
Characterisation of quantitative imaging biomarkers for inflammatory
and fibrotic radiation-induced lung injuries using preclinical radiomics

Brown, K. H., Ghita-Pettigrew, M., Kerr, B. N., Mohamed-Smith, L., Walls, G. M., McGarry, C. K., & Butterworth,
K. T. (2024). Characterisation of quantitative imaging biomarkers for inflammatory and fibrotic radiation-induced
lung injuries using preclinical radiomics. Radiotherapy and oncology : journal of the European Society for
Therapeutic Radiology and Oncology, 192, Article 110106. https://doi.org/10.1016/j.radonc.2024.110106

Published in:
Radiotherapy and oncology : journal of the European Society for Therapeutic Radiology and Oncology

Document Version:
Publisher's PDF, also known as Version of record

Queen's University Belfast - Research Portal:
Link to publication record in Queen's University Belfast Research Portal

Publisher rights
Copyright 2024 The Authors.

This is an open access article published under a Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/),
which permits unrestricted use, distribution and reproduction in any medium, provided the author and source are cited.

General rights
Copyright for the publications made accessible via the Queen's University Belfast Research Portal is retained by the author(s) and / or other
copyright owners and it is a condition of accessing these publications that users recognise and abide by the legal requirements associated
with these rights.

Take down policy
The Research Portal is Queen's institutional repository that provides access to Queen's research output. Every effort has been made to
ensure that content in the Research Portal does not infringe any person's rights, or applicable UK laws. If you discover content in the
Research Portal that you believe breaches copyright or violates any law, please contact openaccess@qub.ac.uk.

Open Access
This research has been made openly available by Queen's academics and its Open Research team.  We would love to hear how access to
this research benefits you. – Share your feedback with us: http://go.qub.ac.uk/oa-feedback

Download date:18. Jul. 2024

https://doi.org/10.1016/j.radonc.2024.110106
https://pure.qub.ac.uk/en/publications/1de37d37-5814-4de8-9ca5-513488b99248


Radiotherapy and Oncology 192 (2024) 110106

Available online 20 January 2024
0167-8140/© 2024 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Original Article 

Characterisation of quantitative imaging biomarkers for inflammatory and 
fibrotic radiation-induced lung injuries using preclinical radiomics 
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A B S T R A C T   

Background and purpose: Radiomics is a rapidly evolving area of research that uses medical images to develop 
prognostic and predictive imaging biomarkers. In this study, we aimed to identify radiomics features correlated 
with longitudinal biomarkers in preclinical models of acute inflammatory and late fibrotic phenotypes following 
irradiation. 
Materials and methods: Female C3H/HeN and C57BL6 mice were irradiated with 20 Gy targeting the upper lobe of 
the right lung under cone-beam computed tomography (CBCT) image-guidance. Blood samples and lung tissue 
were collected at baseline, weeks 1, 10 & 30 to assess changes in serum cytokines and histological biomarkers. 
The right lung was segmented on longitudinal CBCT scans using ITK-SNAP. Unfiltered and filtered (wavelet) 
radiomics features (n = 842) were extracted using PyRadiomics. Longitudinal changes were assessed by delta 
analysis and principal component analysis (PCA) was used to remove redundancy and identify clustering. Pre
diction of acute (week 1) and late responses (weeks 20 & 30) was performed through deep learning using the 
Random Forest Classifier (RFC) model. 
Results: Radiomics features were identified that correlated with inflammatory and fibrotic phenotypes. Predictive 
features for fibrosis were detected from PCA at 10 weeks yet overt tissue density was not detectable until 30 
weeks. RFC prediction models trained on 5 features were created for inflammation (AUC 0.88), early-detection of 
fibrosis (AUC 0.79) and established fibrosis (AUC 0.96). 
Conclusions: This study demonstrates the application of deep learning radiomics to establish predictive models of 
acute and late lung injury. This approach supports the wider application of radiomics as a non-invasive tool for 
detection of radiation-induced lung complications.   

