PNAS Nexus, 2025, 4, pgaf108

o, PNAS
” NEXUS

https://doi.org/10.1093/pnasnexus/pgaf108
Advance access publication 8 April 2025

Research Report

Raman investigation of in vivo radiation exposure
on melanin in murine hair

Monika Poonia (2%, Spencer A. Witte (2, Mallard Woodward (|2, Prasant Yadav®, Sapna Puri P Ramasamy Santhanam?®,

Naduparambil K. Jacob < and Zachary D. Schultz(&*<*

#Department of Chemistry and Biochemistry, The Ohio State University, Columbus, OH 43210, USA
"Department of Radiation Oncology, College of Medicine, The Ohio State University, Columbus, OH 43210, USA
“Comprehensive Cancer Center, The Ohio State University, Columbus, OH 43210, USA

*To whom correspondence should be addressed: Email: schultz.133@osu.edu

Edited By Levi Thompson

Abstract

Determining the effects of ionizing radiation from unintended exposure in a nuclear event requires the identification of relevant
biomarkers and development of methods to retrospectively estimate the absorbed dose. Melanin, a biologically important natural
pigment found in hair, shows promise as a biomarker to assess potential radiation exposure. We investigated Raman spectroscopy as
a rapid and noninvasive technique to assess changes in melanin from the hair of C57BL/6 mice to gamma radiation between 0 and
4 Gy. Two excitation wavelengths (532 and 785 nm) were employed to probe the melanin response for changes with radiation
exposure. Excitation wavelength-dependent variation in Raman features indicates resonance Raman effects, where a 785-nm
excitation is more sensitive to the effects of gamma radiation. Melanin-specific Raman features were identified as potential
biomarkers for gamma-radiation exposure and used to distinguish between irradiated and nonirradiated mice. Partial least square
discriminant analysis models of exposure exhibited enhanced sensitivity to irradiation at 785 nm excitation and yielded a sensitivity
of 88% and a specificity of 83%. Mice were classified with 100% sensitivity and specificity up to day 7 at a known time point. A decline
in specificity and classification accuracy correlated with alterations in melanin’s spectra after >7 days following irradiation.
Regression models of the Raman spectrum determined the exposed dose with a precision of <1 Gy at a known exposure time point.
This noninvasive approach offers promising applications in radiation biodosimetry and medical monitoring, providing retrospective
detection of gamma-radiation exposure at clinically relevant doses.
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Significance Statement

Changes in the Raman spectra of melanin from the hair from gamma-irradiated mice can be modeled for exposure in a rapid and
noninvasive manner. The specific melanin chromophore measured is shown to impact the dosimetry results. Using the Raman spec-
tra as inputs for machine learning models, radiation exposure was classified with 100% accuracy 1 day following exposure.

Introduction

Melanin, a complex biopolymer, plays a crucial role in various bio-
logical processes and is primarily responsible for the pigmentation
of skin and hair. There are several types of melanin, including eume-
lanin, pheomelanin, neuromelanin, allomelanin, and pyomelanin,
each with distinct chemical compositions and properties (1).
Among these, eumelanin—a large biopolymer composed of
5,6-dihydroxyindole and 5,6-dihydroxyindole-2-carboxylic acid—
is the most prevalent melanin in human tissues, producing
brown-to-black pigments, and acts similarly as sunscreen by provid-
ing protection from solar radiation (2-5). Melanins are complex het-
erogeneous polymers made up of various subunits and cross-linked

structures. Work on synthetic melanins has shown the emergence
of melanin-like properties from smaller subunits (6). Despite exten-
sive studies, a complete atomic-level model of melanin’s structure
remains elusive and is a subject for further investigation.

The response of melanin to ionizing radiation exposure, par-
ticularly at low doses, has gained significant interest in recent
years due to its potential implications for radiation protection
and biological dosimetry. Melanocytes, the cells responsible for
melanin production, play a crucial role in radiation protection
and are potential sites of radiation-induced damage (7-10).
Ionizing radiation exposure, originating from both natural cosmic
sources and artificial sources like medical procedures or
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occupational settings, can induce various structural and chemical
changes in melanin. These changes in melanin could have signifi-
cant implications for our understanding of radiation damage and
protection mechanisms (11-13). Low-dose radiation has been ob-
served to increase melanin-derived radicals in mouse skin, sug-
gesting a potential adaptive response (8). These melanin-derived
radicals in skin can be an endogenous marker for low-dose irradi-
ation, indicating that changes in melanin can potentially be used
to detect radiation exposure and retrospective measurement of
the absorbed dose. Exposure to ionizing radiation alters the elec-
tronic properties of melanin and enhances the electron transfer
capabilities of melanin as demonstrated by changes in its electron
spin resonance signal (14). Further, melanin acts as a natural ra-
dioprotector in organisms exposed to gamma radiation (15). Its
complex polymer structure allows it to absorb and dissipate
the energy from ionizing radiation, reducing damage to cellular
components (15). Gamma rays interact with melanin to change
its oxidation-reduction behavior, and redox cycling capacity is en-
hanced when a reductant is present, which can result in electric
current production. Gamma rays appear to excite electrons in
melanin molecules, potentially initiating processes that could
produce chemical energy for the cell. This mechanism has been
compared with photosynthesis, suggesting melanin might collect
energy from various types of radiation (16). However, the analysis
of radiation-induced changes to melanin is complicated by its
complex structure and the presence of various chromophores
(1). These chromophores, which are responsible for melanin’s
broad, featureless light-absorbing properties (17, 18), may exhibit
different responses to radiation depending on their specific chem-
ical environment. This complexity necessitates the development
of rapid and accurate noninvasive analytical methods to fully
characterize the effects of radiation on melanin and detect bio-
chemical changes in individuals.

