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Radiation-induced lung injury (RILI) is a dose-limiting toxicity for cancer patients receiving thoracic radio-

therapy. As such, it is important to characterize metabolic associations with the early and late stages of

RILI, namely pneumonitis and pulmonary fibrosis. Recently, Raman spectroscopy has shown utility for the

differentiation of pneumonitic and fibrotic tissue states in a mouse model; however, the specific metab-

olite-disease associations remain relatively unexplored from a Raman perspective. This work harnesses

Raman spectroscopy and supervised machine learning to investigate metabolic associations with radiation

pneumonitis and pulmonary fibrosis in a mouse model. To this end, Raman spectra were collected from

lung tissues of irradiated/non-irradiated C3H/HeJ and C57BL/6J mice and labelled as normal, pneumoni-

tis, or fibrosis, based on histological assessment. Spectra were decomposed into metabolic scores via

group and basis restricted non-negative matrix factorization, classified with random forest

(GBR-NMF-RF), and metabolites predictive of RILI were identified. To provide comparative context,

spectra were decomposed and classified via principal component analysis with random forest (PCA-RF),

and full spectra were classified with a convolutional neural network (CNN), as well as logistic regression

(LR). Through leave-one-mouse-out cross-validation, we observed that GBR-NMF-RF was comparable to

other methods by measure of accuracy and log-loss (p > 0.10 by Mann–Whitney U test), and no method-

ology was dominant across all classification tasks by measure of area under the receiver operating charac-

teristic curve. Moreover, GBR-NMF-RF results were directly interpretable and identified collagen and

specific collagen precursors as top fibrosis predictors, while metabolites with immune and inflammatory

functions, such as serine and histidine, were top pneumonitis predictors. Further support for

GBR-NMF-RF and the identified metabolite associations with RILI was found as CNN interpretation heat-

maps revealed spectral regions consistent with these metabolites.

Introduction

Radiation therapy can be a highly effective treatment modality
for cancer. However, treatment effectiveness is often limited by
damage to healthy tissues.1 For patients receiving thoracic
radiotherapy, radiation-induced lung injury (RILI) represents a

limiting factor for successful treatments.2–4 Considering that
radiation treatment of the two most prevalent cancers (breast
and lung5) carry risk for RILI,3 characterizing the disease is an
important step towards improving cancer patient treatment
outcomes.

RILI occurs following radiation-induced DNA damage and
can be categorized into three main stages: initial cellular
death, an acute stage marked by radiation pneumonitis, and
a subsequent late stage marked by radiation pulmonary
fibrosis.2–4,6–8 Pneumonitis refers to inflammation of the lung,
typically presenting 1–6 months after radiation therapy with
noteworthy symptoms being dyspnea (shortness of breath),
cough, and mild fever. Radiation injury alters the number and
type of inflammatory and immune cells, contributing to the
complexity of pneumonitis by both repairing pulmonary
damage and sustaining it.9,10 While pneumonitis is typically
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reversible, prolonged alveolar and vascular damage can lead to
the irreversible condition of pulmonary fibrosis.2,4,6 Fibrosis is
marked by excessive collagen production in the lung following
sustained inflammation of pneumonitis, scarring the lung
tissue and typically manifesting as progressive chronic
dyspnea.

The predominant form of pre-clinical study for RILI has
become mouse models, largely owing to their similarities to
humans in terms of anatomy, physiology, pathology, and geno-
mics.6 Hence, mouse models can provide valuable insights
into the mechanisms of RILI. In particular, the C57BL/6J and
C3H/HeJ mouse strains are often studied as each exhibits
unique radio-sensitivity in terms of lung injury following radi-
ation. C57BL/6J mice develop early pneumonitis and sub-
sequent late fibrosis, while C3H/HeJ mice are prone to severe
early pneumonitis.11–14

The metabolic investigation of biological systems, particu-
larly for the study of disease, has been aided by the optical
technique of Raman spectroscopy.15,16 Raman spectroscopy
relies on the inelastic scattering of light to provide information
on the chemical structures and physical forms of a sample.17

In concise terms, monochromatic light is scattered from a
sample of interest and the change in wavelength between inci-
dent and returning photons is determined. The change in
wavelength, and related quantity termed Raman shift, which
represents the shift in wavenumber, carries characteristic (‘fin-
gerprint’) information regarding molecular vibrational modes
activated within the sample. As such, Raman spectroscopy has
been used to identify radiation-induced metabolic changes in
human cancer cells.18,19 Moreover, Raman spectroscopy has
been recognized as a valuable tool for classifying RILI, as
demonstrated in a mouse model, which successfully classified
Raman spectra into distinct normal/fibrotic categories.20

However, while RILI has been investigated by genetic and
blood assays,12,21 the RILI metabolic associations remain to be
investigated from a Raman perspective.