Introduction 

Radiotherapy (RT) plays a critical role in the management of lung 
cancer particularly for small cell histology and unresectable non-small 
cell cases [1,2]. Despite advances in motion management, conformal 
deliveries, and dose estimation accuracy of contemporary RT tech
niques, normal tissue toxicities remain a significant cause of morbidity 
and mortality during survivorship [3–7]. Radiation-induced lung injury 
(RILI) has been reported in half of lung cancer patients treated with 
conventional RT, typically developing in the months-to-years after 
treatment [8,9]. 

Radiation pneumonitis (RP) is an early-phase, acute response driven 
by the infiltration of immune cells into the pulmonary interstitium and 

alveolar spaces, which can cause coughing, dyspnoea, and in more se
vere cases, hypoxia or death [10]. RP occurs in 15–40 % of patients with 
non-small cell lung cancer (NSCLC) treated with chemoradiation, which 
is moderate-to-severe in 10–20 % [9,11]. Pulmonary fibrosis (PF) is a 
late-phase, chronic toxicity caused by cumulative collagen deposition as 
permanent scars in the lung parenchyma, associated with progressive 
decrements in pulmonary function and increased rates of infection and 
hospitalisation [11,12]. The severity of RP and PF symptoms in terms of 
quality of life and mortality delegate these RILIs as primary safety 
endpoints in thoracic RT clinical trials [8,13–15]. 

Currently, the diagnosis of RILI is reliant on dosimetry and clinical 
assessments aided by CT density measurements. An increase in density 
of lung tissue on CT scans is typically an indicator of RILI. Yet, these tests 
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are only capable of identifying damage when it is well established and 
are limited in accurately differentiating RP and PF [16–18]. The un
derlying mechanisms and risk factors for both pathologies remain only 
partially understood and therapeutic interventions are limited [19,20]. 
Importantly, no robust biomarkers of radiosensitivity are currently used 
in clinical practice to identify patients at highest risk of developing RILI 
[6,21,22]. 

Emerging studies have shown that quantitative image analysis 
(radiomics) in combination with patient factors can aid risk prediction 
for RP [22–26]. However, most of these studies have been performed 
retrospectively and do not correlate radiomics features with the un
derlying biological changes occurring during RP or PF [27,28]. 

Translatable preclinical models are essential for eliciting molecular 
mechanisms, the discovery of biomarkers and phase 0 testing of novel 
therapeutic interventions [29,30]. C3H/HeN mice harbour a sponta
neous mutation at the lipopolysaccharide response locus resulting in an 
inflammatory-driven response to RT typical of RP [6,31–36]. C57BL6 
mice are most commonly used in radiobiology studies due to similarities 
to human radiation response and in particular, PF in the lung [3]. In this 
study, these two strains were used as early and late RILI phenotypes for 
the interrogation of imaging with biological correlation, towards iden
tification of radiomics signatures predictive of either RP or PF. We aimed 
to demonstrate the feasibility and advantage of using radiomics analysis 
to diagnose and differentiate RP and PF at early timepoints after irra
diation and correlate longitudinal radiomics features with biological 
parameters. 

Materials and methods 

In vivo studies 

All experimental procedures were carried out in accordance with the 
Home Office Guidance on the Operation of the Animals (Scientific 
Procedures) Act 1986 (PPL2935). Animal studies are reported in 
compliance with the ARRIVE guidelines [37]. 

Lung toxicity was investigated in female 8–10 weeks old C57BL/6J 
mice obtained from Envigo (n = 36) and female 8–10 weeks old C3H/ 
HeN mice obtained from Janvier Laboratory (n = 36). All mice were 
housed under controlled conditions (12 h light–dark cycle, 21◦C) in 
standard caging, and received a standard laboratory diet and water ad 
libitum. To improve the welfare of mice, environmental enrichment 
tools were placed in caging, such as cardboard tubes for exploration, and 
softwood blocks for gnawing and nesting material. 

