, we have developed a far richer classification of 

texture changes than that employed by using HU density alone.  

The study presented in this paper is limited due to relatively low patient numbers, and 

therefore, did not aim to provide definitive clinical conclusions about RILD. Rather, it is a 

proof of principal study that aimed to demonstrate the potential of our tools to provide 

valuable insights into RILD, and the relationships between parenchymal tissue damage and 

the global and local dose and respiratory function. Another limitation of this study is that 

our dataset is from a trial with an isotoxic dose design, and there may be less heterogeneity 

between patients than in a non-trial data set, which may have masked correlations between 

dose and parenchymal texture. The IDEAL trial was published in 2016, and accordingly, 

most of the patients received 3D conformal RT. In future work, we will fully automate our 

methods so that they can be applied to large datasets with many patients. We will then 

employ these to study both large retrospective cohorts of non-trial patients, including those 

treated with VMAT radiotherapy (230), as well as prospective datasets that will include 

richer clinical data, such as patients’ reported outcome measures.  

 

5. Conclusions 



 

 
 

We have demonstrated that the recent tools we have developed for studying the 

radiological manifestations of RILD can provide novel insights into the temporal evolution 

of RILD and its relationship to global and local dose and respiratory outcomes. Our 

registration method for heavily damaged lungs was able to successfully register the pre-RT 

scan to the follow-up CT scans in 45 of 46 patients. The parenchymal tissue classes we 

developed demonstrated statistical correlation to both global and local dose metrics in our 

study, and have a distinct evolution over time. The dosimetric variables most strongly 

correlated with change in tissue class volume are lung V20, V30 Gy and mean lung dose. 

Although less strong, there is a relationship between the tissue class changes and respiratory 

outcomes, particularly the MRC dyspnoea score, which directly represents a patient’s 

functional status. We have demonstrated the potential of using our tools to analyse and 

understand the evolution of the radiological manifestation of RILD in greater detail than 

previously possible, and we hope this can ultimately be used to inform the refinement of RT 

treatment in order to reduce the burden of morbidity on lung cancer patients as they begin 

to live longer with their disease. 
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Simple Summary: 

Radiation-induced lung 

damage (RILD) is a 

common side effect of 

treating lung cancer with 

radiotherapy (RT). RILD is 

visible on CT imaging, and 

its radiological appearance 

can vary dramatically from 

patient to patient as well as 

across different sub-

regions of the lung and 

treatment volumes. A 

classification system for 

RILD able to differentiate 

radiological damage on a 

local level would allow us to 

better understand the 

underlying patterns of 

RILD, see how they 

change over time post 

irradiation, and link it with 

clinical outcomes. In this 

work we propose a five-

class morphological lung 

tissue classification system 

that can describe 

parenchymal tissue 

changes at the voxel level. 

The classifier was 

implemented in a fully 

automated manner using an optimised deep-learning method, then trained and tested using data 

acquired through a multi-centre clinical trial. The proposed method performed well on an unseen 

testing dataset. The automated segmentation achieved considerable overlap with manual 

segmentations (ranging between 26% and 98% for the five classes) and was graded as 

acceptable by a clinical expert in 88% of cases. This demonstrates it to be suitable for application 

on a large dataset to help uncover different patterns of changes in the population. 

 

Abstract: Radiation-induced lung damage (RILD) is a common side effect of radiotherapy (RT). 

The ability to automatically segment, classify, and quantify different types of lung parenchymal 

change is essential to uncover underlying patterns of RILD and their evolution over time. A RILD 

dedicated tissue classification system was developed to describe lung parenchymal tissue 

changes on a voxel-wise level. The classification system was automated for segmentation of five 

lung tissue classes on computed tomography (CT) scans that described incrementally increasing 

tissue density, ranging from normal lung (Class 1) to consolidation (Class 5). For ground truth 

data generation, we employed a two-stage data annotation approach, akin to active learning. 

Manual segmentation was used to train a stage one auto-segmentation method. These results 

were manually refined and used to train the stage two auto-segmentation algorithm. The stage two 

auto-segmentation algorithm was an ensemble of six 2D Unets using different loss functions and 

numbers of input channels. The development dataset used in this study consisted of 40 cases, each 

with a pre-radiotherapy, 3-, 6-, 12-, and 24-month follow-up CT scans (n = 200 CT scans). The 

method was assessed on a hold-out test dataset of 6 cases (n = 30 CT scans). The global Dice 

score coefficients (DSC) achieved for each tissue class were: Class (1) 99% and 98%, Class (2) 

71% and 44%, Class (3) 56% and 26%, Class (4) 79% and 47%, and Class (5) 96% and 92%, for 

development and test subsets, respectively. The lowest values for the test subsets were caused by 

imaging artefacts or reflected subgroups that occurred infrequently and with smaller overall 

parenchymal volumes. We performed qualitative evaluation on the test dataset presenting 

manual and auto-segmentation to a blinded independent radiologist to rate them as ‘acceptable’, 

‘minor disagreement’ or ‘major disagreement’. The auto-segmentation ratings were 
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similar to the manual segmentation, both having approximately 90% of cases rated as 

acceptable. The proposed framework for auto-segmentation of different lung tissue classes produces 

acceptable results in the majority of cases and has the potential to facilitate future large studies of 

RILD. 

 

Keywords: radiation  induced  lung  damage; lung  segmentation; lung  tissue  classification; 

deep learning 

 

 

Introduction 

 

Lung diseases are one of the leading causes of death worldwide [1], 

with lung cancer being the most common cause of cancer death [2]. 

Radiation-induced lung damage (RILD) is a common side effect of 

treatment for lung cancer and is one of the main factors reducing quality 

of life in lung cancer survivors [3]. RILD is usually distinguished into 

(a) acute phase appearances—pneumonitis, which occurs within 6 

months following radiotherapy, and (b) permanent fibrosis, stabilising up 

to 24 months after the radiotherapy [4]. Until re- cently, poor long-term 

survival of lung-cancer patients limited interest in RILD research [5]. 

Current state-of-the-art treatment, however, results in longer survival 

[6]. Therefore it is more important to consider the quality of life of 

survivors and, in turn, the underlying mechanisms of RILD. 

RILD can be characterized using computed tomography (CT) 

imaging. CT scans are routinely acquired prior to radiotherapy treatment 

to assess the tumour and the lung, and CT imaging is repeated after 

radiotherapy to monitor for disease recurrence and assess for RILD. The 

follow-up scans can be used to study lung damage associated with 

radiotherapy by comparing the imaging to the baseline scans obtained 

before treatment. Typical post- radiotherapy radiological findings 

include parenchymal damage, lung volume shrinkage, and anatomical 

distortion, which can be used to describe and quantify RILD with image 

analysis techniques [7]. Our team has previously proposed a suite of CT 

imaging-based RILD biomarkers [8] that describe common changes in the 

anatomy and shape of the respi- ratory system. They characterize normal 

lung volume shrinkage, increase in parenchymal consolidation volumes, 

and changes in: shape of the lungs, diaphragm, central airways, 

mediastinum, and pleura. Their applicability has been successfully 

presented on a cohort of homogeneously treated patients on serial CT 



 

 
 

imaging of up to 24 months post-RT [9]. Most of the RILD biomarkers 

were focused on describing and measuring changes to the shape and 

anatomy of the lungs rather than morphology of lung parenchyma. The 

original biomarker used to characterise parenchymal change quantified 

‘consolidation volume’ as the ratio of high-intensity volume normalised 

to the contralateral lung. Such a binary classification of parenchymal 

tissue, based on thresholding, included vessels as part of the volume of 

damaged lung and over-simplified the complex gradation of changes 

visually observed in the scans. Furthermore, thresholding is susceptible to 

acquisition artefacts and intensity variability caused by different imaging 

protocols (inspiration, expiration, contrast enhancement, 4D CT, etc). An 

additional challenge might be related to the fact that a system- atic increase 

in volume of the contralateral lung post-RT has been observed [9]. 

Therefore, that approach might not be well suited for distinguishing 

morphological sub-types or accounting for changes in the contralateral 

lung. 

The ability to identify and quantify localised RILD changes within the 

lung parenchyma can provide an additional dimension to the study of 

RILD. Ultimately, this will allow us to track local disease involvement 

and longitudinal evolution of damage and relate it to radiotherapy 

dose and clinical outcomes [10]. Analysis of the temporal evolution of 

RILD parenchymal changes can provide new insights into radiotherapy 

dose and time relations. Early and accurate diagnosis of different types 

of lung parenchymal changes has already been shown to be crucial in 

ensuring that patients with interstitial lung dis- ease (ILD) are treated 

optimally [11]. That, however, required detailed consideration of 

clinical, radiological, and histopathological features, including different 

types on lung tissue patterns. 