Raman spectroscopy has emerged as a powerful, noninvasive
technique for analyzing the chemical composition and structure
of biological materials, including melanin (19-24). This technique
relies on the inelastic scattering of monochromatic light to pro-
vide a unique spectral fingerprint of the sample (25). Raman spec-
troscopy allows for nondestructive and high-resolution analysis,
offering a novel approach to understanding structural alterations
in carbon-rich materials like hair (26, 27). Raman signals of in vivo
cutaneous melanin are consistent with those observed in natural
and synthetic eumelanin (28). Several studies have explored the
use of Raman spectroscopy as a noninvasive technique to charac-
terize melanin and evaluate radiation-induced changes in mel-
anin (19, 20, 29-32). Lam et al. (30) have investigated in vitro
®Co gamma-ray exposure to female human black hair by
Raman spectroscopy, and dose-dependent defects were shown,
more prominent at doses >10 Gy.

In this study, we investigated the impact of gamma irradiation
on hair melanin within C57BL/6 mice using Raman spectroscopy
with 532 and 785 nm excitation wavelengths. Animal models, par-
ticularly C57BL/6 mice, with their predominantly dark fur, serve
as an ideal model for investigating these radiation-induced mel-
anin alterations (33). While multiple types exist, eumelanin is
the primary form found in C57BL/6 mice hair (34). Eumelanin
shows strong photoprotective properties, and its presence in the
hair makes it an important element in assessing radiation expos-
ure and its biological effects (4, 10, 35, 36). Raman spectroscopy
enables nondestructive analysis of its structure in hair samples
(37). The Raman spectra of melanin exhibited a strong depend-
ence on the excitation wavelength. Notably, our findings suggest
that the 785 nm wavelength is more sensitive than 532 nm to

the subtle effects of radiation on melanin, which is related to
the distinct spectral variation in melanin with excitation wave-
length. We identified several melanin features in the Raman spec-
tra that were sensitive to gamma rays, potentially serving as
biomarkers. The Raman biomarkers incorporated with machine
learning algorithms were used to distinguish between healthy
mice and those exposed to gamma radiation. A significant aspect
of our study was the investigation of time-dependent changes in
melanin spectra following radiation exposure. The observed spec-
tral changes may correlate with physiological repair mechanisms
or progressive damage accumulation within the melanin pigment
over time. These Raman biomarkers, coupled with machine learn-
ing techniques, represent a significant advance in radiation ex-
posure detection and measuring the absorbed dose. The ability
of these biomarkers to provide both early and persistent detection
of gamma-radiation exposure at clinically relevant doses offers
promise for applications in radiation protection and medical
monitoring.

Materials and methods
Materials

Acetaminophen powder was purchased from Sigma-Aldrich and
was used as received. Absolute ethanol was purchased from
Decon Labs for cleaning purposes. Commercial glass microscope
slides (Globe Scientific Inc.) were coated with a 50-nm thick layer
of gold (Au, American Elements, 99.999%) using a thermal evapor-
ation deposition system (Kurt J. Lesker Company), to reduce glass
interference during Raman measurements.

Animals

Mice studies were performed following compliance with the
guidelines approved by the Institutional Animal Care and Use
Committee of The Ohio State University (OSU) (protocol
#2011A00000029-R4). In this study, 10-week-old adult male and
female mice, Mus musculus (C57BL/6; Cat #000664), were pur-
chased from The Jackson Laboratory and were acclimatized for
1 week before the exposure to gamma rays. All mice were main-
tained under a 12-h light/dark cycle with standard rodent chow
and water ad libitum.

Gamma-radiation exposure

The young adult male and female mice were arranged according
to gender and were placed in a RadDisk (Braintree Scientific Inc.)
for total body irradiation using a Gammacell 40 Exactor (**’Cs
source, Best Theratronics). The nonanesthetized animals were ex-
posed to the varying dosages of gamma radiation of 1, 2, and 4 Gy
at a conventional dose rate (~0.8 Gy/min), and sham-exposed an-
imals were used as controls. Each dose group (0, 1, 2, and 4 Gy) had
four biological replicates (individual mice) for both males and fe-
males. The dosimetry of the Gammacell 40 exactor was done an-
nually by Best Theratronics using the Fricke dosimetry system.

Sample collection

Hair samples were collected from anesthetized mice at multiple
early time points, including days 1, 7, and 25 postirradiation.
The animals were tagged and followed longitudinally following ir-
radiation. Hair was collected from the animals by holding in one
hand by the tail, and multiple tufts of hair were plucked from
the neck area and upper dorsal body using forceps under sterile
conditions. The hair samples were collected into multiple safe-
lock Eppendorf tubes—at different time points and snap frozen
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immediately using liquid nitrogen, followed by storage at —80 °C
until further processing.

Raman sample preparation

Hair samples were removed from the —80 °C freezer at least
30 min prior to the measurement to allow thawing. No chemical
alterations were made to the hair samples. Once thawed, a small
sample of hairs was carefully pulled out from the tube, and 5-10
strands were placed straight onto double-sided tape on a pre-
cleaned gold-coated glass microscope slide. The double-sided
tape ensures the hairs lie flat for Raman measurements. Gold
slides were thoroughly rinsed with absolute ethanol and dried
with a lint-free Kimwipe before placing a fresh piece of double-
sided tape for each new sample. Figure S1 shows the intact hair
strands on the glass slide together with white light images of the
root bulb, shaft, and the tip of the hair under the microscope.

Raman instrumentation and spectral
measurements

Raman spectra were acquired using a Renishaw inVia Qontor
(Renishaw plc.) spectrometer. The measurements were per-
formed using excitation wavelengths of 532 and 785 nm with a
grating of 1,800 and 1,200 lines/mm, respectively. Both laser sour-
ces were allowed to warm up for at least 30 min for stability, and
laser power was measured with a Thorlabs S130C slim power sen-
sor. Laser light was focused on samples through a Leica N PLAN,
50x long working distance objective (0.5 NA). Prior to spectral
measurements, optics were aligned, and the Raman spectrum of
acetaminophen powder was collected each day to check the cali-
bration of the spectrometer.