For each strain, mice were randomised into control (n = 18) or 
irradiated (n = 18) subgroups using an online random sequence 
generator. Lung tissues and blood samples were collected at baseline, 
and at 1, 10 and 30 weeks after irradiation. At baseline, 3 control mice 
per strain were culled and at weeks 1, 10 and 30, 5 control and 6 irra
diated mice per strain were culled. Analysis was performed blinded for 
strain and treatment subgroups. 

Prior to CBCT imaging and irradiation, animals were anaesthetised 
with ketamine and xylazine (100 mg/kg and 10 mg/kg) by intraperi
toneal injection. Weights were monitored weekly, and all remained 
within our institutional weight loss tolerance of < 15 %. 

Image acquisition and irradiation 

Imaging and irradiation were performed using the Small Animal 
Radiation Research Platform (SARRP) (Xstrahl Life Sciences, Camberley 
UK), calibrated using the Institute of Physics and Engineering in Medi
cine and Biology (IPEMB) code of practice [38]. CBCT scans were ac
quired at 60 kV (0.5 mm Al filtration, 2.4 cGy). Image reconstruction 
was performed by Filtered Backprojection without postfiltering, log 
(white/x) was applied to input images using FDK with Hamming 
filtering window. CBCT scans were acquired immediately prior to irra
diation and at weeks 1, 10, 20 and 30 post-irradiation. Lung injury was 

induced by delivering a single fraction of 20 Gy to the upper lobe of the 
right lung (dose rate 2.67 ± 0.11 Gy/min) using a 5 x 5 mm collimator 
with a parallel opposed beam arrangement (Supplementary Fig. 1). 

CT tissue analysis 

CBCT numbers were extracted from the irradiated section of the right 
lung from longitudinal CBCT scans. These were used as an indicator of 
tissue density and presence of fibrotic tissue (higher values indicative of 
higher density). Significance testing of differences between time points 
was conducted using 2-way AVOVA and is reported as **p < 0.01, *** 
0.0001, **** <0.0001. 

Analysis of serum cytokines and bioinformatics analysis 

Mouse XL Proteosome Profiler Cytokine arrays (ARY028, R&D Sys
tems, UK) were performed to simultaneously characterise the expression 
of 111 cytokine targets. Each cytokine was sampled in duplicate on the 
membrane. Serum used for analysis was isolated from blood samples at 
week 1, 10 and 30. Cytokine arrays were performed according to the 
manufacturer’s instructions using pooled serum samples for each 
treatment group (5 control and 6 irradiated mice per strain). Membranes 
were visualised using the GBox Imager and Syngene software. Quanti
fication of signal intensities was performed with GeneTools software and 
densitometry values for spots on irradiated membranes were normalised 
to that of age-matched controls. Cytokine arrays were completed in one 
independent experiment. Proteins which satisfied a threshold of > 2- 
and < 0.5-fold change were considered differentially expressed and 
selected proteins were transformed into their corresponding gene 
names. Additional analysis was performed using the online gene set 
enrichment analysis tool, Enrichr [39]. 

Histological analysis 

Lung tissues were harvested at baseline and weeks 1, 10 and 30 post- 
irradiation (5 control and 6 irradiated mice per strain). Lungs were 
inflated with PBS, fixed with 4 % formaldehyde, processed for histo
logical evaluation, paraffin embedded and cut into 5 mm sections for 
staining. All slides were warmed to 60̊C and subjected to a series of 
deparaffinization and rehydration steps. Slides were stained with Mas
son’s Trichrome (AB150686, Abcam, UK) according to the manufac
turer’s instructions. Stained slides were scanned at X20 using the Leica 
AT2 Aperio (Brightfield scanner) for analysis and 5 random sections 
from the upper lobe of the right lung were used from each slide for 
analysis. Fibrosis was quantified from collagen deposition detected by 
the positive blue staining in lung samples at baseline and 1, 10 and 30 
weeks after irradiation. Quantification of collagen deposition at these 
timepoints was compared to that found in 5 random sections of the right 
lung of age-matched control (unirradiated) mice. Slides were manually 
inspected and those which included air bubbles or artefacts from 
staining were excluded. An inhouse Matlab 2017a code was used to 
cluster the histologic images and then extract the blue fraction from each 
image [34]. Age dependent changes in fibrosis are presented in Sup
plementary Fig. 2. Significance testing of differences between time 
points was conducted using 2-way AVOVA and is reported as *<0.05, ** 
< 0.01, *** 0.0001. 