The analysis of Raman spectroscopic data has been largely
aided by the application of dimension reduction techniques
and machine learning.22 For high dimensional data, as in
Raman spectroscopy, dimension reduction decreases the
amount of correlated features and facilitates supervised
machine learning tasks.23 The newly formatted data can be uti-
lized for tasks such as classification of healthy/diseased tissue.
Conventionally, principal component analysis (PCA) has been
used as a spectral decomposition technique for dimension
reduction, providing principal components (PCs) that describe
the variation within the dataset.24 In this approach, each spec-
trum within the dataset receives a score for each PC, indicating
the extent to which the spectrum follows the given PC trend.
In the context of Raman spectroscopy, PCs are often difficult
to interpret as they can take on negative values, an incorrect
representation of spectroscopic data, and spectral features
related to individual biochemicals may be present across mul-
tiple PCs.24 Recently, group and basis restricted non-negative
matrix factorization (GBR-NMF) has demonstrated utility as an
interpretable spectral decomposition technique capable of

assigning relative scores for individual metabolites based on
their Raman profiles.25 GBR-NMF scores, in combination with
random forest classifiers, have shown utility to identify radi-
ation-induced metabolic changes in human cancer cells.19

In some cases, dimension reduction may be essentially by-
passed by deep learning models such as convolutional neural
networks (CNNs), by performing end-to-end feature learning
and prediction of Raman spectra through multiple processing
layers.23 Additionally, CNNs consider the spatial relations
between adjacent Raman shift values, making them suitable
for spectral analysis.26 Although CNNs have demonstrated
state-of-the-art performance for feature learning and classifi-
cation performance,26,27 their interpretability has not been
entirely clear.28 Recently, however, gradient-based attribution
methods have been developed to pinpoint the areas in the
input Raman spectrum that had the most influence on the net-
work’s prediction.28,29

Finally, logistic regression (LR) has been utilized to classify
full spectra,20 also circumventing the use of dimension
reduction techniques. However, this method is limited in
terms of metabolic interpretation as it treats each Raman
wavenumber independently and does not account for the fact
that adjacent values are correlated.

This work investigates the potential of Raman spectroscopy
to identify metabolic associations with radiation-induced
pneumonitis and fibrosis in a mouse model. We hypothesize
that Raman spectra decomposed via GBR-NMF can be pre-
dicted as normal, pneumonitis, or fibrosis with random forest
classifiers to provide interpretable metabolic-based insights to
each disease. To provide comparative context, we also analyze
the classification performance of conventional PCA with
random forest, a Raman-specific CNN based on previous
work,26 and logistic regression. Furthermore, to explore CNN
interpretability, we apply gradient class activation mapping
(grad-CAM29) to highlight spectral regions deemed important
for disease classification.

Methods
Mouse model, irradiation, and lung preparation

C3H/HeJ (C3H) and C57BL/6J (C57) female mice were pur-
chased from the Jackson Laboratory (Bar Harbor, ME) and
housed in the animal facility of the University of British
Columbia Okanagan. Mice were handled according to protocol
A18–0140 approved by the Animal Care Committee at the
University of British Columbia, in accordance with regulations
set by the Canadian Council on Animal Use and Care. In total,
10 C57 mice (5 control and 5 irradiated) and 10 C3H mice (5
control and 5 irradiated) were investigated. Female mice were
studied as they manifest earlier onset of radiation-induced
disease than males of the same strain.12

Mice were irradiated as set out in ref. 20. Briefly, eight week
old mice were anesthetized by intraperitoneal injection of
sodium pentobarbitol and xylazine, placed in a transparent
box and irradiated with 16 Gy to the thorax by a 6 MV flatten-
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ing filter free Varian Linac. The dose-level of 16 Gy was
selected as it is known to cause RILI in the mouse strains
investigated.14 Following irradiation, mice were monitored for
signs of physical distress due to RILI. The experimental end-
points for mice were ≥20% weight loss (from greatest observed
weight) and/or shallow and rapid breathing, hunching, slow
and tip-toe movement, ungroomed fur, and decreased physical
responsiveness. Mice qualified for euthanasia based upon an
overall impression of these conditions, typically expressing all
symptoms along with significant weight loss. For each mouse,
the time from radiation date to euthanasia is listed in ESI
Table S1.† Control mice were euthanized around the same
timepoint as irradiated mice of the same strain.

Immediately following euthanasia, by intraperitoneal injec-
tion of a lethal sodium pentobarbitol dose, the chest wall was
opened and the lungs were removed. The left lobe was filled
with a 1 : 1 solution of optimal cutting temperature (OCT) com-
pound and phosphate buffer solution (PBS) to expand the lung
to maintain anatomical morphology. The expanded lung was
placed in a plastic mold, surrounded by undiluted OCT, and
placed on crushed dry ice to freeze prior to storage at −80 °C.

