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A B S T R A C T

Understanding the composition of bone tissue at the submicron level is crucial to elucidate factors contributing to 
bone disease and fragility. Here, we introduce a novel approach utilizing optical photothermal infrared (O-PTIR) 
spectroscopy and imaging coupled with machine learning analysis to assess bone tissue composition at 500 nm 
spatial resolution. This approach was used to evaluate thick bone samples embedded in typical poly(methyl 
methacrylate) (PMMA) blocks, eliminating the need for cumbersome thin sectioning. We demonstrate the utility 
of O-PTIR imaging to assess the distribution of bone tissue mineral and protein, as well as to explore the 
structure-composition relationship surrounding microporosity at a spatial resolution unattainable by conven
tional infrared imaging modalities. Using bone samples from wildtype (WT) mice and from a mouse model of 
osteogenesis imperfecta (OIM), we further showcase the application of O-PTIR spectroscopy to quantify mineral 
content, crystallinity, and carbonate content in spatially defined regions across the cortical bone. Notably, we 
show that machine learning analysis using support vector machine (SVM) was successful in identifying bone 
phenotypes (typical in WT, fragile in OIM) based on input of spectral data, with over 86 % of samples correctly 
identified when using the collagen spectral range. Our findings highlight the potential of O-PTIR spectroscopy 
and imaging as valuable tools for exploring bone submicron composition.

Introduction

Bone tissue has a fascinating and complex structure, hierarchically 
organized from the nano to the macroscale in a manner that changes at 
any length scale can affect the mechanical function and integrity of bone 
(Buss et al., 2022). At the nano and submicron scales, the hallmark of 
bone is its mineralized extracellular matrix, composed primarily by 
apatite (calcium phosphate) mineral nanocrystals, type I collagen fibrils, 
and water. These form the building blocks of bone structure and integ
rity: mineralized collagen fibrils and bundles on the scale of ~500 nm 
(Buss et al., 2022). Many studies with animal models and human bone 
biopsies have shown that bone tissue-level composition changes with 
aging, disease states, and different drug treatments (Boskey, 2013; 
Boskey and Imbert, 2017; Taylor and Donnelly, 2020). Thus, at its most 
fundamental level, the relative amounts, intrinsic properties, and dis
tribution of matrix components are the drivers of bone tissue quality and 
strength. For example, changes in relative content of mineral, collagen 

and water, mineral nanocrystal size, amount of carbonate (CO3) incor
porated in the mineral, and mineral stoichiometry (Ca/P ratio) have all 
been associated with decreased bone strength with aging and diseases, 
such as in osteoporosis and osteogenesis imperfecta (OI, or brittle bone 
disease) (Boskey, 2013; Boskey and Imbert, 2017; Taylor and Donnelly, 
2020).

Investigations into bone tissue composition have frequently been 
pursued by using vibrational spectroscopic techniques, especially 
Fourier transform infrared (FTIR) and Raman spectroscopy and imaging 
(Taylor and Donnelly, 2020; Boskey and Camacho, 2007; Querido et al., 
2021). These methods have been well established as a label-free tool to 
assess tissue composition and molecular structure based on vibrations of 
their chemical bonds (Baker et al., 2014; Balan et al., 2019). These 
approach allow to simultaneously assess multiple tissue components via 
their “spectral fingerprint”, which comprise diverse absorbance bands 
that can be used for identifying and quantifying specific tissue compo
nents, such as those from bone collagen (Amide I, Amide II, C–H) and 
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apatite (PO4, CO3) (Taylor and Donnelly, 2020; Boskey and Camacho, 
2007; Querido et al., 2021). FTIR and Raman imaging have strengths 
and weaknesses when compared with each other, which has been 
reviewed elsewhere (Taylor and Donnelly, 2020; Querido et al., 2021).

An inherent limitation of conventional FTIR imaging is that its 
spatial resolution is limited to several micrometers (~6–25 µm), which 
cannot adequately capture properties of tissue features at the submicron 
scale of the building blocks of bone tissue quality. The relevance of this 
limitation is illustrated by studies that highlighted the role of submicron 
scale features in bone strength (Abel et al., 2021; Garcia-Giner et al., 
2021; Qian et al., 2020; Sabet et al., 2016; Tai et al., 2007; Zimmermann 
et al., 2011), including for example as mechanisms in age-related hip 
fractures (Ma et al., 2020).