Lung segmentation 

Using CBCT imaging acquired on the SARRP, the whole right lung of 
all mice was auto-segmented for feature extraction [40]. Lung seg
mentations were created using the “semi-automatic active segmenta
tion” tool in ITK-SNAP software (version 3.8.0, http://www.itksnap. 
org). Thresholding was used to differentiate the lungs to other sur
rounding structures (6,890 – 11,200) and manually altered where 
required. 
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Radiomics analysis 

Handcrafted radiomics features were extracted from lung segmen
tations from CBCT scans using PyRadiomics software (version 2.7.7) 
[41], with a resampled PixelSpacing of 0.26 mm (the same as at image 
acquisition) and a fixed bin width of 25 [42]. Both unfiltered and filtered 
(wavelet) features were extracted for analysis. A total of 842 features 
were extracted and classified by the following feature classes: 
morphology (shape), intensity (first order) and texture (gray level co- 
occurrence matrix (GLCM), gray level run length matrix (GLRLM), 
gray level size zone matrix (GLSZM), gray level dependence matrix 
(GLDM) and neighbouring gray tone difference matrix (NGTDM) 
[41,43]. 

Delta radiomics features were calculated as outlined below: 

Relative net change = (feature[end] − feature[start] )/feature[start]

Principal component analysis (PCA) was performed on radiomics 
and delta radiomics datasets for the right lung using the prcomp package 
in RStudio software (version 4.1.2). Data was centered, scaled to unit 
variance (“GramSchmidt”) and principal components (PC) computed 
using the singular value decomposition (SVD) method. Results from 
PCA’s were visualized with PC1 and PC2 scores plotted on the x-axis and 
y-axis respectively and ellipses added (stat_ellipse function). Polygon 
ellipses were added assuming normal distribution with a confidence 
level of 0.95. PCA was used to compare changes over time in irradiated 
lung for each strain compared to baseline and comparison of inter-strain 
delta features. Radiomics features which were highly correlated to PC1 
or PC2 were identified using Pearson’s correlation (<0.8 or > -0.8). 
Significance testing of differences between time points was conducted 
using 2-way AVOVA and strain differences at each timepoint was 
assessed using unpaired t-tests. 

Deep learning was performed using the open-source Precision-med
icine-toolbox to identify predictive features for early and late injury 
[44]. Outcome prediction parameters were based on non-irradiated 
(control) and irradiated (RILI) groups. Scans from 1-week after irradi
ation were used for prediction of early damage (inflammation/RP) and 
scans from 20 and 30 weeks were combined and used for prediction of 
late damage (PF). Prediction models were created using a Random 
Forest Classifier (RFC). Scans were split into training (70 %) and vali
dation (30 %) cohorts. For each mouse strain, 5 features were selected 
using recursive feature elimination (RFE) [45]. The RFC model was used 
for prediction of early (week 1) and late effects (weeks 20 & 30) in both 
mouse strains. 

Results 

CBCT numbers were extracted from longitudinal scans as a non- 
invasive imaging marker of fibrosis in the lung (Fig. 1). Radiological 
lung tissue density was indicative of fibrosis in the right lung of both 
mouse strains from the irradiated areas at 30 weeks (p < 0.001, Fig. 3B). 
However, there was not a significant increase in tissue density at earlier 
timepoints of 10 or 20 weeks (p = 0.1579–0.999). 