Raman acquisition and pre-processing

Frozen lung blocks were sectioned at 20 μm with a microtome
cryostat, and mounted to a MgF2 slide. Once mounted, the
OCT medium acted to stabilize the tissue and limit potential
deformation. Raman measurements were acquired on a
Renishaw InVia microscope (830 lines per mm, 785 nm exci-
tation laser, 100× dry objective, power density 0.5 mW μm−3)
(Renishaw Inc., IL, USA). Three regions of interest (ROI) were
selected along the lung periphery, with the goal of sampling
from dense, potentially fibrotic regions. Three ROIs were also
selected within the central area of the lung, with the goal
of sampling from potentially pneumonitic regions.

Approximately 50–70 spectra were acquired (30 seconds-per-
spectrum) in a raster pattern to form a grid from each ROI at a
step size of 15 μm (Fig. 1). To reduce the likelihood of acquir-
ing low quality spectra due to biological tissue degradation,
the total sampling time for each tissue was kept under three
hours. This was based on insights provided by Butler et al.30 as
well as our group’s prior experience acquiring Raman spectra
from biological samples.

Acquired spectra were pre-processed with an in-house
MATLAB script before further analysis. In summary, cosmic
ray contamination was removed by linear interpolation, satu-
rated spectra were removed, a Savitsky–Golay filter was used to
reduce noise (window size = 5 points, polynomial order = 1)
and estimate/subtract the fluorescence background (window
size = 7% of the spectral range, polynomial order = 1), and
resulting spectra were normalized to unity by area under the
curve. To remove spectra with low tissue composition (i.e.: air-
space filled with OCT-PBS), Pearson’s correlation coefficient
was calculated for each spectrum against an average of 300
pure OCT-PBS spectra. If the correlation was ≥0.80, the spec-
trum was removed from the dataset. Furthermore, to retain
generally high quality spectra, each spectrum was compared
by Pearson’s correlation coefficient to an average of 10 high
quality spectra for the corresponding strain in the corres-
ponding irradiated/un-irradiated condition. The spectrum was
discarded if the correlation was ≤0.90, kept if ≤0.98, and con-
sidered to be of unknown quality otherwise. The unknown
spectra were kept or discarded using a model-based classifi-
cation technique based on parsimonious Gaussian mixture
models (PGMMs)31 in R. Briefly, the unknown spectra were
input to a model along with several known-high quality and
known-poor quality spectra. The unknown spectra were ran-
domly assigned to one group, the mean and covariance for
each group were estimated, and clustering was performed. The

Fig. 1 Raman data collection. Left panel: optical image of a C3H mouse lung with co-registered ROIs (denoted by the two larger red boxes). Right
panel: a zoomed in view of the lower ROI shows the tissue at higher magnification where each red box represents a single Raman acquisition. ROI =
region of interest.
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later two processes repeated iteratively until further iterations
minimally improve the fitting criteria. Examples of both high-
and low-quality spectra, including high OCT-PBS correlation,
are illustrated in ESI Fig. S1.†

Pre-processing resulted in 1372 spectra from C57 mice (954
normal, 286 pneumonitis, and 132 fibrosis) from 49 individual
regions (33 normal, 10 pneumonitis, and 6 fibrosis) and 1673
spectra from C3H mice (1150 normal and 291 pneumonitis)
from 48 individual regions (42 normal and 6 pneumonitis).

Spectral decomposition. Once all spectra were pre-pro-
cessed, group and basis restricted non-negative matrix factoriz-
ation (GBR-NMF) was applied in R-Studio. GBR-NMF is a
method of decomposing a dataset of Raman spectra into rela-
tive scores for specific biochemicals. The methodology as
applied to Raman spectra is described in ref. 19 and in general
in ref. 25. Briefly, spectral observations are held in the rows of
matrix X and a matrix of pure biochemical spectra are held in
the rows of matrix S. An iterative process is applied such that X
∼ WAS, where W is a weight matrix representing the relative
score of each biochemical for each spectra and A is an auxiliary
matrix required for scaling. In this way, spectral observations
were reduced dimensionally into relative scores per biochemi-
cal spectrum contained in S. A total of 37 specific ‘bases’
spectra were contained in S (full list in ESI Table S2†) along
with a single unconstrained component which could be esti-
mated from the data in X. Previous work has found the
inclusion of an unconstrained component to improve the
reconstruction of X and increase tolerance to noise. For
example, Milligan et al. demonstrated that for a sample of
known concentration/constituents, the addition of an uncon-
strained component was required to accurately reconstruct the
relative scores of bases specified in S.32 Even for bases of S
with similar spectral patterns, accurate reconstruction was
observed (Ex: serine and glucose). As such, our inclusion of an

unconstrained component is expected to minimize falsely
attributing Raman signal to any biochemical basis in S.

For comparison with GBR-NMF, we also decomposed the
Raman spectral dataset through principal component analysis
(PCA) in MATLAB. Each spectrum within the dataset received a
score for each PC, indicating the extent to which the spectrum
followed the corresponding trend. In contrast, GBR-NMF pro-
vided a relative score for each biochemical.