The existing global lung tissue damage scoring systems, such as the 

Radiation Ther- apy Oncology Group (RTOG) or European 

Organization for Research and Treatment of Cancer (EORTC), describe 

radiologic parenchyma changes in the lungs as slight, patchy, or dense 

[12]. They can be subjective, with users regularly interpreting patchy 

areas as ground-glass opacities and dense areas as consolidation. In the 

Common Terminology Criteria for Adverse Events (CTCAE), the degree 

of “radiologic pulmonary fibrosis” can range from <25% to <75% for 

grades 1 to 3, and in grade 4 includes the presence of severe 

“honeycombing” [13]. The differences in RTOG/EORTC and CTCAE 

guidelines lead to significant variations in grading depending on the 

system used. For instance, in the multi- centre, non-randomized, phase 1/2 

chemo-radiation trial of stage II/III non-small cell lung cancer, the IDEAL-

CRT [14], 12 months follow-up scans were mostly scored as 2 or 3 using 



 

 
 

RTOG classification, at the same time being given grade 1 using CTCEA 

classification [8]. This is because across the majority of scans RILD 

changes were present (thereby scoring 2 and 3 in RTOG), but were 

restricted in terms of volume (resulting in grade 1 CTCEA scores). 

Another limitation of these approaches is their global nature, where a 

single score is given to the whole scan [8,15]. These scoring criteria are 

therefore inadequate for detailed descriptions of the complex 

heterogeneous nature of the RILD parenchymal changes and cannot 

describe the changes in a localised, voxel-wise manner. 

The local parenchymal changes, especially their spatial distribution 

and temporal evolution due to RILD, have not been widely studied. 

There are studies looking directly into mean Hounsfield unit (HU) 

changes as a measure of lung density changes associated with RILD 

[16,17]. Bernchou et al. investigated regional CT density changes 

following intensity modulated radiotherapy (IMRT) for non-small-cell 

lung cancer (NSCLC) with relation to the prescribed local doses [18]. 

The analysis relies purely on HU as the lung density description, which 

might be susceptible to the level of inhalation, contralateral lung 

hyperinflation, imaging artefacts, or acquisition protocols, and does not 

incorporate texture features of the lung parenchyma. There have been 

attempts to classify and quantify RILD using multiple radiomics-based 

approaches [19], where 20 features were identified in randomly chosen 

patches to assess the correlation between change in the features before 

and after radiotherapy with relation to the prescribed dose. In that 

study, most features were strongly related to the mean HU of the patch 

and only higher order features repre- sented patterns. Another study 

looked at differences in inter- and intra-observer variability in delineation 

of fibrotic lung regions [20]. However, there was no comprehensive 

classi- fication method introduced dedicated to studying the general 

morphology of RILD. In a recent study, Al Feghali et al. looked at lung 

density changes relying directly on differences in HUs of CT scans after 

performing rigid registration between different time point im- ages [21]. 

Such an approach is prone to errors originating from different levels of 

inhalation that rigid registration cannot compensate for, requires CT 

scans acquired with the same acquisition protocol (without contrast, and 

the same CT reconstruction kernels), and limits the interpretability of 

observed lung tissue patterns. In [22] the authors highlight that RILD could 

be divided into even finer temporal stages: early, latent, exudative, 

intermediate, and fibrotic phases. However, the lack of a tissue 

classification system suitable for describing the local changes present at 

different stages, along with the need for manual annotations for such a 

process, limits the ability to explore their radiological appearances and 

their evolution over time on a larger dataset. Therefore, the existing 



 

 
 

approaches either lack ability to describe local radiological changes or 

are limited in their power to describe the range of morphological 

patterns encountered in RILD. 

There is currently no established classification system of local 

parenchymal changes due to RILD and no available annotated RILD 

dataset, which could be used for training an automatic segmentation 

method. That is most likely for two reasons: first, the definition of lung 

tissue patterns to be annotated is a challenge itself, and second, 

performing manual annotations is a laborious task. In the context of other 

lung diseases, commercial software tools, like CALIPER [23], are 

available for automatic lung tissue classification. However, 



 

 
 

 

 

CALIPER was designed for automatic segmentation of different 

radiological lung patterns most commonly observed with interstitial lung 

disease (ILD) and is not suitable for RILD application. CALIPER requires 

high spatial resolution scans acquired at breath-hold and works optimally 

on data acquired with specific reconstruction filters, and it is not intended 

for contrast enhanced scans, which are commonly used in lung cancer 

surveillance scans. Existing voxel-wise annotated datasets, which include 

an ILD dataset [24], are not designed to allow the analysis of RILD, as 

several patterns included in these datasets are rarely if ever seen in RILD. 

The other limiting factor of the ILD dataset is its sparse annotation, where 

only sections of an individual slice, and a limited number of slices from a 

volumetric scan, were labelled. These labelled areas usually represent 

regions where the annotator had high confidence in the labels. Such an 

approach provides good examples for certain tissue classes, but makes 

global evaluation challenging, particularly for the less represented classes. 

The existing methods of describing RILD parenchymal changes are 

either global in nature and lacked spatial specificity [12,13,15] or do not 

characterise the different morpho- logical patterns present in the scans in 

detail [16,17,20], therefore, are not well suited for investigating 

longitudinal characteristics of RILD parenchymal change. The main goal 

of this work was to develop, implement, and validate a novel image 

analysis method for lung tissue classification in the context of RILD. 

Therefore, our contributions in this work are: 

• The use of a novel ‘two-stage’ data labelling approach that allows us to co-
develop: 
– A novel image-based grading system for RILD that is able to describe at the 

voxel level the morphological patterns of RILD; 
– An automated method based on standard deep-learning approaches to 

perform the classifications; 
• Quantitative and qualitative validation of the automated classification system. 

To the best of our knowledge, it is the first attempt to produce an 

automated, detailed, and voxel-wise description of RILD. 

 

Materials and Methods 

 

1.1. Patient and Imaging Characteristics 

Our dataset consisted of 46 patients for which imaging data were 

available at five time points: before radiotherapy treatment, and at four 

follow-up time points: 3, 6, 12, and 24 months post-RT. The pre-

radiotherapy baseline scan was for most cases a diagnostic CT; a non-
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diagnostic image, which may be planning (3-dimensional free-breathing or 

average 4DCT) or PET/CT (breath-hold), was used when a diagnostic scan 

was not available. These patients were a subgroup of the IDEAL-CRT [14], 

a nonrandomized phase 1/2 multicentre trial, for which imaging data were 

available at all five time points. This trial enrolled patients with stage II/III 

non-small cell lung cancer to receive isotoxic tumor RT doses between 63 

and 73 Gy in 30 fractions over 6 weeks (daily) or 63 to 71 Gy in 30 fractions 

over 5 weeks (2 fractions delivered in a single day once a week) concurrent 

with two cycles of cisplatin and vinorelbine. Tumor prescription dose was 

defined to achieve a mean lung dose of 18.2 Gy (in equivalent dose of 2-

Gy fractions). Acquisition parameters and image resolution varied both 

intra- and inter-patient, with most of the scans being diagnostic and 

acquired at breath-hold. The axial resolution of the scans ranged from 0.57 

0.57 mm2 to 

1.40 1.40 mm2, and slice thickness was in a range of 0.7 mm to 5 mm, 

amongst all scans across different time points. 

1.2. RILD Tissue Classification System 

As there is uncertainty in the clinical interpretation of the RILD related 

parenchymal changes seen in CT scans, we decided to propose a set of 

tissue classes based purely on the morphological appearance of the tissue. 

The proposed lung parenchyma labels include: 

Class 1: represents normal, healthy, or emphysematous lung without 

any high-density abnormality and represents most of the lung 

parenchymal tissue prior to radiation, as well as areas not affected 

during the radiotherapy. 



 

 
 

 

 

Class 2: represents areas mostly characterized by changes similar to 

ground-glass opacity, which is: “hazy increased opacity of lung, 

with preservation of bronchial and vascular margins. Ground-

glass opacity is less opaque than consolidation, in which 

bronchovascular margins are obscured” [25]. 

Class 3: represents areas with mixed ground-glass opacity and overlaid 
reticulation. 

Class 4: represents mostly solid lung tissue, either aerated opaque tissue or 

tissue with a density just below dense opacity. 

Class 5: represents homogeneous, dense lung tissue and could represent a 

number of pathological entities including tumour, pleural 

effusion, or collapse [26]. 

Figure 1 shows example images representing the classes described 

above with corre- sponding labels in colors, and their distribution in our 

dataset is shown in Table 1. 

 

 

 

 

Figure 1. Examples of scans representing all classes and corresponding label maps. 

Table 1. The distribution of the label classes in the development dataset when all slices were used 

for training and when only slices where at least 1% of pathology (Classes 2 to 5) was present. 