Blood samples obtained at 1, 10, and 30-weeks after irradiation were 
used for cytokine analysis (Supplementary Table 1). The observed 
changes in cytokine levels are grouped according to inflammatory or 
fibrotic functions (Fig. 2A). At 1 week after irradiation, we observed the 
significant upregulation of pro-fibrotic cytokines in C57BL6 mice 
including CCL2 (2.04-fold) recruiter of pro-fibrotic monocytes, M− CSF 
(1.90-fold) facilitator of the first stages of fibroblast recruitment and 
PAI-1 (2.32-fold) linked to deposition of extracellular matrix in damaged 
tissue [6]. These mice also showed a significant early upregulation of 
inflammatory pathways at different timepoints, for example, IL-6 (18.7) 

Fig. 1. CBCT scans acquired on the Small Animal Radiation Research Platform. Representative longitudinal scans for a single mouse acquired at baseline, 10, 20 
and 30 weeks post irradiation for C57BL6 (Panel A) and C3H (Panel B) mice. Panel C: CBCT values extracted from irradiated areas of the right lung as an indicator of 
increased lung density due to fibrotic tissue. CBCT data presented as an average for 6 mice per strain at each timepoint ± standard error of the mean. Significance 
values are classified as ** < 0.01, *** 0.0001. 
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at 1 week and IL-33 (2.25) at 10 weeks. IL-6 has both pro- and anti- 
inflammatory roles in responses to lung injury and has been strongly 
associated with chronic inflammation and hyper-profibrotic phenotypes 
[14,46,47]. 

In contrast, markers of acute lung inflammation and neutrophil 
influx were detected in C3H mice from weeks 1 to 10 after irradiation 
through increased expression of CD14 (13.5-fold), VEGF (3.6-fold) and 
IL-1β (1.86-fold) [35,48]. Interestingly, the anti-inflammatory cytokine, 
IL-10, was also downregulated at 1- and 10-weeks after irradiation in 
C3H mice. IFN-γ was downregulated in both strains throughout the 
study. At 30-weeks, C3H mice showed a 6.93-fold upregulation of 
CXCL13 which is a known prognostic marker of idiopathic pulmonary 
fibrosis [49]. The fibroblast activator GDF-15 was also upregulated 
(3.76) at 30-weeks. This suggests that although C3H mice are charac
teristically representative of RP they may have the potential to exhibit a 
PF phenotype. 

Pathway enrichment analysis determined from cytokine expressions 
that the C57BL6 irradiated cohort was indicative of PF from as early as 
1-week and the C3H irradiated cohort was prone to RP with fibrotic 
markers present from 10-weeks (Fig. 2B). 

Masson’s trichrome staining of irradiated lung tissue is shown in 
Fig. 3. Quantitative analysis of blue-positive staining showed no sig
nificant changes in collagen levels in the lungs of C3H mice compared to 
baseline controls (p > 0.3761). However, a significant increase in 
collagen deposition was observed in the lungs of C57BL6 mice from as 
early as 1 week, with a peak change at 30-weeks post-irradiation. 

Radiomics features were extracted from longitudinal CBCT scans for 
quantitative image analysis (Fig. 1A & B). Principal component analysis 
(PCA) was used to identify radiomics features which correspond to 
biological trends (Fig. 4, Supplementary Fig. 3). Cytokine and tissue 

analysis confirmed that the C57BL6 strain had a fibrotic phenotype 
which developed over the 30-week study. The progressive fibrosis was 
correlated with the inverse correlation (descending shift) of PC2 (12 
features) (Fig. 4A). This was statistically significant at 10- (p = 0.0155), 
20- (p = 0.0003) and 30-weeks (p < 0.0001) after irradiation. 

C3H mice had a prolonged inflammatory response (to 20 weeks) 
after irradiation supported by the high degree of overlap and correlation 
of the subgroups shown in Fig. 4B. Biological data indicated that C3H 
mice developed a later fibrotic phenotype identified by the inverse 
correlation (left shift) of PC1 for the 30-week subgroup (181 features) (p 
= 0.0282) (Fig. 4B). 