Histological evaluation of pneumonitis and fibrosis

Frozen lung blocks were sectioned and stained for histological
analysis at the Center for Heart and Lung Innovation at
St Paul’s hospital (Vancouver, BC Canada). Histology analyses
were performed on 5 μm tissue sections, collected adjacent to
the tissue slice used for Raman analysis. Hematoxylin and
eosin (H&E) stains were used to assess pneumonitis, while
Masson’s trichrome stains were used to assess fibrosis. Whole
slides were digitally scanned with an Olympus microscope at 4
or 6.4× magnification, and Raman sampled regions were
matched based on tissue morphology and surrounding struc-
tures. Raman maps were assigned labels (N = Normal, P =
Pneumonitis, F = Fibrosis) based on assessment of the corres-
ponding histological section (Fig. 2). Pneumonitis regions
were identified by thick alveolar walls and cellular infiltrate in
the airspace. Fibrosis regions were identified by collapsed
alveolar walls with collagen deposition.

Comparative supervised machine learning analysis

To differentiate normal/pneumonitis and normal/fibrosis
tissues, we employed four different supervised learning
approaches in Python. Methods 1 and 2 employed random
forests to classify (1) metabolite scores derived via GBR-NMF
and (2) principal component scores derived via PCA. Methods
3 and 4 classified full Raman spectra via (3) a Raman-specific

Fig. 2 Raman labelling via histology. Left panel: optical image with co-registered Raman sampled regions. Middle panel: H&E stained tissue. Right
panel: Masson’s trichrome stained tissue. The pictured lung is from an irradiated C57 mouse. Red squares in the Raman image indicate regions that
were sampled. Corresponding regions were assessed for lung injury within histology images. P = pneumonitis, F = fibrosis.
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CNN (full architecture shown in ESI Fig. S2†) and (4) logistic
regression with L1 penalty. Random forest specifications
were 200 trees, max depth = 5, max features = sqrt. The L1
penalty for logistic regression was set to C = 0.1 with solver =
liblinear.

Model evaluation. To evaluate model performance and gen-
eralizability, we employed leave-one-mouse-out cross-validation,
as recommended by previous works.23,33 In this method, all
spectra from a given mouse were held out during training and
only used as a test set (Fig. 3). Furthermore, all spectral
decomposition (GBR-NMF/PCA) was performed only on the
training set within each fold (inner-cross-validation), and the
learned transform was applied to spectra from the left-out test
mouse.

Model classification performance was assessed in two ways.
(1) Individual classification performance was assessed for each
left-out-mouse by measure of accuracy (as some mice only con-
tained regions from one class) and log-loss (quantifies the
proximity of predicted class probability to the ground truth
class label). (2) Global classification performance was assessed
across all left-out-mouse predictions by measure of receiver
operating characteristic (ROC) curves and area under the curve
(AUC). To estimate uncertainty in global classification metrics,
we implemented bootstrapping (1000 iterations) on the class
probabilities for all spectra and reported 95% confidence
intervals.34

Data balancing. For each fold, we implemented the synthetic
minority oversampling technique (SMOTE)35 (on the training
set only) to avoid major class imbalance. SMOTE is a tech-
nique that generates synthetic samples for the minority class
by interpolating between existing samples, effectively creating
new data points that resemble the existing ones. As such, it is
an effective method for assessing the problem of class imbal-

ance. New samples were generated by first selecting a minority
class sample, identifying its nearest neighbors, and then com-
bining the feature vectors of the selected sample and five of its
nearest neighbors (default value). For each fold, we performed
SMOTE on the training set to over-sample the minority class
such that it was 50%of the majority class size. Furthermore,
based on recommendations provided by ref. 35 and empirical
investigation, we also performed under-sampling of the
majority class to 75% of its original size.

Identification of predictive metabolites. For each metabolite
that the GBR-NMF-RF model was fit on, an importance score
was assigned (based on Gini-index). Importance scores were
recorded across all folds of the data and normalized between 0
and 1. The metabolites with a mean importance score greater
than 0.5 were deemed to be the most important for
classification.

Results
Classification performance

The classification performance of each methodology, assessed
by accuracy and log-loss, as well as by the ROC curve and
corresponding AUC, are depicted in Fig. 4. Accuracy and log-
loss were calculated for each left-out-mouse individually, while
ROC curves were computed globally, across all predictions for
all left-out-mice, providing an overall measure of discriminant
ability. There were no statistically significant differences
between methodologies by measure of accuracy or log-loss as
Mann–Whitney U test yielded p > 0.11, p > 0.57, and p > 0.43
for C3H pneumonitis, C57 pneumonitis, and C57 fibrosis
classification tasks, respectively. Additionally, global AUC
metrics indicated that no methodology was dominant across

Fig. 3 Model evaluation workflow. All spectra (for CNN and LR) or spectra-derived scores (for random forest) from one mouse were placed in the
test set, while the remainder were used to train the model. Predictions were obtained for the test-mouse and the process repeated until all mice had
been left out. To predict the region-label, individual spectral predictions were aggregated.