 

 
 

 

  Volume [%]  

All Slices  Only 1% of Pathology 

Class 1 93.72%  85.39% 
Class 2 3.49%  7.7% 
Class 3 0.32%  0.77% 
Class 4 0.47%  1.16% 
Class 5 2.01%  4.59% 

 

The data were manually annotated by an expert (EC, radiation 

oncologist) in a voxel- wise manner using ITK-SNAP [27]. The initial five 

cases (across all time points: 25 CT volumes) were reviewed by JJ 

(thoracic radiologist with 10+ years of experience), who served as an 

external radiologist. The remaining 35 cases were manually annotated 

accord- ing to the same criteria by EC to create the stage one ground 

truth labels. 



 

 
 

 

 

1.3. Automated Segmentation Method 

As a backbone segmentation method we have applied the well known 

2D UNet, which was explicitly designed for medical image segmentation 

tasks [28]. Only lung regions were presented to the networks; anatomy 

beyond the lungs was masked. We used manual annotations of the lung 

tissue to extract lung masks. The input images had a large variety of 

resolutions and represented slices of varying thickness. The network was 

presented with images cropped to the lungs and fitted to the size of a 

fixed input as far as was possible. We kept the original resolution 

wherever possible, adjusting the cropping range, as that the network 

was robust to different resolution and scan quality. To avoid 

downsampling and changing the ratio of the images, we applied a 

rectangular input images of (288, 384), which resulted in downsampling 

of only 10% of images. We decided to downsample some of the images 

rather than use a patch-based approach to allow for inclusion of lung 

shape knowledge, which might have been lost with patches. The chosen 

size of input images was made to best fit the lungs from an axial view, 

which creates a rectangular bounding box, and to allow for multiple 

reduction stages by the networks at the encoding stage. We applied four 

reduction stages in the UNet architecture with instance normalisation [29]. 

Our networks were configured as multiclass segmentation, so the final 

layer was softmax. We did not apply any form of postprocessing of the 

output segmentations apart from excluding regions outside the lung using 

the existing lung masks. Detailed description of the applied network, 

configurations and parameters can be found in the Supplementary 

Materials. 

Our dataset (46 cases) was split into 40 cases used for development 

(200 CTs) and 6 cases (30 CTs) which were withheld as a testing dataset. 

The development dataset was further divided into training (28 cases, 140 

CTs) and validation sets (12 cases, 60 CTs). To prevent information 

leakage, the data were split on a patient basis, i.e., scans from all time 

points from a single patient went to the same training, validation, or 

testing subset. The testing dataset was not used during the development 

stage and no changes to the method were applied after the evaluation on 

that dataset. The testing dataset was entirely manually annotated and was 

not included in the two stage annotation approach described above. The 

test cases were the last to be annotated, only after the labels on training 

dataset were finalised. 

The distribution of the abnormalities in the lungs was uneven (Table 1). 

Parenchymal change characteristic of RILD is a local effect, and therefore 



 

 
 

expected to be more pronounced in the regions of the lungs receiving 

higher radiation doses. This results in a severe label imbalance problem 

for the segmentation task, where on average approximately 93.7% of 

total lung volume was assigned with Class 1, and only approximately 

6% of total volume was distributed among the other four classes. To 

mitigate for such a strong class imbalance, only slices where at least 1% of 

lung tissue was labelled with Classes 2 to 5 were used. This improved 

the distribution balance, with approximately 85% of the remaining lung 

volume being labelled with Class 1, and now approximately 15% was 

distributed among other classes. Using all slices, our dataset consisted of 

31,264 2D slices, whereas the dataset containing of at least 1% consisted 

of 11,237 2D slices. 

1.4. Two-Stage Ground Truth Data Generation 

We applied a two stage ground truth data generation approach, akin 

to active learning methods [30,31], which is shown schematically in 

Figure 2. First, the initial ’draft’ manual labels were drawn. We assumed 

that the labels were not final and would require additional revision or 

refinement. The ’draft’ labels were then used to train CNN models to 

perform automated annotations.  At the second stage of data annotation, 

for each of the scans, two segmentations (manual and automatic) were 

presented to the annotator. The labels generated by the CNNs were 

manually reviewed and carefully compared with manual labels looking 

at any discrepancies between them, deciding whether the CNN label or 

manual label was correct. This required also checking adjacent slices (to 

detect artefacts that the CNNs may have mislabelled). After that, the 

labelling (manual or automatic) that was considered to require less 

correction was chosen to be refined to create the stage two ground 



 

 

 

 

truth label. That process was performed for each 

CT scan. The reason for using such an approach was related to the continuous 

spectrum of patterns, which implies that there is a large degree of uncertainty 

when assigning a specific class to some regions. Using the two stage approach 

we were able to address this subjective and somewhat ill defined problem, as 

the classes were refined at the same time as performing the labelling. Our 

chosen joint- machine-and-human learning approach should lead to more 

consistent labels that better represent the variability in the data than is 

achievable with a single stage approach. 

 

Figure 2. Workflow of the proposed two stage ground truth data 

generation approach. 

1.4.1. Stage One 

We used an ensemble of three networks in the 

form of 2D UNets with different loss functions (weighted cross entropy 

(WCE) or Lovasz loss [32]) and number of filters used (32 or 64). We 

hypothesized that an ensemble of the networks will give better results than 

any of the individual configurations, but to confirm this we assessed the 

individual networks as well as the ensemble. The WCE was adjusted for the 



 

 

frequency of the classes’ appearance, setting its weight depending on the 

classes presence as a form of mitigation for the class imbalance. The networks 

with WCE loss was used with 32 filters, whereas Lovasz loss was used with 32 

and 64, resulting in three different configurations in total. The results of the 

individual networks were combined into an ensemble by summing the logit 

scores of all of the networks in a channel-wise manner and only then 

applying argmax operation. Such an approach allowed us to take into 

account the confidence of each of the networks compared to naive averaging 

of the final labels. 

1.4.2. Stage Two 

The revised dataset after stage two ground truth 

data generation was used for training the new ensemble of CNNs that were 

applied for the classification of subsequent datasets. Our observation from the 

initial experiments was that the ensemble of the networks performed better than 

any individual network, therefore we decided to include more networks in our 

ensemble. For stage two auto-segmentation we used three different loss 

functions: Dice, Lovasz, and weighted cross entropy. Each of them was 

employed with 32 and 64 channels at the initial layer. The decision of 

inclusion of Dice loss was made based on observed variability in the results 

between Lovasz and CE. There was some level of disagreement between the 

two and we expected that by enlarging the ensemble of networks we would 

improve the consistency of the results. We kept the same approach in combining 

the stage two results in the ensemble by summing the logit scores of all of the 

networks in a channel-wise manner and only then applying argmax 

operation. 

1.5. Evaluation 

The quantitative evaluation was performed based 

on a Dice score coefficient. The Dice score coefficient was calculated for the 

whole dataset for each of the labels, rather than for each individual 

scan/patient and then averaged. In such a way we had just one score for each 

of the labels rather than a mean value and standard deviation. The advantage 

of such an approach is that it takes into account the fact that in some scans 

the less represented labels might consist of a very small number of voxels. If 

in such cases those few voxels are misclassified, it could potentially lead to 

distorted results. We will refer to the chosen approach of presenting the Dice 

score coefficient as global Dice. 

 

1.5.1. Stage One/Stage Two Development Dataset 
Evaluation 

The proposed method was first evaluated 

quantitatively (based on global Dice) on the development dataset using the 



 

 

stage one network configuration and splitting the data into training and 

validation (equivalent to using a single fold). 

After revising the labels and creating the stage two dataset, we trained new 

networks using the stage two configurations. We evaluated the performance 

of the stage two net- works using the same training and validation split as 

in the stage one and using global Dice as a metric. 

1.5.2. 5-Fold Cross Validation on Development Dataset 

Next we performed the quantitative evaluation on the development 

dataset in a 5-fold cross validation fashion. We used different folds from 

those used in the stage one experiments. Five experiments were performed 

with each fold being used as a validation subset and the remaining used for 

training. 

Following that, we retrained the stage two 

networks on the whole development dataset and performed quantitative and 

qualitative evaluation on the withheld testing dataset. 

1.5.3. Evaluation of the Method on the Test Dataset 

Following the quantitative evaluation of the 

method on the development dataset, we conducted experiments on the hold-

out testing dataset of 6 cases (30 CT scans) using global Dice as a metric. 

The qualitative evaluation of our method was 

conducted by presenting the results of manual and automatic segmentation 

to an independent expert radiologist (JJ). Although JJ was involved in the 

initial development of the annotations and revised a number of early cases 

from the development dataset, he had not previously seen the testing cases. 