Delta radiomics analysis (relative net change) differentiated the 
mouse strains at each imaging timepoint (Fig. 4C). Features related to 
these principal components are indicative of the biological differences 
seen in cytokine expression and histology at these respective timepoints. 
At 1 week after irradiation there was a high correlation in the strains 
indicative of the early inflammatory response seen in both. There was a 
significant difference in PCA clusters at 10- (p = 0.0134) and 20-weeks 
(p = 0.0132) after irradiation associated with PC1 when only the 
C57BL6 mice presented with fibrosis. A greater overlap in delta radio
mics features at 30 weeks (p = 0.0778) may be due to the later onset of 
fibrosis in C3H mice identified by markers of fibroblast activation (GDF- 
15 and CXCL13) and histological changes. 

RFC prediction models are shown in Fig. 5 to determine the radio
mics features found to be most relevant for differentiating control and 
irradiated cohorts at early (1-week) and late (20–30 weeks) timepoints. 
Five radiomics features were identified for each model construction 
through RFE methods. From analysis of the 1-week scans in C3H mice 
radiomics features had a strong predictive power (AUC 0.88, Fig. 5C) 
related to inflammatory response. The most accurate predictive power 

Fig. 2. Longitudinal variations in serum cytokines after irradiation and pathway enrichment analysis in C57BL6 and C3H/HeN. Panel A: A heatmap to 
represent the fold-change in cytokine expression for the two mouse strains at 1, 10 and 30 weeks post irradiation compared to age matched controls (data is grouped 
for 5 control and 6 irradiated mice per timepoint). Cytokines have been grouped into those associated with pneumonitis or fibrosis. Panel B: Gene enrichment outputs 
from Enrichr. Cytokines with a threshold of > 2- and < 0.5-fold change were considered differentially expressed and included in analysis. 
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for fibrosis in the lung was identified in C57BL6 mice (AUC 0.96, 
Fig. 5D). From biological data, early markers of fibrosis are present in 
C3H mice at 30 weeks after irradiation, from imaging data, a strong 
predictive model for early detection was created (AUC 0.79, Fig. 5E). 
These results show that radiomics analysis is a reliable method to detect 
RILI and provides a promising outlook for the development of imaging 
biomarkers for early (RP) and late (PF) disease. 

Discussion 

This study aimed to characterise responses to RILI in two established 
mouse models that manifest differential phenotypes associated with RP 
(C3H) and PF (C57BL6) and to identify radiomics features predictive of 
the biological characteristics of these models. C3H mice are prone to RP 
and were selected to model early radiation effects. C57BL6 mice model 
late radiation effects due to their propensity for developing RT-related 
PF, similar to that of humans [6,36]. 

CT-based imaging is routinely used for treatment planning, to assess 

disease burden, and follow-up analysis in lung cancer patients receiving 
RT [18,50]. Identification of RILI from interval post-treatment scans 
could aid early detection in the selection of patients for intensive follow- 
up and referral to respiratory specialists, in order to minimise morbidity 
and prevent treatment-related death [51]. Previous studies have used 
grading based on clinical assessment and radiographic findings as an 
indicator of RILI [16,17,52–55], with an increase in regions of radio- 
opacity (high density) typically associated with an increased dose- 
dependency and over time [34,56–59], but these studies have not 
included radiomics analysis. Expert radiologists are required to score 
and identify glass opacites, reticular patterns and airspace consolida
tions leading to subjectivity in results in differentiating RP to local 
recurrence or fibrosis [54]. Density measurements have also been used 
to build and train RILI classifiers to automatically label damaged tissue 
[18]. In this study, CBCT density was only an indicator of fibrosis when 
it was well established at 30-weeks after irradiation. 

Other studies have used Hounsfield units (HU) for the detection of air 
space enlargement and thus structural changes after lung irradiation in 