Paper Analyst

2868 | Analyst, 2024, 149, 2864–2876 This journal is © The Royal Society of Chemistry 2024

Pu
bl

is
he

d 
on

 1
0 

ap
ri

l 2
02

4.
 D

ow
nl

oa
de

d 
on

 3
/0

5/
20

25
 5

:5
9:

57
. 

View Article Online

https://doi.org/10.1039/d4an00152d


all three classification tasks. Specifically, the methodologies
that achieved highest global AUCs for each classification task
(considering range of 95% confidence intervals) were as
follows: CNN (0.98 [0.97, 0.98]) and LR (0.99 [0.98, 0.99]) for

C3H pneumonitis classification, GBR-NMF-RF (0.74 [0.71,
0.78]), PCA-RF (0.78 [0.75, 0.80]), and LR (0.79 [0.77, 0.82]) for
C57 pneumonitis classification, and PCA-RF (0.95 [0.93, 0.96])
and CNN (0.95 [0.93, 0.96]) C57 fibrosis classification.

Fig. 4 Model classification performance. (a) C3H normal vs. pneumonitis classification. (b) C57 normal vs. pneumonitis classification. (c) C57
normal vs. fibrosis classification. Left panels: accuracy and log-loss as calculated on each left-out-mouse individually (mean ± standard error). Right
panels: ROC curves calculated globally, considering all left-out-mouse predictions. ROC = receiver operating characteristics, AUC = area under the
curve, CI = confidence interval (95%).
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Interpretation comparisons

GBR-NMF-RF. To interpret results of GBR-NMF-RF, we inves-
tigated random forest importance scores, effectively identifying
which metabolites were most useful for differentiating normal/
diseased tissues.

PCA-RF. PCA-RF could also be interpreted in this manner,
however, beyond the known difficulties with interpreting
Raman derived principal components, our application of
inner-cross-validation meant that principal components could
vary between folds of the data. That is to say, PC1 in fold 1 was
not the same as PC1 in fold 2, and so forth. For these reasons,
PCA-RF was used only for performance comparison and not
interpretation.

CNN. To interpret CNNs, we generated grad-CAM heatmaps,
which highlighted regions within the input spectra that
were more heavily weighted to make a correct disease
classification.

LR. Furthermore, while LR was comparable to other
methods for classification, its consideration of each wavenum-
ber as an independent variable, without regard for neighbour-
ing wavenumbers, was less than ideal for the purposes of
bimolecular interpretability. LR does not consider the fact that
a peak assigned to any given bimolecular vibration (coopera-
tive vibration of two or more atoms) spans multiple adjacent
wavenumbers, and hence adjacent wavenumbers within a peak
are correlated. Thus, we utilized LR method solely for com-
parative classification performance.

The most predictive metabolites for each classification task,
as determined by GBR-NMF-RF, were: (1) collagen, leucine,
phenylalanine, and serine for C3H pneumonitis classification;
(2) cysteine, histidine, and lysine for C57 pneumonitis classifi-
cation and (3) arginine, collagen, glutathione, lysine, and
phosphatidylinositol for C57 fibrosis classification. To quali-
tatively present these metabolite distributions across normal
and diseased tissues, we plotted density distributions of
GBR-NMF scores as shown in Fig. 5. Visually, we observed
that C3H mice with pneumonitis showed elevated scores for
collagen, leucine, phenylalanine, and serine compared to
normal mice. Considering C57 mice, generally higher
cysteine and lysine scores, as well as generally lower histidine
scores, were observed in 3/4 mice with pneumonitis.
Additionally, we observed relatively higher collagen and
lysine scores, as well as relatively lower arginine, glutathione,
and phosphatidylinositol, in C57 mice with fibrosis com-
pared to normal mice.

To facilitate our interpretation of CNN predictions, we com-
pared spectral regions of high-importance for disease classifi-
cation (as identified by grad-CAM heatmaps in red/dark-red of
Tables 1–3) to the known spectral peaks of the most predictive
metabolites identified via GBR-NMF-RF. We observed align-
ment between importance regions within CNN heatmaps and
Raman peaks associated with these metabolites (8/9 regions
for C3H pneumonitis interpretation, 5/8 regions for C57 pneu-
monitis interpretation, and 4/4 regions for C57 fibrosis
interpretation).

Discussion

We combined a novel spectral decomposition technique
(GBR-NMF) with random forest classifiers to identify metab-
olites associated with radiation-induced pneumonitis in
C3H/C57 mice and pulmonary fibrosis in C57 mice. Moreover,
we established that the GBR-NMF-RF classification perform-
ance was comparable to other machine learning method-
ologies within our dataset, providing support for its use as the
most interpretable methodology. We also observed that CNNs
highlighted spectral regions consistent with the GBR-NMF-RF
identifies metabolites for classifying normal and diseased
tissue states. As high-importance regions within CNN heat-
maps were not exclusively attributable to the metabolites
identified by GBR-NMF-RF, it is possible that other metab-
olites also contributed to the heatmap importance bands.
Furthermore, the insights of GBR-NMF-RF were limited to the
37 metabolic bases that we specified, plus the unconstrained
component. While the unconstrained component was impor-
tant for the accurate reconstruction of the original spectra and
the corresponding metabolic scores, individual compounds
could not be interpreted from it. As such, the GBR-NMF-RF
interpretation was limited to the 37 specified metabolites, but
it is possible that other metabolites may also be involved in
RILI.