The manual and automatic segmentations were presented in a blinded way, 

randomly renaming them as Seg_A and Seg_B. For each of the cases, JJ 

evaluated both segmentation results, providing a set of scores between 1 and 

3: 1—Acceptable, 2—Minor disagreement, 3—Major disagreement for each of 

the classes for each of the scans. 

 

Results 

 

1.6. Stage One/Stage Two Development Dataset Evaluation 

We present here the numerical results of global 

Dice (in %) from the development dataset for the networks used for the two 

stage ground truth labels generation (weighted cross entropy loss—WCE, 

Lovasz loss—LV, 32 filters at first layer—32, 64 filters at first layer—64), on the 

draft labels and after the refinement. 



 

 

In (a) in Table 2, we present the results of the 

networks’ performance when the draft labels (i.e., before the label refinement 

approach was applied) were used at stage one. We observed a lower 

performance on the validation dataset than on the training. The ensemble of the 

three networks performed better on the validation dataset than any 

individual network, when means of all classes were considered. 

  



 

 

 

 

Table 2. (a) Global Dice (in %) of the networks evaluated on validation subset of the 

stage one manual draft segmentations. (b) Global Dice (in %) of the stage two 

networks evaluated on training and validation datasets. In bold the best results are 

shown for a class in an individual subset of data. (weighted cross entropy loss—

WCE, Lovasz loss—LV, 32 filters at first layer—32, 64 filters at first layer—64). 

 

(a) Stage One—Global Dice [%] 
 

     Training Subset                                          Validation Subset 

Tissue Class WCE 32 LV 32 LV 64 Ensemble WCE 32 LV 32 LV 64 Ensemble 

Class 1 99.15 99.06 97.5 98.97 98.32 98.45 97.14 98.32 
Class 2 71.43 70.23 42.85 68.78 51.46 48.20 32.8 48.05 
Class 3 46.09 52.43 16.33 53.37 3.15 14.78 9.22 13.1 
Class 4 70.47 76.53 68.45 76.99 41.85 44.88 43.83 46.58 
Class 5 89.78 91.62 90.23 91.7 93.16 93.34 93.00 93.69 

AVG 75.38 77.97 63.07 77.96 57.59 59.93 55.2 59.95 

(b) Stage Two—Global Dice [%] 

Training Subset                       Validation Subset 

Tissue Class WCE 32 LV 32 LV 64 Ensemble WCE 32 LV 32 LV 64 Ensemble 

Class 1 96.28 98.71 98.84 98.81 96.65 98.98 98.94 98.91 
Class 2 45.01 66.03 69.41 67.28 46.9 69.54 72.19 69.89 
Class 3 35.13 37.46 31.8 39.99 27.12 32.15 26.67 32.91 
Class 4 71.66 80.98 79.57 80.00 60.22 74.06 72.37 74.31 
Class 5 89.22 93.71 93.36 93.57 92.86 96.21 96.22 96.35 

AVG 67.46 75.38 74.6 75.93 64.75 74.19 73.28 74.47 

 

In Table 3, we show a percentage of manual and 

automatic segmentations after stage one of labelling from the training and 

validation datasets chosen to be refined in the second stage of ground truth 

data generation. These represent the segmentations that were considered as 

closer to the real ground truth, therefore requiring fewer corrections to be made. 

We show how it differed between the training dataset (seen by the network) 

and the validation dataset (not seen by the network). A slightly higher number 

of manual scans were chosen in the validation (18.33%) than in training dataset 

(12.86%). 

 

  



 

 

Table 3. Comparison in percentage of segmentation (manual or 

automatic) scans chosen to be refined in the second stage of ground 

truth data generation. The segmentations chosen to be refined were 

closer to the target ground truth, therefore requiring fewer 

corrections to be made. 

 

 Training Dataset Validation Dataset 

Manual 12.86% 18.33% 
Automatic 87.14% 81.67% 

 

Table 2 part (b) summarises the results of the 

experiment where the stage two networks were retrained on the refined 

dataset after the proposed two stage ground truth data generation 

procedure. The global Dice scores in the training subset were comparable 

with those from (a) in Table 2; only Class 3 showed noticeably lower 

performance, 53.37% during the initial experiment compared with 39.99% 

after the refinement. However, the scores in the validation subset improved 

for all labels, with the largest improvement for the Class 3, from 13.1% to 

32.91%. That was just slightly lower than in the training set, 39.99%, 

compared to 32.91% for the validation dataset. In the initial split, the 

performance of the method in the validation subset was almost four times 

lower (13.1% compared to 53.37%), indicating that agreement between the 

human and the network has improved after the labels had been revised. 

Although there was still considerable disagreement for Class 3, when images 

and labels were inspected, we concluded that this was mostly due to 

ambiguities between classes 2, 3, and 4, and most of the misclassifications 

were by only one class. 

1.7. 5-Fold Cross Validation on Development Dataset 

After the initial stage one/stage two evaluation, 

the stage two networks were retrained on the dataset split into different folds. 

In Table 4, we summarize the results for the 5-fold cross validation, presenting 

the global Dice scores calculated for each of the classes for each individual 

networks as well as for their ensembles. The ensemble of all networks gave the 

best overall results. Even when individual networks or other ensembles gave 

marginally better results for one class, the scores for some of the remaining 

classes were lower than the ensemble of all networks. That observations 

supports our decision to enhance the range of networks used in the ensemble. 

Table 4. Global Dice (in %): performance of the individual networks and 

ensembles of networks on development dataset from 5-fold cross 

validation. Only results from validation folds are reported. The results 

in the green fields show scores for the network ensembles over loss 

functions for a particular filter number (three networks), whereas in 

the red fields are results for networks with different number of filters 

combined for a particular loss function (two networks). The violet 



 

 

fields show the final ensemble where all six networks were combined. 

The best overall global Dice scores for each class across all 

configurations (single networks or ensembles) are shown in bold. 

 

Global Dice [%] 
 

Nr of Filters Tissue Class WCE DC

 LV Ensemble 

 Class 1 94.54 98.63 97.39 98.62 

 Class 2 32.88 63.69 50.72 65.42 

32 Class 3 21.3 40.3 20.04 39.87 

 Class 4 62.88 70.89 65.46 72.11 

 Class 5 88.53 93.83 93.05 94.12 

 Class 1 95.2 98.74 98.39 98.64 

 Class 2 35.26 64.87 62.18 64.27 

64 Class 3 24.63 38.19 21.82 37.55 

 Class 4 61.92 71.31 73.08 70.39 

 Class 5 88.26 93.77 94.11 93.8 

 Class 1 95.43 98.74 98.51 98.7 

 Class 2 36.91 65.75 64.19 66.45 

Ensemble Class 3 27.13 40.71 23.99 40.89 

 Class 4 65.22 72.25 73.88 73.27 

 Class 5 89.6 94.22 94.46 94.31 

 

A box plot presenting the results for the 5-fold 

cross validation is shown in Figure 3. It can be observed that results for the 

validation subsets were performing slightly worse than for the training, with 

the lowest scores observed for the Class 3, which was also the least represented 

class. In Table 5, we show numerical details of the 5-fold cross validation, with 

the mean values for each of the classes, their standard deviations, and 

confidence intervals. 



 

 

 

Figure 3. Box plot of global Dice (in %) scores for 5-fold cross validation 

on the development dataset for five tissue classes. The global Dice 

distribution is shown with respect to the folds. 

Table 5. We present details of the 5-fold cross validation experiment, 

with the mean, std, and lower and higher confidence intervals (ci95lo , 

ci95hi ) corresponding to Figure 3. 

 

Global Dice [%] 

Class Data Type Mean std ci95hi ci95lo 

Class 1 
Training 99.06 0.13 99.12 99.00 

Validation 98.86 0.18 99.02 98.70 

Class 2 
Training 73.56 3.38 75.04 72.08 

Validation 68.02 2.14 69.89 66.14 

Class 3 
Training 54.59 7.55 57.89 51.28 

Validation 38.86 6.37 44.44 33.28 

Class 4 
Training 80.75 4.48 82.71 78.79 

Validation 72.03 5.92 77.22 66.84 

Class 5 
Training 94.31 3.23 95.73 92.90 

Validation 92.59 4.48 96.51 88.66 

 

In Figure 4, we present visual comparison of 

the segmentations for two cases (two slices for each) across all folds, and in 

the final row when all development data were used for training. There was 

little visual difference between the folds or when all folds (whole 

development dataset) were used for training. For both presented cases (and 

also overall across the whole dataset) the results from the different folds as 

well as using all folds are very similar between them and with the ground truth. 