Fig. 3. Fibrosis staining of lung tissue for control and irradiated C57BL6 and C3H mice. Panel A: Lung tissue was harvested at baseline and weeks 1, 10 and 30 
post irradiation and stained with Masson’s Trichrome to identify collagen deposition. Fibrotic tissue can be identified from the blue staining of collagen fibres. Panel 
B: Fold-change of fibrotic deposition in lung tissue samples through quantification of blue pixels in samples in comparison to baseline control slides. Histology slides 
from 3 to 5 mice (control) or 4–6 mice (irradiated) were used for analysis with significance values of *p = 0.0125 and **p = 0.0025. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.) 
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mouse models [60]. Although this study reports the capabilities of 
detecting damage in the lung from micro-CT scans 1–4 days after irra
diation it does not correlate HU values to damage developing weeks to 
months after irradiation, more associated with RP and PF. MRI scans are 
the most effective at detecting inflammatory effects in soft tissues 
excluding the lungs due to respiratory motion which causes imaging 
artefacts [61], yet they can provide information on pleural effusion [60]. 
Some more advanced imaging studies have shown the sensitivity of 
hyperpolarized 13C-pyruvate MR spectroscopic imaging to metabolic 
changes (lactate-to-pyruvate signal ratios) associated with lung irradi
ation and the use of positron emission tomography (PET) imaging to 
detect increased uptake of 18F-FDG or gallium 68 in areas of inflam
mation in the lung [62–64]. Yet currently the only current accurate 
preclinical measurement of damage in the lungs is through extensive 
biological analysis including breathing rate measurements, bioinfor
matics methods and by quantifying immune cells using flow cytometry, 
histology and proteomics [65,66]. 

In this study, the early inflammatory response of RILI was assessed by 
serum profiling to map the pro-inflammatory cytokine cascades that 
drives loss of pulmonary function and lung injury [6,14,32]. Cytokine 
analysis coupled with gene pathway enrichment and histology was 
correlated with trends in radiomics features to create novel prediction 
models of RILI [34,47]. Although C3H mice mainly presented with 
markers of RP there was a progression to chronic damage with the 
upregulation of markers of idiopathic pulmonary fibrosis (GDF-15 and 
CXCL13) at 30 weeks after irradiation [49,67]. In contrast, C57BL6 mice 
manifested a fibrotic phenotype that was identified as early as 1-week 

after irradiation from cytokine expression and histology [6]. These 
data validate C3H mice as a model that presents an early inflammatory 
phenotype similar to RP and progressively develops to PF at 20/30- 
weeks after irradiation. Our data also show that C57BL6 are an accu
rate model of PF from 1-week after irradiation [15,32]. 

Radiomics can detect RILI’s from CT-based scans with recent de
velopments in differentiating healthy or injured lungs [27,68–70]. 
Studies have shown that CT-based radiomics can significantly outper
form traditional dosimetric and clinical predictors for RP alone and 
combination of these is superior [22,24,26,71,72]. Jiang et al showed 11 
radiomics features, 5 dosimetric factors, age and T stage to be the best 
predictors of symptomatic RP [24]. Two of these radiomics features 
were also identified in our predictive models (first-order range and 
NGTDM complexity). Qin et al identified radiomics features significantly 
correlated with lung toxicity after stereotactic body RT (SBRT) from 
longitudinal CBCT scans [73]. Interestingly, the same NGTDM feature 
was also identified in our study to be correlated with lung injury. Cun
liffe et al found 12 CT-features which were significant between patients 
with or without RP [27]. Two of the first-order features were also 
identified in our models of RP and PF. These studies have demonstrated 
the advantage of using radiomics analysis to improve prediction models 
but have yet to longitudinally correlate radiomics features to biological 
endpoints. 

Our study is the first to build predictive models for early inflam
matory and late fibrotic phenotypes after lung irradiation using pre
clinical CBCT radiomics analysis. This is a valid and potentially valuable 
approach given that current studies rely on monitoring changes in lung 