Hair sample measurements were performed by focusing the la-
ser beam on the midpoint of the hair shaft, typically located be-
tween 3,000 and 4,500 pm from the root bulb, depending on the
length of the hair. Laser power at the sample was ~0.1 and
~0.7 mW for 532 and 785 nm, respectively. Raman spectra were
acquired in the wavenumber range of 200-3,200 cm~* with an ac-
quisition time of 10 s. White light images were acquired before
and after spectral acquisition with the inVia sample-view camera
to ensure the hair sample was not damaged by the laser. Three
technical replicate spectra were collected for each of four biologic-
al replicates (mice), making a total of 12 spectra per dose group. A
total of n=144 measurements were taken from 48 male and fe-
male mice at a 532-nm excitation wavelength with 0 and 4 Gy
for days 1, 7, and 25 postexposure. A similar set of spectral data
was acquired from the same animals using a 785-nm excitation
source.

Spectral processing

All data analysis was performed in MATLAB (MATLAB R2022a;
The MathWorks, Inc.). Prior to preprocessing the raw spectra cos-
mic rays were removed from each spectrum in WiRE 5 using the
width of features algorithm. All spectra were baseline corrected
using a rolling circle filter background subtraction code (38) with
a radius of 1,000,000 and further normalized to the maximum in-
tensity. Gaussian fitting analysis was performed with Peakfit 9.0
(MATLAB program) to extract intensity, width, and area from mel-
anin spectra acquired at both excitation wavelengths. Second de-
rivatives were performed using Savitzky-Golay filter (39) (ddx =2,
N =2, F=35). All spectra were trimmed from 400 to 1,800 cm~ ! re-
gion and smoothed using a Savitzky-Golay filter (ddx=0, N=2,
F=51) for noise reduction in analysis.

Prediction and classification analysis

Partial least squares regression (PLSR) and partial least squares
discriminant analysis (PLS-DA) models were constructed in
MATLAB with PLS_Toolbox 8.7.1 (Eigenvector Research, Inc.,
Manson, WA, USA). Second derivative spectra within the 400-
1,800 cm™* range were used as input features, and sample-level
prediction and classification were acquired for both 532 and
785 nm datasets independently. To create a robust prediction
model that accounts for potential gender differences in melanin
response to radiation, both male and female spectral data were
combined for unirradiated and gamma-irradiated mice across
all time points. To reduce potential biological variability, technical
replicate spectra were averaged to produce a single spectrum per
animal. Variable importance in projection (VIP) analysis was exe-
cuted to identify the spectral variables contributing significantly
to prediction. To identify the most important spectral features
and improve the model’s interpretation an automated variable se-
lection utilizing selectivity ratio and VIP scores was performed in
PLS toolbox. A regression model was then developed to estimate
the time since exposure. Further, spectral data were split into uni-
rradiated and gamma-irradiated groups to develop a triage model
using PLS-DA. To evaluate the model’s classification performance,
the area under the receiver operating characteristic (ROC) curve
was generated. The performance of the models constructed
with the selected variables was compared with the original mod-
els using the R? and root mean square error (RMSE) values.
Model performance was evaluated using leave-one-out (LOO)
and venetian blind (VB) cross-validation methods. The optimal
number of latent variables (LVs) for each model was used as
per the model suggestions, based on the appropriate RMSE value
for cross-validation.

Results
Melanin features at 532 and 785 nm

Raw melanin spectra from n = 144 measurements of unirradiated
and gamma-irradiated hair samples at 532 and 785 nm are shown
in Fig. 1. Melanin spectra acquired at 532 nm exhibit prominent D
and Gbands at 1,411 and 1,602 cm™, respectively (Fig. 1A). Both D
and G bands associated with melanin exhibit broad peaks with a
red shift in frequencies when excited with a 785-nm laser, appear-
ingat~1,400 + 30 and 1,539 + 50 cm ™!, respectively (Fig. 1B). These
bands are consistent with previously reported eumelanin Raman
spectra within human hair and other biological samples (19, 28,
30). Figure 1C represents a comparative analysis of normalized
mean spectra of melanin acquired at both excitation wavelengths,
showing significant differences in the peak positions and widths of
the spectral features. The intensity ratio Ip/Ig exhibits an increase
from 0.59 to 0.87 upon measurement at a wavelength of 785 nm.
As a complex biopolymer with various chromophores, melanin
likely contains components that resonate more strongly with
one laser wavelength than another.

The observed broadening of two Raman bands at higher excita-
tion wavelengths suggests that the spectra were a superimpos-
ition of two or more underlying signals, likely originating from
different molecular components associated with similar vibra-
tional modes (28). A peak fit model was therefore used to deconvo-
lute the melanin spectra as shown in Fig. 1C. Raman spectra for
both 532 and 785nm excitation were deconvoluted using
Gaussian peak shapes with a linear baseline correction (Fig. S2A
and B). The peak positions, intensities, full widths, and integrated
areas of all peaks were extracted from the resulting curve fits, and
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Fig. 1. Mean raw spectra of melanin (n = 144) measured from unirradiated and gamma-irradiated hair samples at the laser wavelengths of 532 nm (A)
and 785 nm (B). Comparison of mean Raman spectrum at both excitation wavelengths after baseline correction and normalization (C). The shaded part
refers to the standard deviation (STDEV) of the spectrum. The changes in the melanin spectrum with increasing wavelength are indicated by arrows.
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Fig. 2. Mean second derivative spectra of melanin (400-1,800 cm™) acquired at 532 nm for (a) 0 Gy and (b) 4 Gy, and at 785 nm for (c) 0 Gy and (d) 4 Gy
mice hair samples. The shaded part refers to the SD of the spectrum. The dotted lines represent the main Raman features observed for melanin.

the values of the extracted features are listed in Tables S1 and S2.
Figure S2 indicates that there are differences in the peak positions
and bandwidths between the Raman spectra of melanin acquired
from 532 and 785 nm. These differences in the Raman spectra
highlight the complexity of melanin’s molecular structure. The vi-
brational band assignments for the melanin spectrum at each ex-
citation wavelength are listed in Table S3. Several peaks exhibit
noticeable shifts in their positions between the two spectra. The
peaks in the 532 nm spectrum are generally narrower compared
with those in the 785 nm spectrum. The relative intensities of
the peaks vary between the two spectra, further emphasizing
the impact of resonance Raman scattering. These observations
suggest that the melanin Raman signal exhibits a high degree of
sensitivity to the heterogeneity within its chromophores, which
respond differently to distinct excitation wavelengths.