That indicates that the network can robustly model the tissue classifications for 

this patient. Subtle differences can be observed between adjacent classes, e.g., 

3 and 4, or 4 and 5. For areas where they do not agree, discrepancies are 



 

 

usually only by 1 class, and often the predicted labels could be considered 

reasonable based on the CT images. No clearly wrong annotations can be 

identified. 

1.8. Evaluation of the Method on the Test Dataset 

In Figure 5, we show visual results for each of 

the six test patients as a comparison between the automatic and manual 

annotations at the time points where the most abnormalities were observed. 

The visual results from Figure 5 followed a similar pattern to those from Figure 

4, with overall good agreement between predicted and ground truth labels. 



 

 

 

Figure 4. Example of comparison between the folds for two cases (A 

and B). Overall reasonably good agreement between predicted and 

ground truth labels can be observed. For areas where they do not 

agree, discrepancies are usually only by 1 class, and often the 

predicted labels could be considered reasonable based on the CT 

images. 

 



 

 

 

 

Figure 5. Visual comparison of the segmentation results on the testing 

set. For each of the cases the time point where the most of the lung 

parenchymal abnormality was present was chosen. 

The discrepancies are again observed mostly between adjacent classes 

(for instance Class 2 and Class 3). The automatic method seems to label more 

lung regions as Class 2 than the manual annotator. That observation was 

later confirmed by a confusion matrix (Figure 6), showing that Class 1 in both 

datasets was mislabelled in 2% of cases as Class 2. It also can be noted that 

the automatic methods found it challenging to identify Class 3, mostly 

confusing it with Class 2. Clearly wrong annotations were mostly observed 

in the regions with imaging or motion artefacts. 

1.8.1. Quantitative Evaluation 

For quantitative evaluation we calculated global 

Dice scores for the whole testing dataset when the whole development dataset 

was used for training. Table 6 summarises the scores observed for the training 

dataset and testing dataset (six cases). We observed similar results for the 

training subset to those reported in Section 3.2. However, the results for the 

testing dataset were lower than those for the validation from Section 3.2. To 

investigate where the errors originated from, we calculated confusion matrices 

from both sets, shown in Figure 6. It can be seen that the errors mostly 

happened among the adjacent classes, which confirmed our observations from 



 

 

visual inspection of the results conducted earlier. Class 3 was particularly 

challenging in annotation, where most of the voxels had been incorrectly 

classified as Class 2, and 23% were classified as Class 1, which is more than 

were correctly classified (19%). 

 

Table 6. Global Dice (in %) for ensemble of six networks on final data. 

 

 Global Dice [%]  

Tissue Class Training  Testing 

Class 1 98.88  98.46 
Class 2 71.38  43.71 
Class 3 55.79  26.09 
Class 4 79.49  47.21 
Class 5 95.70  92.44 

 

  



 

 

                 Training dataset               Testing dataset 

 

Figure 6. Comparison of confusion matrices calculated for training and 

testing datasets. 

 

1.8.2. Qualitative Evaluation 

The results of the qualitative scores given by the independent observer 

for manual and automatic segmentations are summarised in Table 7. Both 

approaches showed similar levels of acceptable segmentations across all 

classes, with the manual scoring on average 92.7% compared to 88% for the 

automatic one, across all classes. Surprisingly, the lowest scores for both 

methods were given to Class 1, and the highest scores to Classes 3 and 4, 

which was the opposite to what has been observed in the quantitative 

evaluation. The main difference between the two annotation methods is that 

automatic segmentations were identified in approximately 7.3% as 

requiring major changes, whereas for manual annotations it was reported 

in only 1.3% of results. The poorer performance of the automatic method 

was mostly influenced by Classes 1 and 2, where in 13.3% of cases score 3 

was given. After reviewing the visual results and based on the notes from 

the independent observer, we found that most disagreements for these 

classes were related to mislabelling resulting from imaging artefacts, e.g., 

blurring of the diaphragm due to breathing motion being labelled as Class 

2. The manual and automated annotations had a similar number of minor 

disagreements, with 6% and 4.7%, respectively. For the manual 

annotations, more of the minor disagreements were seen in Classes 1 and 2, 

whereas for the automatic annotations, the minor disagreements were more 

evenly spread over all classes. 

 

 



 

 

Table 7. A class by class qualitative evaluation of the manual and 

automatic segmentations by an independent observer on a case 

basis. 

 

 Manual   Automated  

Tissue Class 1 2 3 1 2 3  

Class 1 83.3% 16.6% 0% 80% 6.7% 13.3% 1—Acceptable 
Class 2 90% 10% 0% 83.3% 3.3% 13.3% 2—Minor Disagreement 
Class 3 100% 0% 0% 96.7% 3.3% 0% 3—Major Disagreement 
Class 4 96.7% 3.3% 0% 93.3% 6.7% 0%  

Class 5 93.3% 0% 6.7% 86.7% 3.3% 10%  

AVG All Classes 92.7% 6% 1.3% 88% 4.7% 7.3%  

 

Discussion 

In this work we introduced a novel RILD-

dedicated morphological lung tissue clas- sification system. We used a two-

stage ground truth label generation method, similar to the active learning 

approach. We developed a deep-learning framework, involving an 

ensemble of different 2D methods, to automatically generate the proposed 

labels. The work presented in this study addresses two challenges, first to 

introduce a labelling system suitable for capturing changes on longitudinal 

CT imaging that may be applicable to local RILD parenchymal change, and 

second to develop an automatic tool for their segmentation from unseen new 

data. It has been shown before that the global RILD characteristics change 

longitudinally [9], however, local evolution of lung parenchymal changes 

remains rarely investigated. 

During the development of the lung tissue 

labels, the main aim was to best capture RILD lung tissue parenchymal 

patterns in terms of lung tissue density and texture. The labels were devised 

with close discussion with an experienced thoracic radiologist. The main 

reason for creating morphological classes, rather than pathophysiological 

classes (for instance following classes used to describe ILD patterns, as in 

[23,24]), is that the pathophys- iology of RILD parenchymal changes is not yet 

well understood, so defining classes based on morphology rather than 

pathophysiology allows for unbiased investigation of the radio- logically 

observed changes in the parenchymal tissue. As RILD is very complicated 

and influenced by many factors including treatment, genetics, and 

underlying conditions [22], the existing pre-assumptions originating from 

other lung pathologies could result in false interpretations. Solely 

morphological patterns could allow for novel insights in the analysis of their 

spatial and temporal evolution, without the context (e.g. patient history, 

treatment, or information from previous scans) that could potentially bias 

segmentation decisions. Our aim was first to establish a method of 



 

 

measuring the changes that can be observed in the scans. The images were 

annotated independently at every time point, which limited the bias of pre-

assumptions imposed from the previous time points. 

After thorough review of our data, we opted for 

five classes, as this allowed the annotators to robustly and confidently assign 

distinct labels to the classes, at the same time allowed for their meaningful 

gradation. In the process of developing the proposed classification system, 

some other classes were initially considered but eventually combined with one 

of the proposed classes if they were rarely present or were not well suited to 

describe RILD changes. For instance, pleural abnormalities were initially 

considered as a separate class, but this was subsumed under the Class 5 

(describing opaque patterns) in order to maintain a purely morphological 

taxonomy. Pleural thickening is often continuous with lung parenchyma and 

a definitive boundary can often not be reliably distinguished on CT. Another 

class that was initially trialled aimed to describe ‘fibrosis’ and included 

honeycombing and reticulation (both representing irreversible lung damage 

in fibrotic lung disease). However, it was difficult to distinguish this pattern 

from traction bronchiectasis occurring on a background of emphysema based 

on its radiological appearance without context [33], so it was included in 

Class 3. Additionally, it was a very rare label (present only in a handful of 

scans with a very small volume), and we assumed that it would be 

challenging to reliably train and evaluate an algorithm to segment such a 

minor class. In most of the cases the patients from our dataset presented 

with pre-existing damage in the lungs, which is unsurprising in a lung 

cancer population where smoking-induced lung damage is frequent. The 

proposed labelling system is not only capable of describing the RILD 

changes, but could potentially also be suitable for measuring other non-

radiation induced pathologies, such as pneumonitis in patients receiving 

immunotherapy rather than radiotherapy. It is still possible to further 

subdivide the proposed classes, for instance to allow emphysematous lung 

or lung with air-trapping to be distinguished from normal lung in Class 1. 

We intend to do that in future work by relabelling emphysematous regions by 

a network trained on another dataset, for instance, ILD data. 

Our method goes far beyond the other approaches 

investigated so far for RILD parenchymal changes, where only HU changes 

were considered [16,17]. The proposed method explores a wider range of tissue 

classes than just fibrosis [20], allowing for a more detailed description of RILD 

paranchymal changes. Recently, much attention has been focused on COVID-

19 lung related pathologies, when the majority of the approaches used binary 

abnormality classification [34], with only a few studies extending analysis to 

more classes [35]. 