Given that collagen emerged as a prevalent feature in two
classification tasks and represented the sole protein in our
GBR-NMF basis spectral library, we investigated whether the
addition of another protein with a similar spectrum to col-
lagen would influence the results. We found that incorporating
another protein (serum albumin from bovine) in the
GBR-NMF spectral library did not affect classification perform-
ance for any classification task (within one standard error) and
the metabolic score distributions remained relatively
unchanged. Notably, the addition of another protein basis did
not affect the selection of collagen as the most predictive fibro-
sis feature. However, the addition of serum albumin resulted
in slight changes to the most predictive features for C3H pneu-
monitis predictions. Most notably, collagen was no longer
selected as a top predictor by the RF model, a result that made
intuitive sense as the collagen observed histologically in C3H
mouse lungs did not appear to be associated with pathology of
pneumonitis (ESI Fig. S3†). Regardless, this finding illustrates
that the most predictive features determined with the
GBR-NMF-RF pipeline can be influenced by which bases
spectra are included in the modelling, and thus, is a limitation
of the methodology.

Recent work by Ali-Adeeb et al. investigated Raman spec-
troscopy for RILI classification within a mouse model20 and
our work was designed to expand upon theirs in several ways.
First, we acquired Raman spectra from regions likely to be
pneumonitic/fibrotic rather than by method of random
sampling. Second, we implemented leave-one-out cross-vali-
dation as recommended by Guo et al.,23,33 whereas Ali-Adeeb
performed 10-fold cross validation, permitting data from the
same mouse to occur in both training and test sets. Thus, our
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reported performance is expected to better represent the gener-
alizability (ability to predict on unseen data) of each method-
ology. For example, using LR, Ali-Adeeb reported accuracy
metrics of 99.1% for C57 fibrosis grade classification and
89.2% for C3H pneumonitis grade classification; whereas we
observed mean accuracy metrics of 82 ± 7% and 93 ± 4% for
the binary classification of C57 fibrosis and C3H pneumonitis,
respectively. Third, we implemented GBR-NMF-RF and CNN
methods which aided to reveal metabolic associations with
RILI.

Classification

GBR-NMF-RF yielded the importance of model constituents
(metabolites) while demonstrating classification performance
comparable to other machine learning approaches. Across all
classification tasks, we found that GBR-NMF-RF performance
was not different from any other methodology for individual
leave-one-out-mice predictions (by measure of accuracy and
log-loss with standard error). Based on AUC assessment across
all left-out mice, GBR-NMF-RF was surpassed by other

Fig. 5 GBR-NMF metabolite distributions. (a) C3H pneumonitis most predictive metabolites. (b) C57 pneumonitis most predictive metabolites. (c)
C57 fibrosis most predictive metabolites (scores are not shown for the C57 Irr 5 mouse as no normal/fibrosis regions were sampled). Blue represents
scores obtained from normal tissue states while orange represents scores from diseased tissue states. Note: scores cannot be interpreted across
metabolites as all metabolic scores are normalized to mean = 1. Values are constrained to be non-negative and distributions are normalized to have
the same max width. Ctrl = control group, Irr = irradiated group.
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methods for predicting C3H pneumonitis and C57 fibrosis.
Nevertheless, GBR-NMF-RF exhibited noteworthy performance
in these cases, with AUC values of 0.95 and 0.81 for C3H pneu-
monitis and C57 fibrosis predictions, respectively, underscor-
ing its applicability as it is the most interpretable method-

ology. Previous work by our group demonstrated that
GBR-NMF-RF was capable of classifying radio-sensitive/-resist-
ant cancer cell lines and interpreting metabolites,19 but classi-
fication performance was not compared to other method-
ologies. Here, we offer further insight regarding GBR-NMF-RF

Table 1 Top panel: average grad-CAM heatmaps for C3H pneumonitis predictions with overlaid mean spectra (±standard deviation) for each class.
Bottom panel: regions of alignment between high-importance CNN regions and spectral peaks of the most predictive metabolites. Additional (non-
GBR-NMF-RF) assignment was provided in the case of no alignment

Peak (cm−1)
GBR-NMF-RF/CNN aligned peak
assignment

CNN region
(cm−1)

Additional assignment
(non-GBR-NMF-RF)

554, 555, 556 — 544–566 Citric acid,36 lactose,36 uracil36

605, 611 Phenylalanine,36,37 serine36,37 600–616 —
684 Phenylalanine37 674–691 —
948, 951 Leucine,37 phenylalanine36,37 940–961 —
1043 Collagen38 1042–1062 —
1204–1206/1223, 1187, 1220 Collagen,38 leucine,37 serine36,37 1186–1230 —
1265–1269/1278/1280/1283, 1293, 1296, 1299 Collagen,38 phenylalanine,37 leucine,37 serine36,37 1263–1301 —
1322–1324/1330/1335–1345, 1326, 1342, 1343 Collagen,38 serine,36,37 leucine,37 phenylalanine37 1320–1354 —
1635 Collagen38 1634–1642 —