Radiation response in melanin at 532 and 785 nm

Melanin spectra from control and irradiated mice hair were con-
verted to second derivatives to resolve the underlying superim-
posed vibrational features using the Savitzky-Golay algorithm
for further analysis (Fig. 2). The second derivative spectra were an-
alyzed to compare the results obtained at 532 and 785 nm excita-
tion wavelengths. This analysis was further extended to compare
features of irradiated mice with those of control mice to identify
significant Raman frequencies that could be objectively measured
and used as reliable biomarkers of radiation exposure and associ-
ated physiological changes.

We primarily focused on identifying the main spectral features
of melanin and determining the variations in Raman frequencies
at both 532 and 785 nm excitation wavelengths. As described in
the “Melanin features at 532 and 785 nm” section, notable peak
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broadening and frequency shifts occurred at 785 nm compared
with 532 nm (Fig. 2), and all Raman band assignments are listed
in Table S3. The melanin bands attributed to C-N stretching,
C=C stretching, and C-C aromatic within the 1,345-1,606 cm™" re-
gion, as well as the C-H deformation band at 979 cm™?, exhibited
an ~10 wavenumber shift towards lower frequencies at 785 nm
compared with 532 nm. Other melanin bands appeared at their
original frequencies but showed a higher intensity relative to the
532 nm spectra.

To assess radiation response in melanin, we first examined the
major spectral features of the melanin from mice obtained with
532 nm. An inspection of the features of the melanin from the
control and irradiated mice showed negligible changes, and they
are nearly superimposed (Fig. 2a and b). They both show typical
Raman spectral features of melanin bands at 1,344, 1,409, and
1,523, 1,606cm ™7, attributed to the vibrations of C-N, C=C stretch-
ing, and the C-C aromatic modes. Other features include the C-H
in-plane deformation, N-H in-plane deformation, and C-OH
stretching vibrations in the 980-1,200 cm™* spectral region.
Further overlapping weak bands attributed to aromatic ring
deformation and C-H out-of-plane deformation in the 470-
860 cm™ region are observed.

Figure 2c and d represents the second derivative spectra of mel-
anin measured from control and gamma-irradiated mice acquired
at 785 nm. The second derivative spectrum of melanin at 785 nm
indicated notable spectral alterations between control and
gamma-irradiated mice. The observed changes likely occurred
within the 1,340-1,596 cm™" spectral region, corresponding to
C-N and C=C stretching vibrational modes and C-C aromatic vi-
brations, with a frequency shift of 2-5 wavenumbers. The dual
band attributed to C-N vibration, observed at control samples
within the 1,332-1,345 cm™* region, consolidated into a single
Raman band at 1,340 cm™* within irradiated mice. The Raman
bands observed within the 1,200-1,271 cm™" range, attributed
to C-OH and C-O vibrations, respectively, exhibited reduced amp-
litude postexposure. C-H in-plane deformation band at
1,041 cm™* shows red shift of 6-7 wavenumbers. C-H out-of-plane
deformation in 738-890 cm™* appeared to vary in amplitude. The
aromatic ring deformation and O=C=0 deformation within the
COOH group, observed at 541 and 602 cm™?, exhibited a 2-wave-
number shift towards lower frequencies with an increase in amp-
litude. At 1,693 cm™, the C=0 stretching within COOH group also
showed definite changes.

Classification models for triage assessment

To categorize and quantify the mice samples as unexposed or ex-
posed, PLS-DA was applied over the Raman measurements of

Table 1. Cross-validation statistics of the PLS-DA models of
exposure on the melanin spectra collected at 532 and 785 nm
using LOO.

532 nm 785 nm
Unexposed  Exposed Unexposed Exposed
Class error (CV) 0.229 0.229 0.145 0.145
Sensitivity (CV) 0.792 0.750 0.833 0.875
Specificity (CV) 0.750 0.792 0.875 0.833
AUC (CV) 0.857 0.857 0.908 0.908
No. of LVs 4 4 5 5

melanin. For PLS-DA-based triage models, second derivative spec-
tra were splitinto control (0 Gy) and gamma-irradiated (4 Gy) mice
groups. Spectral data from male and female mice hair samples
collected at days 1, 7, and 25 postexposure were combined across
these two groups for binary classification. When all spectral vari-
ables from the fingerprint region were included as input features,
PLS-DA classification models lacked the ability to distinguish be-
tween classes effectively, resulting in random guessing accuracy.
PLS-DA models using LOO and VB cross-validations were con-
structed to evaluate the model’s performance. Table S4 presents
statistical metrics for both LOO and VB methods using all spectral
features of melanin at 532 and 785 nm.

To identify key spectral features in melanin for binary classifi-
cation, we employed variable selection using the selectivity ratio.
Subsequently, PLS-DA triage models were constructed using these
features for both 532 and 785 nm data. Model performance was
evaluated using ROC curve analysis for LOO cross-validations
(Fig. 3A and B). We observed improved ability to distinguish be-
tween control and gamma-irradiated mice using key features
within melanin spectra. The sensitivity, specificity, and area
under the curve (AUC) values, summarized in Table 1, provide a
quantitative measure of the model’s performance using LOO
cross-validation. The PLS-DA model could successfully discrimin-
ate the unexposed group from the irradiated groups with a sensi-
tivity of 83% and a specificity of 87% at 785 nm, indicating that the
features in the unexposed mice are different from those seen in
the exposed groups. Similarly, the PLS-DA model achieved a sen-
sitivity of 79% and specificity of 75% for dose classification at
532 nm. The model’s AUC values ranged from 0.85 to 0.91 for
532 and 785 nm, respectively, indicating excellent discrimination
between control and irradiated groups.