 

 

The manual labelling process was inherently 

challenging due to the continuous nature of lung tissue changes, the subjective 

nature of assigning the labels, and the laborious nature of manual 

annotation in a voxel-wise manner of each individual scan. CNNs, with 

their ability to uncover differences in the images, as well as being trained on 

all of the images at once, had the potential to label the data in a more self-

consistent manner. Ultimately, we wanted to develop an automatic CNN-

based method to annotate the labels; therefore, we trained CNNs on the stage 

one manual labels with the aim of using the CNN labels and stage one 

manual labels to generate a revised set of ’ground-truth’ labels on the 

development dataset. During the revision step of the stage one manual and 

CNN generated labels for the same scans, it was often found that the CNN 

results were more consistent across the dataset. That was most likely due to 

the fact that the CNNs were effectively labelling them all at once. Indeed, the 

reason for using the two-stage approach was primarily because we 

hypothesized that it would result in more consistent and objective labels than 

doing a single stage of manual labelling. 

In the ideal fully supervised approach, the 

labelling process would be conducted by a group of experts, providing an 

independent set of labels or by reaching consensus on the labels, which 

would serve as the ultimate ground truth. In the real world, this is very 

challenging due to human resource requirements. Based on our experience 

dealing with such a challenging segmentation task, we would still 

recommend a two-stage approach to help refine the classes, even if labels 

from multiple observers were available. The method can be perceived as joint 

work between a human and a machine, one supervising another, and to a 

certain extent serving the purpose of two annotators. The proposed two-

stage data generation method can be applied to other tasks, where manual 

ground truth data are required but need to be generated, especially when 

the labels are initially not clear and subjective. The primary application of 

such approach would be to labels that are morphological, as CNNs are very 

well suited for finding underlying similarity in patterns and appearance, 

where context may act as a confounding factor. 

When the final network was evaluated on the 

hold out test dataset, the global Dice values were noticeably reduced when 

compared to the values for the validation data. The main reason for this is 

likely that the two-stage data labelling approach was used to produce the 

ground truth labels for the development dataset, but not for the test dataset. 

We did not want to apply the two-stage approach to the test data, as that 

could have potentially biased the development of the method and hence the 

results. However, this means that the test labels are likely less consistent and 



 

 

contain higher uncertainty than the labels for the development dataset. 

When the results of our automated segmentation method were compared 

visually with the ground truth, such as in Figure 5, they showed a good level 

of visual agreement, even with very complicated underlying pathology. 

The qualitative evaluation supports the 

conclusion that our method is performing well, with almost as many cases 

being considered acceptable (88%) as for the manual segmentations (92.7%). 

We found that although the quantitative results for different classes varied on 

the testing dataset, ranging from 26% to 98% in terms of global Dice, they 

all performed more comparably in qualitative evaluation. An interesting 

observation is that the more represented classes, with theoretically higher 

confidence in annotation, received lower scores than underrepresented and 

more uncertain ones. This is in contrast to the quantitative evaluation 

observations, where more represented classes had superior global Dice values 

to the underrepresented ones. One potential explanation is that for classes with 

higher confidence in annotations, it is easier to identify when the 

segmentation is wrong (or not acceptable) but for the classes where there is 

more uncertainty it is harder to say the segmentations are definitely wrong, so 

they are considered acceptable. 

The global Dice scores for the different classes 

were strongly influenced by the preva- lence of each class in the data. The classes 

that included many voxels and were present in most or all slices had high global 

Dice values, whereas the classes that were only present in a few slices and were 

completely absent for some scans had low global Dice values [36]. This is a 

well-known limitation of the Dice metric [37] and is particularly evident for 

our application where there is also a high degree of uncertainty in the precise 

voxel-wise labelling of the classes, especially in the hold out test dataset. The 

Dice metric can be a useful tool for comparing the performance of different 

networks or methods on the same structures/classes, but it should be used with 

caution when comparing the performance of a method on different 

structures/classes, and in general is not an appropriate measure for validating 

that results are suitable for a specific application. 

The data used in our study were from a multi-

centre clinical trial. There were therefore significant differences in the scan 

resolution, acquisition protocols, and application of contrast. Acquisition 

parameters and image resolution in our dataset varied between patients and 

between time points for individual patients, with slice thickness ranging from 

0.95 to 5 mm. We consider using such diverse data 

as a major strength of our work, as they better represent the diversity in scans 

seen in standard clinical practice. Therefore we would expect better 



 

 

generalisation of our trained networks on other datasets, although this will 

need to be verified and will be the focus of our future work. The diversity 

in the acquisition protocols and data quality was one of the reasons that 

supported our decision to apply a 2D approach. Otherwise we would need 

to resample the data or use patches containing a different anatomical region 

of the lungs. Using a 2D approach, our method could operate on 2D images 

similar to how a human observer would look at and segment CT images. 

That, however, restricted the field of view presented to the networks to just 

one slice. 

One of the identified limitations of our 

automatic segmentation approach was its susceptibility to breathing motion 

artefacts or partial volume effect consequences, especially in the scans with 

larger slice thickness, when healthy regions close to diaphragm were 

occasionally classified as damaged tissue. These should have been limited at 

the image acquisition stage, when the scans are acquired at a breath-hold, 

therefore we were not initially considering any mitigation actions against 

them. Such artefacts might need an additional preprocessing or assessment 

step, which would identify cases that we suspect might not be suitable for 

being automatically processed or would require visual inspection. 

Alternatively, regions where motion artefacts were identified could be 

excluded from further analysis or classified as a new ’tissue class’ and used 

in the automated tissue training stage. Another possibility would be to 

include a dedicated data augmentation strategy at the training stage to help 

to limit their influence. The way in which a human observer deals with these 

challenges is by looking at adjacent slices and determining whether a pattern 

represents a manifestation of pathology or an acquisition artefact. That could be 

addressed by either incorporating 3D patches [38,39], which, however, 

comes with aforementioned challenges, or using only a few adjacent slices to 

predict labels for the middle slice [40,41], which we plan to explore in future. 

In the proposed method we used manually segmented lung masks 

which were avail- able for our dataset. Accurate segmentation of severely 

damaged lungs is very challenging by itself, and in this work we wanted to 

focus on the tissue classification task. For future work we would like to 

combine the proposed framework with an automatic lung segmen- tation 

method so it is suitable for fully automatic analysis of large volumes of data. 

A combination of the lung segmentation and tissue classification methods 

would have the ability to identify severely damaged or collapsed lungs, as, 

for instance, those with high level of opacity. That could help to identify cases 

where lung segmentation might perform sub-optimally and require manual 

inspection or corrections. It has been shown in a number of earlier studies that 

automatic lung segmentation methods tend to perform well in mild to 



 

 

moderately damaged lungs but mostly fail in severely damaged cases 

[42,43]. 

In this work we used an ensemble of relatively 

standard 2D UNets with well-known loss functions, as these have shown 

promising results in a wide range of medical imaging applications. Although 

these produced satisfactory results given the challenging and subjective 

nature of assigning voxel-wise tissue classifications, future work will 

explore state-of-the-art networks and methods that may give superior 

results to the standard networks used here. 

In future work we aim to use our classes to 

investigate if and how tissue changes are linked to RILD pathophysiology. We 

have already conducted an analysis where we applied the presented 

classification method to investigate the degree of radiological change [44]. In 

that study, the longitudinal data of 24 months follow up were registered to 

planning scans using a dedicated multi-channel deformable registration 

method [45], tailored to deal with large anatomical changes. The analysis was 

conducted to investigate the distribution and evolution of the lung tissue 

classes with respect to the dose delivered to the tumour and the change in 

lung function of lung cancer patients. We observed a strong dose-dependent 

relationship between the proposed classes characteristics and locally 

prescribed doses. 

 

Conclusions 

 

We have proposed and automated a lung tissue classification system 

capable of de- scribing local RILD parenchymal tissue changes. The method 

was trained and tested on multi-centre clinical trial data, proving to be 

suitable for application on larger datasets to help uncover different patterns 

of changes in the population. The auto-segmentation ratings were similar to 

the manual segmentations, having 88% of cases rated as acceptable by an 

external radiologist evaluation the scores. The results indicate that the 

developed method is of sufficient quality to be used for future studies of 

RILD. 