Table 2 Top panel: average grad-CAM heatmaps for C57 pneumonitis predictions with overlaid mean spectra (±standard deviation) for each class.
Bottom panel: regions of alignment between high-importance CNN regions and spectral peaks of the most predictive metabolites. Additional (non-
GBR-NMF-RF) assignment was provided in the case of no alignment

Peak (cm−1) GBR-NMF-RF/CNN aligned peak assignment CNN region (cm−1) Additional assignment (non-GBR-NMF-RF)

677, 680 Cysteine,39 histidine37 676–698 —
764, 765 — 761–766 Isoleucine,40 methionine37

988 Lysine 977–996 —
1013, 1015, 1017 — 1005–1025 Tryptophan,37 glutathione,36 isoleucine37

1036/1055, 1061, 1062 Lysine,37 cysteine,41 histidine37 1030–1064 —
1182, 1183, 1184 — 1177–1187 Glutamic acid,37 phenylalanine,36 riboflavin36

1295, 1305, 1319/1336 Cysteine,41 lysine,37 histidine37 1285–1338 —
1548, 1548 — 1540–1554 Proline,37 threonine37

1609 Lysine37 1575–1621 —
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by demonstrating its comparable performance to other meth-
odologies for individual left-out-mouse predictions.
Altogether, these results provide context for the predictive
ability of GBR-NMF-RF, and by extension, it’s reliability in
identifying disease-associated metabolites.

Previous work by Fuentes et al. has shown CNNs to outper-
form the GBR-NMF-RF methodology for the classification of
irradiated/non-irradiated breast tumor xenografts.26 Our find-
ings extend this insight to the domain of RILI classification in
mouse lung tissues through Raman spectroscopy, underscor-
ing the greater applicability of the CNN approach. Specifically,
for prediction tasks such as C3H pneumonitis and C57 fibro-
sis, CNNs demonstrated comparable performance to other
methods for individual left-out-mouse predictions, yet sur-
passed GBR-NMF-RF in terms of global AUC. It is also impor-
tant to acknowledge the potential for further CNN perform-
ance gains given a more comprehensive dataset, highlighting a
limitation of CNNs – their data-hungry nature.

Metabolic insights

The fibrosis-associated metabolites uncovered via
GBR-NMF-RF contribute valuable context to our understand-
ing of the disease in C57 mice. The most predictive metab-
olites (arginine, collagen, glutathione, lysine, and phospha-
tidylinositol) are consistent with current literature on fibrosis.
This is principally demonstrated by the presence of collagen
and collagen precursors, as excessive collagen deposition is
the main hallmark of fibrosis.11 The synthesis of collagen has
been linked to arginine metabolism via transforming growth
factor-β (TGF-β),44,45 lysine modifications,46 and phosphatidyl-
inositol through the phosphatidylinositol 3-kinase (PI3K) sig-
naling pathway.47 Finally, glutathione has been linked to fibro-
sis through mediation of the pro-fibrogenic effects of TGF-β.48

Thus, our findings offer further support for the involvement of
the identified metabolites in pulmonary fibrosis. Overall, our
findings indicate that by Raman profiling, radiation-induced
fibrosis was largely distinguished by collagen and related
precursors.

While pneumonitis-metabolite associations are highly
complex, GBR-NMF-RF identified biochemical constituents
consistent with existing literature. Notably, through Raman
profiling, we identified distinct metabolites for each of C3H
and C57 pneumonitis. For C3H mice, the most predictive fea-
tures of pneumonitis included leucine, phenylalanine, and
serine, each of which functions in the immune/inflammatory
response,49 as well as collagen. In detail, leucine is involved
with immune cell activation and proliferation through the
regulation of mTOR (mammalian target of rapamycin) which
is essential for the development and function of immune
cells.50 Phenylalanine can be converted into tyrosine, which is
involved in the synthesis of neurotransmitters (norepi-
nephrine, and epinephrine) that regulate cell metabolism and
influence immune responses such as inflammation.49 Serine
contributes to various cellular responses, including anti-
oxidant defense,51 and is vital for cell proliferation in immune
cells.52 Histological investigation revealed that collagen in C3H
mice was present on intact alveolar walls, as opposed to col-
lagen deposition associated with fibrotic scarring (ESI
Fig. S3†). This finding is consistent with work done by Travis
et al., wherein a positive relationship was observed between
collagen and radiation dose in C3H/Kam mice, despite the
lack of fibrosis development.53 As such, each metabolite
identified for association with pneumonitis in C3H mice offers
a potential mechanism of disease involvement that is consist-
ent with current literature. For C57 mice, the most predictive
pneumonitis metabolites included cysteine, histidine, and