It is possible to determine which variables are most important
in the classification model by evaluating VIP scores. VIP scores
quantify each variable’s influence on the PLS model, and the typ-
ical threshold valueis 1 for which VIP scores >1 are considered sig-
nificant. The VIP scores constructed from PLS-DA classification on
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Fig. 4. The mean second derivative spectra of melanin (400-1,800 cm™~?) from the control (0 Gy) and gamma-irradiated (4 Gy) mice at 532 nm for A) day 1,
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control and gamma-irradiated hair samples for 532 and 785 nm
were compared for further analysis (Fig. 3C). The specific variables
noted may arise from different electronic resonances probed by
the 532 or 785 nm excitation laser, as discussed above.

The spectral regions exhibiting the greatest influence on
discrimination at 785nm are associated with C=C and C-N
stretching (1,400-1,500 cm™), C-H out-of-plane deformation,
and N-H in-plane deformation (870-1,116 cm™) Raman bands.
At 532 nm, however, the vibrational modes most weighted and
with the greatest influence on the obtained discrimination were
associated with C-H in-plane and C=0O stretching regions. All
PLS-DA models and associated statistical values obtained using
VB cross-validation are presented in Fig. S3 and Table S5. VB cross-
validation indicated no major differences in classification model
performance between 532 and 785 nm data, including identical
variable selection to LOO.

Radiation-induced temporal changes in melanin

To quantify time-dependent changes in melanin postexposure
and explore the potential of biomarkers for rapid medical triage
applications, Raman measurements were analyzed at days 1, 7,
and 25 postexposure. Second derivative spectra of melanin were
compared for control and gamma-irradiated hair samples for all
three time points (Fig. 4). Distinct time-dependent spectral

responses were observed between the 532 and 785 nm excitation
wavelengths following gamma irradiation.

The 532 nm spectra showed little to no differences between
control and irradiated mice across all time points, indicating po-
tential limitations in sensitivity or dosimetry response at this
wavelength (Fig. 4A-C). The second derivative spectra acquired
at 785 nm demonstrate that nearly all Raman frequencies are sen-
sitive to radiation dose (Fig. 4D-F). Moreover, the intensity of these
bands varies across different time points postirradiation, indi-
cating spectral changes evolve over time following radiation
exposure.

The PLS-DA classification models were performed using second
derivative spectral data at both excitation wavelengths to distin-
guish between control and irradiated samples at each postexpo-
sure time point. The comparison of model’s ROC curve for
control and exposed mice at 532 and 785 nm is shown in Fig. S4.

The PLS-DA classifications using melanin spectra at 532 and
785 nm can effectively distinguish between control and irradiated
mice samples at all three time points. VIP scores for each time
point indicate that different spectral regions are necessary for
classification at distinct postirradiation intervals (Fig. 5A-C).
One day postexposure, C-N and C=C stretching vibrations differ-
entiated healthy and irradiated mice using both 532 and 785 nm
lasers. After a week, 785 nm spectra emphasized aromatic rings,
C-H out-of-plane, N-H, and C-N stretching, while 532 nm


http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf108#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf108#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgaf108#supplementary-data

Pooniaetal. | 7

A Day-1 C Day-25
1.6 1.6
* A :532nm * A, :532nm
149 o A, 785nm 147 - A, 785nm *g
*
@ 1.2 » 1.2 #*
2 _g e «% ¥ ;i ax %
§10‘ """ ---- 81.0«-%33----*--{;»%;* -
2 # * R AL
£ 0.8 E} * & 0.8 B F
> > * ¥ % %
0.6 0.6 i X
0.4 0.44 -

2-— T T T T T
300 600 900 1200 1500 1800
Wavenumber (cm™)

2 T T T T T
300 600 900 1200 1500 1800
Wavenumber (cm™)

21— T T - : .
300 600 900 1200 1500 1800
Wavenumber (cm™)

Fig. 5. A comparison of VIP scores of the PLS-DA models for radiation exposure constructed from 532 nm (filled black stars) and 785 nm (open red stars)
melanin spectra at A) day 1, B) day 7, and C) day 25, postexposure. The black dotted line shows the significance threshold.

classified on C=C aromatic ring deformation band. At 25 days,
785 nm continued to highlight aromatic rings and C-N stretching,
with some C=C contribution, while 532 nm primarily used C=C
and C-H in-plane deformation. However, a closer examination
of statistical metrics at both excitation wavelengths is necessary
to validate these findings (Table S6). The time-dependent de-
crease in AUC values observed in ROC curves over time at both
wavelengths further emphasizes the alterations in melanin spec-
tral characteristics following radiation exposure. The PLS-DA
classification using 785 nm spectral data demonstrated excep-
tional performance, with minimal classification errors achieving
perfect sensitivity and specificity (100%) for differentiating
healthy and irradiated mice at all time points except day 25
(88%). Moreover, the PLS-DA models at 532 nm exhibited relative-
ly higher classification errors with poor sensitivity and specificity,
suggesting overfitting or the model’s limitation in capturing the
complexity of the data.

A comparison of VIP scores plots from PLS-DA models con-
structed using VB cross-validation at 532 and 785 nm spectral
data at three different time points are shown in Fig. S5.
Associated statistical values obtained using VB cross-validation
are tabulated in Table S7. VB cross-validation indicated more or
less similar classification and statistical values between 532 and
785 nm data, compared with LOO.

Prediction of time postexposure

PLSR models were developed to predict time postexposure based
on second derivative spectra of melanin within the fingerprint re-
gion (400-1,800 cm™). Initially, we attempted to develop predic-
tion models with all spectral variables in melanin spectra,
considering all three technical replicates from each mouse sam-
ple (total spectra, n=144). PLSR models using leave-LOO and VB
cross-validations were constructed to evaluate the model’s per-
formance. Employing spectra without averaging technical repli-
cates leads to substantial biological variability in the data,
compromising the model's performance with both cross-
validation methods employed. Models were evaluated using
data acquired at both 532 and 785 nm excitation wavelengths,
and corresponding parity plots are shown in Figs. S6 and S7.
Figure S8 illustrates a comparison of VIP scores for PLS models
constructed using 532 and 785 nm spectral data. A comparison
of VIP scores obtained through both LOO and VB cross-validation
(Fig. S8A and B) indicates that PLS models are influenced by the all
the variables in the spectra.