 

Supplementary Materials: The following are available online at 

https://www.mdpi.com/article/10 

.3390/cancers14051341/s1, Figure S1: A schematic description of a 

single 2D UNET network used as a segmentation method. We present 

here a version with 64 channels at the initial layer. In our work we used 

both 64 and 32 filters at the initial layer. Figure S2: A schematic 

description of an ensemble of three networks used in our stage one 

https://www.mdpi.com/article/10.3390/cancers14051341/s1
https://www.mdpi.com/article/10.3390/cancers14051341/s1


 

 

ground truth data generation method. Prior to combining them in the 

ensemble they were individually trained as in Figure S1. Figure S3: A 

schematic description of an ensemble of six networks used in our stage 

two ground truth data generation method. Prior to combining them in 

the ensemble they were individually trained as in Figure S1. Table S1: 

Summary of parameters used for training and inference of the CNNs. 

Author Contributions: Conceptualization, A.S. (Adam Szmul), 

E.C., C.V., D.L., C.T.H. and J.R.M.; data curation, E.C. and J.J.; 

funding acquisition, D.L.; investigation, A.S. (Adam Szmul), E.C., 

J.J., A.S. (Alkisti Stavropoulou) and J.R.M.; methodology, A.S. 

(Adam Szmul), E.C., C.V., J.J., D.L., C.T.H. and J.R.M.; project 

administration, A.S. (Adam Szmul), E.C. and J.R.M.; software, 

A.S. (Adam Szmul); supervision, C.T.H. and J.R.M.; writing—

original draft, A.S. (Adam Szmul) and E.C.; writing—review and 

editing, A.S. (Adam Szmul), E.C., C.V., J.J., A.S. (Alkisti 

Stavropoulou) and J.R.M. All authors have read and agreed to the 

published version of the manuscript. 

Funding: J.R.M. is supported by a Cancer Research UK Centres 

Network Accelerator Award Grant (A21993) to the ART-NET 

consortium. The IDEAL CRT trial was funded by Cancer Research UK, 

grant number C13530/A10424 and C13530/A17007. A.S. would like 

to acknowledge support from BRC 

 

Healthcare Engineering & Imaging Theme. This work is supported by 

the EPSRC-funded UCL Centre for Doctoral Training in Intelligent, 

Integrated Imaging in Healthcare (i4health) (EP/S021930/1). J.J.:  

This research was funded in whole or in part by the Wellcome Trust 

[209553/Z/17/Z]. For the purpose of open access, the author has 

applied a CC-BY public copyright licence to any author accepted 

manuscript version arising from this submission. C.V. was supported by 

the Royal Academy of Engineering under the Research Fellowship 

scheme (RF\201718\17140). 

Institutional Review Board Statement: The study was conducted 

according to the guidelines of the Declaration of Helsinki, and approved 

by a data sharing agreement between the University College London 

Cancer Trials Centre and the Centre for Medical Image Computing, 

University College London (07/01/2014). 

Informed Consent Statement: Informed consent was obtained from all 

subjects involved in the study. 

Data Availability Statement: The data presented in this study are 

available on request from the corresponding author. 

Acknowledgments: The authors would like to thank the Cancer 

Research UK & UCL Cancer Trials Centre, in particular Yenting Ngai, 

Laura Hughes, Ben Gallagher, Laura Farrelly, Nicholas Counsell, Gita 

Parmar, and Kate Frost for data retrieval. 

Conflicts of Interest: J.J. reports fees from Boehringer Ingelheim, 

Roche, NHSX, Takeda, and Glaxo- SmithKline, unrelated to the 

submitted work. The authors declare no other conflict of interests. 

 

  



 

 

References 

1. Wang, H.; Naghavi, M.; Allen, C.; Barber, R.M.; Bhutta, Z.A.; Carter, A.; Casey, D.C.; Charlson, 
F.J.; Chen, A.Z.; Coates, M.M.; et al. Global, regional, and national life expectancy, all-cause mortality, 
and cause-specific mortality for 249 causes of death, 1980–2015: A systematic analysis for the Global 
Burden of Disease Study 2015. Lancet 2016, 388, 1459–1544. [CrossRef] 
2. Barta, J.A.; Powell, C.A.; Wisnivesky, J.P. Global epidemiology of lung cancer. Ann. Glob. Health 
2019, 85, 8. [CrossRef] [PubMed] 
3. Giuranno, L.; Ient, J.; De Ruysscher, D.; Vooijs, M.A. Radiation-induced lung injury (RILI). Front. 
Oncol. 2019, 9, 877. [CrossRef] [PubMed] 
4. Hanania, A.N.; Mainwaring, W.; Ghebre, Y.T.; Hanania, N.A.; Ludwig, M. Radiation-induced lung 
injury: Assessment and management. Chest 2019, 156, 150–162. [CrossRef] 
5. Temel, J.S.; Greer, J.A.; Admane, S.; Gallagher, E.R.; Jackson, V.A.; Lynch, T.J.; Lennes, I.T.; 
Dahlin, C.M.; Pirl, W.F. Longitudinal perceptions of prognosis and goals of therapy in patients with 
metastatic non–small-cell lung cancer: Results of a randomized study of early palliative care. J. Clin. 
Oncol. 2011, 29, 2319–2326. [CrossRef] [PubMed] 
6. Liang, W.; Liu, J.; He, J. Driving the improvement of lung cancer prognosis. Cancer Cell 2020, 38, 
449–451. [CrossRef] 
7. Veiga, C.; Landau, D.; McClelland, J.R.; Ledermann, J.A.; Hawkes, D.; Janes, S.M.; Devaraj, A. 
Long term radiological features of radiation-induced lung damage. Radiother. Oncol. 2018, 126, 300–306. 
[CrossRef] 
8. Veiga, C.; Landau, D.; Devaraj, A.; Doel, T.; White, J.; Ngai, Y.; Hawkes, D.J.; McClelland, J.R. 
Novel CT-based objective imaging biomarkers of long-term radiation-induced lung damage. Int. J. Radiat. 
Oncol. Biol. Phys. 2018, 102, 1287–1298. [CrossRef] 
9. Veiga, C.; Chandy, E.; Jacob, J.; Yip, N.; Szmul, A.; Landau, D.; McClelland, J.R. Investigation of 
the evolution of radiation-induced lung damage using serial CT imaging and pulmonary function tests. 
Radiother. Oncol. 2020, 148, 89–96. [CrossRef] 
10. Palma, G.; Monti, S.; Pacelli, R.; Liao, Z.; Deasy, J.O.; Mohan, R.; Cella, L. Radiation 
pneumonitis in thoracic cancer patients: Multi-center voxel-based analysis. Cancers 2021, 13, 3553. 
[CrossRef] 
11. Cottin, V.; Hirani, N.A.; Hotchkin, D.L.; Nambiar, A.M.; Ogura, T.; Otaola, M.; Skowasch, D.; Park, 
J.S.; Poonyagariyagorn, H.K.; Wuyts, W.; et al. Presentation, diagnosis and clinical course of the spectrum 
of progressive-fibrosing interstitial lung diseases. Eur. Respir. Rev. 2018, 27, 180076. [CrossRef] 
[PubMed] 
12. Cox, J.D. Toxicity criteria of the radiation therapy oncology group (RTOG) and the European 
organization for research and treatment of cancer (EORTC). Int. J. Radiat. Oncol. Biol. Phys. 1995, 31, 
1341–1346. [CrossRef] 
13. U.S. Department of Health and Human Services. National Institutes of Health. National Cancer 
Institute. Common Terminology Criteria for Adverse Events (CTCAE). Version 5.0. 2017. Available online: 
https://ctep.cancer.gov/protocolDevelopment/ electronic_applications/ctc.htm (accessed on 25 March 
2012). 
14. Landau, D.B.; Hughes, L.; Baker, A.; Bates, A.T.; Bayne, M.C.; Counsell, N.; Garcia-Alonso, A.; 
Harden, S.V.; Hicks, J.D.; Hughes, S.R.; et al. IDEAL-CRT: A phase 1/2 trial of isotoxic dose-escalated 
radiation therapy and concurrent chemotherapy in patients with stage II/III non-small cell lung cancer. Int. 
J. Radiat. Oncol. Biol. Phys. 2016, 95, 1367–1377. [CrossRef] [PubMed] 
15. Simone, C.B., II. Thoracic radiation normal tissue injury. Semin. Radiat. Oncol. 2017, 27, 370–
377. [CrossRef] 
16. Schröder, C.; Engenhart-Cabillic, R.; Kirschner, S.; Blank, E.; Buchali, A. Changes of lung 
parenchyma density following high dose radiation therapy for thoracic carcinomas–an automated analysis 
of follow up CT scans. Radiat. Oncol. 2019, 14, 1–7. [CrossRef] 
17. Defraene, G.; La Fontaine, M.; van Kranen, S.; Reymen, B.; Belderbos, J.; Sonke, J.J.; De 
Ruysscher, D. Radiation-induced lung density changes on CT scan for NSCLC: No impact of dose-
escalation level or volume. Int. J. Radiat. Oncol. Biol. Phys. 2018, 102, 642–650. [CrossRef] 
18. Bernchou, U.; Schytte, T.; Bertelsen, A.; Bentzen, S.M.; Hansen, O.; Brink, C. Time evolution of 
regional CT density changes in normal lung after IMRT for NSCLC. Radiother. Oncol. 2013, 109, 89–94. 
[CrossRef] 
19. Cunliffe, A.; Armato, S.G., III.; Castillo, R.; Pham, N.; Guerrero, T.; Al-Hallaq, H.A. Lung texture in 
serial thoracic computed tomography scans: Correlation of radiomics-based features with radiation therapy 
dose and radiation pneumonitis development. Int. J. Radiat. Oncol. Biol. Phys. 2015, 91, 1048–1056. 
[CrossRef] 
20. Heo, J.; Cho, O.; Noh, O.K.; Oh, Y.T.; Chun, M.; Kim, M.H.; Park, H.J. CT-based quantitative 
evaluation of radiation-induced lung fibrosis: A study of interobserver and intraobserver variations. Radiat. 
Oncol. J. 2014, 32, 43. [CrossRef] 
21. Al Feghali, K.A.; Wu, Q.C.; Devpura, S.; Liu, C.; Ghanem, A.I.; Wen, N.W.; Ajlouni, M.; Simoff, 
M.J.; Movsas, B.; Chetty, I.J. Correlation of normal lung density changes with dose after stereotactic body 
radiotherapy (SBRT) for early stage lung cancer. Clin. Transl. Radiat. Oncol. 2020, 22, 1–8. [CrossRef] 
22. Arroyo-Hernández, M.; Maldonado, F.; Lozano-Ruiz, F.; Muñoz-Montaño, W.; Nuñez-Baez, M.; 
Arrieta, O. Radiation-induced lung injury: Current evidence. BMC Pulm. Med. 2021, 21, 9. [CrossRef] 
[PubMed] 