Fig. 4. Principal component analysis (PCA) plots of handcrafted radiomics features extracted from the right lung of C57BL6 and C3H cohorts from 
baseline to 30 weeks. Single points represent one experimental unit (n = 6–18) and ellipses represent the clustering of each timepoint. Panel A: PCA clustering of 
C57BL6 mice from baseline (pink) to 1 week (yellow), 10 weeks (red), 20 weeks (green) and 30 weeks (blue). Indicative of the progression towards a fibrotic 
phenotype associated with features related to PC2. Panel B: PCA clusters for C3H mice from baseline (pink) to 1 week (yellow), 10 weeks (red), 20 weeks (green) and 
30 weeks (blue). A high overlap of PCA clusters in C3H mice is due to immune-mediated phenotype. Panel C: Delta radiomics features for C3H (red) and C57BL6 
(blue) irradiated mice were compared at each imaging timepoint between the two mouse strains. Additional data associated with PCA including PCA scores and 
features are included in Supplementary Files 4–6. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 
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Fig. 5. Deep learning radiomics approach for the prediction of early inflammatory or late fibrotic effects caused by radiation induced lung damage. Panel 
A: Schematic overview of study to model Radiation-Induced Lung Injury (RILI). C3H mice model early inflammatory effects through the infiltration of immune cells 
to the affected region. The persistence of this inflammatory state (radiation pneumonitis) can develop to irreversible late toxicity (fibrosis). C57BL6 mice model are 
highly radiosensitive and model late chronic RILI (pulmonary fibrosis). Panels B-E: For each strain, control and irradiated cohorts were split into training and 
validation cohorts (70:30) for scans. Scans used for models included for early toxicities included: n = 30 control scans (15 baseline & 15 1-week) and n = 18 
irradiated scans (1-week) and for late effects included: n = 25 control scans (15 baseline & 5 20-weeks & 5 30-weeks) and n = 12 irradiated scans (6 20-week & 6 30- 
week). The receiver operating characteristic (ROC) curves for the random forest models of validation sets for early (Panels B & C) and late (Panels D & E) effects are 
based on 5 radiomics features identified through recursive feature elimination (RFE). 
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density, whenever damage is already well established, and retrospective 
histological analysis to determine the extent of this damage. Density 
measurements can be very useful for single centre studies for identifying 
a damaged area of the lung but can be ambiguous in the type of damage, 
how extensive it is and may not be able comparable with other studies. 
Encouragingly, some of the quantitative features used to build the pre
dictive models in this study have already been identified in clinical co
horts [27,73]. Two of our models had excellent prediction capabilities of 
the inflammatory response at 1 week and early detection of fibrosis at 
20–30 weeks in C3H mice. However, as expected the model with the 
highest predictive power was for PF at 20–30 weeks in C57BL6 mice 
with an AUC of 0.96. Another advantage of our study is that the 
observed CBCT radiomics features were correlated with circulating and 
histological biomarkers of RILI at longitudinal imaging timepoints 
which is not feasible from clinical radiomics studies. 

Genetically identical mouse strains provide a homogeneous popu
lation for biomarker discovery that is not confounded by genetic vari
ations, patient specific factors (e.g. age, sex, smoking status), 
comorbidities (e.g. pre-existing cardiovascular diseases) or treatment 
combinations [14,74]. However, the translation of radiomics features 
from murine models to clinical imaging was not performed in this study. 
Furthermore, additional experiments are required to validate these 
findings with functional endpoints, longer follow-up to refine the sig
natures and using pooled datasets across multiple centres. Novel tools 
like spatial transcriptomics could provide additional advanced histo
logical analysis through the molecular and gene profiling from tissue 
samples. Future preclinical studies would highly benefit from the cor
relation of spatial transcriptomics outputs with radiomics features, a 
correlation that can only be developed in these preclinical models 
[75,76]. Once optimised it will be essential to validate these models in a 
clinical cohort to identify a predictive biomarker that can help identify 
patients with RILI. This will enable personalised treatment schedules 
with changes to radiotherapy dose or therapeutic intervention. Despite 
the limitations, this study provides promising proof of concept for the 
development of predictive radiomics signatures and a starting point for 
future mechanics studies. In first instance, this study shows the benefit of 
non-invasive imaging to monitoring the burden of RILI and potentially 
reducing the requirements for large animal numbers during longitudinal 
sampling studies. 

Conclusions 

Preclinical CBCT scans are rich datasets that can be interrogated to 
develop predictive tools for clinically relevant radiotherapy toxicity. In 
this study, radiomics analysis identified features that could predict early 
and late RILI in pathology specific models and could have potential 
value for the translation of imaging biomarkers to the clinic. 
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