To mitigate biological variability in the models, technical repli-
cates were averaged to create a single representative spectrum for

each sample, and prediction models were rebuilt using PLSR on re-
duced data size (n=48). A comparison of PLS model performance
between 532 and 785 nm data was conducted using both LOO and
VB cross-validations, and parity plots are shown in Figs. S9
and S10. Corresponding VIP scores for these models at 532 and
785 nm are shown in Fig. S11A and B. Interestingly, despite redu-
cing spectral complexity through averaging technical replicates,
PLS models continued to be influenced by the same melanin spec-
tral features, as highlighted by VIP scores in Figs. S8 and S11 and
consequently exhibited poor performance.

Table S8 summarizes the model’s performance metrics at both
excitation wavelengths for LOO and VB cross-validations. The ta-
ble provides R? and RMSE values and the recommended number of
LVs based on cross-validation results. The statistical metrics from
PLSR analysis demonstrate that utilizing all spectral variables
without averaging technical replicates led to suboptimal perform-
ance of the PLS models for both excitation wavelengths. The R?
and RMSE values for these models were unsatisfactory for both
LOO and VB validation methods. Model performance did not im-
prove after averaging technical replicates, showing the model’s
limitations. This is attributed to the models consistently focusing
on the same spectral features, as shown in VIP scores in Figs. S8
and S11. The consistent selection of only one LV further empha-
sizes the model’s inability to capture the complexity of the data.

In our next step, we employed a variable selection step prior to
developing PLS models to identify the most significant features in
spectral regions contributing to the model. Variable selection in
PLS analysis is necessary to identify the most relevant predictors
from a large variable set and improve the accuracy of prediction
models (40-42). Selecting key melanin features within the finger-
print region further improved prediction models and calibration
for both 532 and 785 nm excitation wavelengths. Figure 6A and
B shows cross-validation parity plots illustrating measured and
predicted time points based on selected melanin features at 532
and 785 nm excitation, respectively. Using LOO cross-validation,
PLSR models resulted in two or more LVs, which accounted for
the complexity of the data considering sex, dose, and age factors.
Table S9 summarizes the PLSR model’s performance metrics for
both excitation wavelengths. The RMSE for PLSR models is ~9
days and an R? of 0.1 when using three technical replicates per
mouse as input features. Reducing biological variation with se-
lected key features in melanin improved both R? and RMSE values
for both laser wavelengths, with more significant enhancements
observed at 785nm. The PLS model for time point prediction
yielded an R? of 0.5 and an RMSE of ~7 days for 785 nm. For
532 nm, the PLS model with two LVs resulted in an R? of 0.3 and
an RMSE of ~8.6 days.
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The comparison of VIP scores constructed for 532 and 785 nm
is shown in Fig. 6C. Interestingly, both excitation wavelengths
interacted with melanin differently, leading to distinct feature
selection in PLSR prediction models. This finding is consistent
with the different levels of sensitivity of laser wavelengths to-
wards chromophores in melanin, as discussed above. The
532 nm wavelength predominantly captured spectral informa-
tion associated with C-N and C=C stretching vibrations within
the 1,350-1,700 cm™" region, with a minor contribution from
N-H deformation at 1,120 cm™*. However, the 785nm wave-
length was sensitive to C-N, C=C, and C=0 stretching vibrations
within the (1,320-1,750 cm™), aromatic ring structures
(415cm™), and C-H deformations, primarily within 670-
780 cm ™! spectral ranges.

Similarly, parity plots were constructed using VB cross-
validation, and results are shown in Fig. S12A and B. VB ana-
lysis showed similar but differently weighted variable selection
in VIP scores for each excitation wavelength (Fig. S12C), em-
phasizing the distinct characteristics of both excitation wave-
lengths towards melanin. Table S10 provides the statistical
analysis for PLS models using VB cross-validation at both exci-
tation wavelengths. LOO cross-validation was selected, as it
simulates the way the model might be deployed to real samples
in which all of these data are collected to train a model, and
then a single sample is presented to the model independently
for a time point or triage. In this study, LOO analysis shows
stronger results, although VB cross-validation exhibited simi-
lar RMSE. VB cross-validation (see Supplementary Material)
was also utilized to check against overestimates of model

performance in large sample sizes previously reported with
LOO cross-validation (43-46).

Triage model and dose estimation for extended
dosages using 785 nm

Based on our observation that 785 nm excitation demonstrated
better sensitivity compared with 532nm, we focused our
extended dosage study exclusively on the 785nm excitation
wavelength. To evaluate the proposed method’s ability to differ-
entiate between low- and high-dose irradiated samples, a
PLS-DA model was developed utilizing Raman spectra of pigment
collected at a 785-nm wavelength to classify unexposed mice and
those exposed to various radiation dosages (1, 2, and 4 Gy). The
performance of this classification model is illustrated by the
ROC curves presented in Fig. 7A and B. The model demonstrates
a sensitivity of 75% and a specificity of 78%, suggesting a moderate
capacity to distinguish between unexposed (0 Gy) and exposed (1,
2, and 4 Gy, combined) cases. These metrics indicate that the
model has comparable efficacy in identifying both irradiated
and nonirradiated samples.

The table in Fig. 7C shows balanced classes with similar true
and false rates for each dose, indicating the model’s performance
is consistent across different radiation levels. This balance indi-
cates that the model does not have a strong bias towards any par-
ticular dose, including the ability to differentiate between lower
and higher doses.