 

 

23. Maldonado, F.; Moua, T.; Rajagopalan, S.; Karwoski, R.A.; Raghunath, S.; Decker, P.A.; 
Hartman, T.E.; Bartholmai, B.J.; Robb, R.A.; Ryu, J.H. Automated quantification of radiological patterns 
predicts survival in idiopathic pulmonary fibrosis. Eur. Respir. J. 2014, 43, 204–212. [CrossRef] [PubMed] 
24. Depeursinge, A.; Vargas, A.; Platon, A.; Geissbuhler, A.; Poletti, P.A.; Müller, H. Building a 
reference multimedia database for interstitial lung diseases. Comput. Med. Imaging Graph. 2012, 36, 227–
238. [CrossRef] [PubMed] 
25. Battista, G.; Sassi, C.; Zompatori, M.; Palmarini, D.; Canini, R. Ground-glass opacity: 
Interpretation of high resolution CT findings. 
La Radiol. Medica 2003, 106, 425–442. 
26. Mettler, F.A. Essentials of Radiology E-Book; Elsevier Health Sciences: Amsterdam, The 
Netherlands, 2018. 
27. Yushkevich, P.A.; Gao, Y.; Gerig, G. ITK-SNAP: An interactive tool for semi-automatic 
segmentation of multi-modality biomedical images. In Proceedings of the 2016 38th Annual International 
Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), Orlando, FL, USA, 16–20 
August 2016; pp. 3342–3345. 
28. Ronneberger,  O.;  Fischer,  P.;  Brox,  T. U-net:  Convolutional networks for biomedical image 
segmentation. In Proceedings of the International Conference on  Medical  Image  Computing  and  
Computer-Assisted  Intervention,  Strasbourg,  France, 27 September–1 October 2015; pp. 234–241. 
29. Ulyanov, D.; Vedaldi, A.; Lempitsky, V.  Instance normalization: The missing ingredient for fast 
stylization.  arXiv 2016, 
arXiv:1607.08022. 
30. Li, J.; Bioucas-Dias, J.M.; Plaza, A. Semisupervised hyperspectral image segmentation using 
multinomial logistic regression with active learning. IEEE Trans. Geosci. Remote Sens. 2010, 48, 4085–
4098. [CrossRef] 
31. Yang, L.; Zhang, Y.; Chen, J.; Zhang, S.; Chen, D.Z. Suggestive annotation: A deep active 
learning framework for biomedical image segmentation. In Proceedings of the International Conference on 
Medical Image Computing and Computer-Assisted Intervention, Quebec City, QC, Canada, 10–14 
September 2017; pp. 399–407. 
32. Berman, M.; Rannen Triki, A.; Blaschko, M.B. The lovász-softmax loss: A tractable surrogate for 
the optimization of the intersection-over-union measure in neural networks. In Proceedings of the IEEE 
Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–23 June 2018; pp. 
4413–4421. 
33. Devaraj, A. Imaging: How to recognise idiopathic pulmonary fibrosis. Eur. Respir. Rev. 2014, 23, 
215–219. [CrossRef] 
34. Chassagnon, G.; Vakalopoulou, M.; Battistella, E.; Christodoulidis, S.; Hoang-Thi, T.N.; 
Dangeard, S.; Deutsch, E.; Andre, F.; Guillo, E.; Halm, N.; et al. AI-driven quantification, staging and 
outcome prediction of COVID-19 pneumonia. Med. Image Anal. 2021, 67, 101860. [CrossRef] 
35. Amyar, A.; Modzelewski, R.; Li, H.; Ruan, S. Multi-task deep learning based CT imaging analysis 
for COVID-19 pneumonia: Classification and segmentation. Comput. Biol. Med. 2020, 126, 104037. 
[CrossRef] 
36. Kofler, F.; Ezhov, I.; Isensee, F.; Balsiger, F.; Berger, C.; Koerner, M.; Paetzold, J.; Li, H.; Shit, 
S.; McKinley, R.; et al. Are we using appropriate segmentation metrics? Identifying correlates of human 
expert perception for CNN training beyond rolling the DICE coefficient. arXiv 2021, arXiv:2103.06205. 
37. Reinke, A.; Eisenmann, M.; Tizabi, M.D.; Sudre, C.H.; Rädsch, T.; Antonelli, M.; Arbel, T.; Bakas, 
S.; Cardoso, M.J.; Cheplygina, V.; et al. Common limitations of performance metrics in biomedical image 
analysis. In Proceedings of the MIDL 2021 Conference Short Program Chairs, Lübeck, Germany, 7 July 
2021. 
38. Singh, S.P.; Wang, L.; Gupta, S.; Goli, H.; Padmanabhan, P.; Gulyás, B. 3D deep learning on 
medical images: A review.  Sensors 
2020, 20, 5097. [CrossRef] [PubMed] 
39. Usman, M.; Lee, B.D.; Byon, S.S.; Kim, S.H.; Lee, B.i.; Shin, Y.G. Volumetric lung nodule 
segmentation using adaptive roi with multi-view residual learning. Sci. Rep. 2020, 10, 1–15. 
40. Gudmundsson, E.; Straus, C.M.; Li, F.; Armato, S.G. Deep learning-based segmentation of 
malignant pleural mesothelioma tumor on computed tomography scans: Application to scans 
demonstrating pleural effusion. J. Med. Imaging 2020, 7, 012705. [CrossRef] [PubMed] 
41. Vu, M.H.; Grimbergen, G.; Nyholm, T.; Löfstedt, T. Evaluation of multislice inputs to convolutional 
neural networks for medical image segmentation. Med. Phys. 2020, 47, 6216–6231. [CrossRef] 
42. Mansoor, A.; Bagci, U.; Foster, B.; Xu, Z.; Papadakis, G.Z.; Folio, L.R.; Udupa, J.K.; Mollura, D.J. 
Segmentation and image analysis of abnormal lungs at CT: Current approaches, challenges, and future 
trends. Radiographics 2015, 35, 1056–1076. [CrossRef] 
43. Hofmanninger, J.; Prayer, F.; Pan, J.; Röhrich, S.; Prosch, H.; Langs, G. Automatic lung 
segmentation in routine imaging is primarily a data diversity problem, not a methodology problem. Eur. 
Radiol. Exp. 2020, 4, 1–13. [CrossRef] 
44. Chandy, E.; Szmul, A.; Stavropoulou, A.; Jacob, J.; Veiga, C.; Landau, D.; Wilson, J.; Gulliford, 
S.; John, F.; Hawkins, M.A.; et al. Quantitative Analysis of Radiation-Associated Parenchymal Lung 
Change. Cancers 2022, 14, 946. [CrossRef] 
45. Stavropoulou, A.; Szmul, A.; Chandy, E.; Veiga, C.; Landau, D.; McClelland, J. A multichannel 
feature-based approach for longitudinal lung CT registration in the presence of radiation induced lung 

damage. Phys. Med. Biol. 2021, 66, 175020. [CrossRef] 