Table 3 Top panel: average grad-CAM heatmaps for C57 fibrosis predictions with overlaid mean spectra (± standard deviation) for each class.
Bottom panel: regions of alignment between high-importance CNN regions and spectral peaks of the most predictive metabolites. Additional (non-
GBR-NMF-RF) assignment was provided in the case of no alignment

Peak (cm−1) GBR-NMF-RF/CNN aligned peak assignment CNN region (cm−1) Additional assignment (non-GBR-NMF-RF)

523, 524 Glutathione,36 phosphatidylinositol42 522–549 —
855–859, 867, 877, 879 Collagen,38 glutathione,36 lysine,37 arginine36 853–890 —

1002–1004, 1015 Collagen,38,37 glutathione36 999–1025 —
1173/1204–1206, 1176 Arginine,36 phosphatidylinositol43 1173–1206 —
1189, 1205 Collagen,38 lysine37
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lysine. Cysteine is a precursor to the anti-oxidant
glutathione,54,55 and thus can help maintain defense mecha-
nisms against radiation-induced damage. Histidine, through
conversion to histamine, helps regulate inflammatory and
immune responses,56 suggesting modulating the pneumonitis
inflammatory response. As mentioned prior, lysine is a precur-
sor to collagen, which is essential for repair of radiation-
induced tissue damage;46 therefore, the presence of lysine may
be expected in a region of tissue that is transitioning between
pneumonitis and fibrosis. Moreover, this highlights a potential
limitation of our work in that we labelled tissue regions as
either pneumonitis or fibrosis, while in reality a transitional
state may exist. The identification of distinct metabolites
associated with pneumonitis in C57 and C3H strains aligns
with their documented differential responses to radiation,
further underscoring the effect of genetic background on
disease manifestation. Additionally, these results support our
hypothesis that GBR-NMF-RF provides interpretable insights
to pneumonitis and fibrosis, identifying metabolites consist-
ent with existing literature and offering further support for the
involvement of the identified metabolites in mice with RILI. It
is important to note that these findings are specifically related
to mice and are not automatically valid within the context of a
human model.

Leave-one-mouse-out cross validation illustrated the chal-
lenge of model generalizability for both fibrosis and pneumo-
nitis predictions as some mice were poorly classified. A poss-
ible reason for this is that the diseased examples were only
present in a few mice, so when left out, the model was less
likely to learn a generalized fibrosis-/pneumonitis-signature.
This highlights the limitation that our dataset was likely not
representative of all histological manifestations of RILI. It is
expected that increasing the number of mice (specifically with
disease) could improve the generalizability of each method-
ology for new fibrosis/pneumonitis predictions. Furthermore,
our dataset may be considered to be weakly-labelled, as
normal/disease classes were assigned for a whole region. Such
labels represent a limitation within our work as some normal
cells may have existed within a diseased region, leading to
erroneous labels and potentially limiting performance. Finally,
our work is limited as we did not present results for the binary
classification task of pneumonitis/fibrosis, or the three-way
classification task of normal/pneumonitis/fibrosis. While we
performed preliminary investigations on these classification
tasks, performance on our dataset was relatively poor across all
methodologies investigated. In general, these models poorly
differentiated between diseased states, which may be due to
limitations within out dataset. As such, future work remains to
investigate and interpret a machine learning classifier that can
robustly differentiate these tissue states in a mouse model.

We observed overlap between high-importance CNN
heatmap regions and Raman peaks of metabolites identified
via GBR-NMF-RF, suggesting that the two methodologies have
captured similar features as important for disease classifi-
cation. Still, the CNN methodology identified several spectral
regions that did not align with spectral features of these

metabolites. This was to be expected as the CNN was trained
on full spectra, permitting it to learn from all spectral features.
This can be advantageous for classification performance but
may pose challenges for interpretation. For instance, as a lone
methodology, CNN heatmaps may be laborious to interpret
with reference material as many different biomolecules may
contribute signal within the wide range of high-importance
values. This underscores the well-known challenge of human
interpretation of deep learning models.57

Conclusions

The results of this study highlight specific RILI-associated
metabolites through classification of Raman spectra with
supervised machine learning. First, the utility of GBR-NMF-RF
was demonstrated as it provided directly interpretable features
and, for the first time from a Raman perspective, identified
disease-associated metabolites consistent with current litera-
ture. Additionally, disease classification with the GBR-NMF-RF
method was not statistically different than any other method-
ology for individual left-out-mouse predictions, lending credit
to its validity. Secondly, the CNN was qualitatively interpreted
through grad-CAM heatmaps, highlighting spectral regions
consistent with GBR-NMF-RF identified metabolites. Notably,
both methodologies demonstrated overlap for identifying the
same disease-associated metabolites. Specifically,
GBR-NMF-RF was useful for metabolite identification and
yielded similar classification performance to other method-
ologies, while CNNs aided interpretation of the GBR-NMF-RF
identified metabolites.
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