To evaluate the model’s discrimination ability between distinct
dose levels (0 versus 1, 2, and 4 Gy), supplementary classification
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models were developed. The performance metrics of these add-
itional models are presented in Table 2. These results demon-
strate that the proposed method effectively differentiates
between unexposed and exposed mice and those who were ex-
posed with lower (0+ 1 Gy) versus higher dose (2+4 Gy) levels.
The cross-validation statistics reveal a progressive improvement
in sensitivity as the radiation dose increases. This trend indicates
moderate sensitivity for detecting low-dose radiation exposure
(1 Gy) and progressively better sensitivity for higher doses (2 and
4 Gy).

Further, dose-prediction analysis was conducted to assess
the uncertainty in radiation dosage estimates at various time
points postexposure. Figure 8 presents parity plots illustrating
the relationship between predicted and actual dosages at differ-
ent time intervals following irradiation across various dose lev-
els. The statistical significance of the regression models for
individual time points was evaluated using a permutation
test. The results demonstrate that these models are statistically
significant at the 95% confidence level. The corresponding
cross-validation metrics for these predictions are detailed in
Table 3.

As shown in Table 3, when all time points are combined, the
uncertainty in dose prediction exceeds 1 Gy. However, when re-
gression analysis is performed for individual time intervals of
days 1, 7, and 25, the uncertainty in dose prediction decreases
to >1 Gy. This observation is consistent with our data above,
which indicated that models incorporating information about
the time elapsed since exposure yield improved exposure
predictions.

Table 2. Cross-validation statistics of the PLS-DA models on the
melanin spectra collected from varying dosages using 785 nm.

Discussion

Melanin plays a crucial role in radiation dosimetry due to its in-
volvement in various physiological processes and ability to absorb
and scatter radiation (9, 47). Understanding melanin’s response to
ionizing radiation is essential, as it offers potential as a biomarker
for radiation exposure and can elucidate the underlying mecha-
nisms of radiation-induced damage (8). Here, we have employed
Raman spectroscopy to identify the unique spectral signatures
of melanin from the hair samples of relatively low-dose
gamma-irradiated C57BL/6 mice and not cause significant cutane-
ous radiation syndromes (CRSs). We utilized dual excitation wave-
lengths of 532 and 785nm to identify the distinctive melanin
features and explored radiation-induced changes that could serve
as promising biomarkers.

The distinct sensitivity of the two excitation wavelengths to
gamma radiation was investigated using second derivative spec-
tra of melanin. Melanin spectra obtained from hair samples of
control and gamma-irradiated mice show visually imperceptible
differences in Raman characteristics at 532 nm (Fig. 2a and b).
Gamma irradiation may induce changes at a molecular level
that donot drastically alter the overall spectrum but affect specif-
ic features used for classification (48). Our findings indicate not-
able spectral changes in melanin for irradiated hair samples
compared with control mice with a 785-nm excitation wave-
length. The amplitude and position of the Raman bands changed,
enabling the characterization of radiation-induced alterations in
melanin at 785 nm (Fig. 2c and d). The more pronounced response
to gamma irradiation at 785 nm is likely due to the preferential
interaction with larger chromophores. The longer conjugation
length of the 785 nm excitation chromophore may be more sus-
ceptible to disruption by radical formation than at 532 nm, which
would explain the greater sensitivity to radiation damage. These
larger chromophores are more susceptible to radiation-induced
changes, including radical formation and melanin aggregation
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Table 3. Validation statistics of the PLSR models for dose
estimation on the melanin spectra collected at 785 nm.

Time points No. of LVs R? RMSE
All time points combined 4 0.571 1.365
Day 1 4 0.609 0.926
Day 7 4 0.667 0.854
Day 25 4 0.589 0.950

To evaluate the potential of Raman spectroscopy as a tool for
rapid medical triage in radiation exposure scenarios, we employed
PLS-DA classification. PLS-DA models were developed to distin-
guish between healthy mice and those exposed to a relatively
low dose (4 Gy) of gamma radiation. The ROC analysis demon-
strates that the PLS-DA models derived from second derivative
spectra of melanin achieved optimal performance in classifying
between healthy and gamma-irradiated mice (Fig. 3A and B).
Validation statistics from models achieved better classification
at 785nm excitation, with a sensitivity of 83%, specificity of
87%, compared with 532 nm, which showed a sensitivity of 79%
and specificity of 75% (Table 1). The model’s AUC values ranged
from 0.85 to 0.91 for 532 and 785 nm, respectively, indicating ex-
cellent discrimination between control and irradiated groups.
The VIP score analysis shows that radiation-induced changes in
melanin’s molecular structure are associated to specific chemical
bonds in the spectral regions of 1,400-1,500 cm™" (C=C and C-N
stretching) and 870-1,116 cm™ (C-H and N-H vibrations) for
785 nm, yet they are not prominently observed at 532 nm (as illus-
trated in Fig. 3C). The inferior performance of classification mod-
els based on 532 nm melanin spectra may be due to 532nm
excitation probing smaller conjugation length chromophores
(28, 29, 49, 50) which have less probability of being disrupted by
radiation-induced damage. Further, triage models based on the
785 nm spectral data showed the ability to discriminate between
mice unexposed and those exposed to varying levels of gamma ra-
diation (1, 2, and 4 Gy; Fig. 7 and Table 2). These triage models ef-
fectively differentiated between lower (0 + 1 Gy) versus higher (2 +
4 Gy) dose levels, demonstrating the ability to distinguish between
different levels of radiation exposure.

Other attempts to perform retrospective dosimetry using hair
have utilized electron spin resonance (ESR) spectroscopy (51). It
hasbeen shown that decay of ESR signal varies with hair color, im-
plying that the radical signal generated by radiation exposure
quenches at time dependent on the type of pigmentation present
(52-54). ESR signals for black hair in humans from high doses
gamma-ray exposure (12 kGy) reached 50% signal intensity within
44-h postexposure, implying that radiation-induced radicals are
quenched—either through damage or recombination—within
about a week postexposure (52). Unfortunately, due to strong
overlapping background signals from melanin and other compo-
nents of hair, ESR is not expected to be appropriate for medical tri-
age at or below doses of about 2 Gy (52), while our results indicate
Raman can work at lower doses.

The time-dependent changes in melanin spectra following ra-
diation exposure indicate the potential of Raman biomarkers for
rapid medical triage applications. Given that the hair growth cycle
in mice typically spans 3-4 weeks (55), the measured time points
of days 1, 7, and 25 postexposure provide an ideal framework for
studying radiation-induced effects. Analysis of second derivative
spectra of melanin in control and gamma-irradiated hair samples
across all three time points demonstrated melanin’s sensitivity to
4 Gy when excited at 785 nm, showing more pronounced spectral
changes compared with 532 nm excitation (as shown in Fig. 4).

The PLS-DA classifications utilizing melanin spectra obtained at
785 nm excitation demonstrated exceptional performance in dif-
ferentiating between control and irradiated mice samples across
all three time points. The ROC analysis achieved excellent results,
yielding perfect sensitivity and specificity (100%) for days 1 and 7,
with a light decrease in performance, but still maintaining a ro-
bust sensitivity of 100% and specificity of 88% at day 25. The time-
dependent decline in AUC values observed in ROC curves for the
785 nm wavelength further emphasizes the significant alterations
in melanin spectral characteristics postradiation exposure
(Table S6). Analysis of VIP scores for each time point revealed
that distinct spectral regions play critical roles in classification
at different postirradiation intervals (Fig. 5A-C). Our dose-
prediction model revealed statistically significant regression mod-
els at different time points postexposure (Fig. 8 and Table 3).
Combining all time points resulted in dose-prediction uncertainty
>1 Gy, but analyzing individual time intervals (days 1, 7, and 25)
reduced uncertainty to <1 Gy. The changing spectral features
over time imply that melanin acts as a dynamic biomarker, poten-
tially reflecting different stages of cellular response to gamma ir-
radiation damage and repair processes. The changes in melanin
features may be associated with depigmentation response associ-
ated with radiation-induced cell damage (11, 56, 57). It may be
beneficial for biodosimetry applications to develop models thatin-
corporate spectral changes at multiple time points to provide a
more comprehensive assessment of radiation exposure and its
downstream biological effects. The temporal analysis allowed us
to track the evolution of melanin’s spectral characteristics and
evaluate their efficacy as indicators of radiation exposure over
time. Although 4 Gy gamma ray may not cause significant damage
to the skin epithelium leading to CRS, when exposed to the whole
body will result in significant hematopoietic acute radiation syn-
drome (H-ARS) in mice as well as humans, manifested within
days after exposure. Thus, the radiation dose and time points
tested in the current study are relevant for triage and clinical
decision-making following a nuclear event.

Our results suggest the chemical changes to the melanin pig-
ment evolve with time following exposure to ionizing radiation.
We employed machine learning algorithms to construct predict-
ive models capable of estimating time postexposure from second
derivative spectral data. Our PLSR models demonstrated different
predictive capabilities and calibration accuracy for both 532 and
785 nm excitation wavelengths (Fig. 6A and B). When incorporat-
ing three technical replicates per mouse as input features, the
models achieve an RMSE of ~9 days. However, this accuracyis fur-
ther enhanced to an RMSE of ~7 days after determining a single
representative spectrum from each mouse sample. Individual
mice, even from inbred strains, can exhibit biological variability
in terms of gene expression and metabolic profiles (58).
Determining a representative spectrum from each mouse sample
(e.g. the average from multiple hairs from a mouse) helped focus
on the core biological signal rather than intrinsic biological vari-
ation. The improved RMSE suggests that using the average spec-
trum effectively reduces noise and captures the most relevant
spectral features associated with radiation-induced changes in
melanin. The VIP scores help identify the most important spectral
regions that contribute to the performance of the model. As dis-
cussed above, the melanin response varied significantly between
the two excitation wavelengths, leading to the selection of distinct
melanin features in the VIP scores from PLSR prediction models
(Fig. 6C). This result not only validates the sensitivity of our
Raman spectroscopy-based method but also highlights its
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potential as a noninvasive tool for retrospective radiation dose as-
sessment in biological systems.

Conclusion

Noninvasive techniques for retrospective detection of radiation
exposure offer significant potential to enhance current biological
dosimetry practices, offering more efficient and accurate ap-
proaches to assessing radiation exposure in various scenarios.
Raman spectroscopy effectively detects radiation-induced mel-
anin changes, enabling rapid, noninvasive identification of low-
dose radiation exposure over time. In this study, hair samples
from mice exposed to 4 Gy gamma irradiation were measured
by Raman spectroscopy to determine the radiation-induced
changes in melanin Raman spectra. Our findings indicate that
785 nm excitation is more sensitive to radiation-induced changes
in melanin compared with 532 nm excitation, which is a critical
factor for use in biodosimetry. This suggests that longer wave-
lengths are more effective for detecting structural modifications
in larger melanin units that are more susceptible to radiation
damage. The enhanced sensitivity of our models, particularly
with 785 nm excitation, shows that Raman spectroscopy could de-
tect subtle changes as low as 1 Gy and possibly at even lower radi-
ation doses. The ability to discriminate exposure above 2 Gy from
lower exposure could be key in effectively triaging patients for
ARS following radiation accidents. The identification of specific
spectral regions (1,400-1,500 and 870-1,116 cm‘l) associated
with radiation-induced changes provides candidate Raman bio-
markers for biological biodosimetry. These markers, linked to
C=C, C-N, C-H, and N-H vibrations, offer a molecular-level insight
into radiation effects on melanin. Our investigation of time-
dependent changes in melanin spectra following radiation expos-
ure is particularly relevant for rapid triage applications. This ap-
proach aligns with the need for quick assessment methods in
emergency situations involving radiation exposure. The ability
to detect spectral changes correlated with radiation exposure sug-
gests the potential for noninvasive quantitative models to esti-
mate radiation dose, which is crucial for triage, clinical
decision-making and treatment applications.
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