A significant advancement in this field was the recent development 
of optical photothermal infrared (O-PTIR) spectroscopy and imaging 
(Kansiz et al., 2020; Xia et al., 2022), a new modality of infrared spec
troscopy with growing numbers of publications since 2020 (Bakir et al., 
2020; Böke et al., 2022; Bouzy et al., 2023; Klementieva et al., 2020; 
Shaik et al., 2023; Yang et al., 2024). Briefly, the underlying principle of 
this method involves the use a 532 nm (green) detection laser colinearly 
aligned with a pulsed infrared tunable quantum cascade laser (QCL), 
which are focused on the sample surface. The QCL is pulsed onto a ~10 
µm spot size, exciting molecular vibrations and leading to a photo
thermal response, which is monitored by the green laser at a ~500 nm 
spot size at the center of the ~10-µm region. With this strategy, O-PTIR 
imaging overcomes the infrared diffraction limit and enables to obtain 
compositional imaging at an unprecedented submicron resolution.

A great advantage of O-PTIR imaging compared to conventional 
FTIR spectroscopic methods is that it can achieve data collection at the 
high spatial resolution of 500 nm with minimal sample preparation, and 
in non-contact reflection mode. For bone research, this indicates the 
possibility to assess tissue composition at the submicron scale of the 
building blocks of bone tissue (Ahn et al., 2022; Reiner et al., 2023). 
Additionally, this approach enables analysis of thick and intact bone 
samples without the need for cumbersome and challenging thin 
sectioning of calcified bone, which is of great practical value. Advancing 
application of O-PTIR spectroscopy and imaging to investigate bone 
properties may contribute to fill an important gap in revealing bone 
submicron scale composition in a variety of samples, including samples 
for assessment of skeletal diseases and therapeutic interventions.

Another gap in current bone research is the paucity of studies using 
multivariate approaches to investigate the combined role of composi
tional tissue-level properties in bone health (Reiner et al., 2023; 
Abraham et al., 2015; Dragomir-Daescu et al., 2018; Johannesdottir 
et al., 2017). As bone quality and strength are determined by a combi
nation of underlying factors (Felsenberg and Boonen, 2005; Friedman, 
2006), advanced analytical methods are necessary to reveal the multi
factorial relationship between bone tissue properties and bone health. 
Interestingly, recent advancements in machine learning have been 
applied to bone disease research (Smets et al., 2021). Machine learning 
is a technology for effecting non-linear regressions between complex 
data elements (Xu and Jackson, 2019; Greener et al., 2022). For 
example, a typical application in biomedicine might be predicting heart 
attacks based on input data from vital signs and medical history. In 
research on bone fragility in osteoporosis, machine learning has shown 
great potential for bone properties assessment, diagnosis, fracture 
detection, and risk prediction (Smets et al., 2021). Studies on bone 
properties have involved bone mineral density (BMD) (González et al., 
2018; Mohamed et al., 2019; Zhang et al., 2019), microarchitecture 
parameters (Mohanty et al., 2019; Xiao et al., 2020), vertebral fracture 
load (Zhang et al., 2019), and vertebral height (Pang et al., 2019), with 
the ultimate goal of improving detection of bone fragility biomarkers.

Here, our first goal was to establish the novel application of O-PTIR 
spectroscopy and imaging to assess bone submicron composition in thick 
samples embedded in poly(methyl methacrylate) (PMMA) blocks. Our 
second goal was to explore the application of machine learning to 

identify typical and fragile bone phenotypes based on their multivariate 
tissue-level spectral data. Our overall hypotheses are that (1) O-PTIR 
will enable imaging bone tissue composition at superior spatial resolu
tion than of conventional FTIR imaging, and (2) machine learning 
models utilizing O-PTIR spectra as input will accurately predict the bone 
fragility phenotype seen in a murine model of OI.

Materials and methods

Bone samples

All bones used in this study were female mouse tibias embedded in 
PMMA, obtained from a separate IACUC-approved study at the Hospital 
of Special Surgery (HSS) in New York, NY. Bones with “typical” 
phenotype were harvested from wildtype (WT) animals (n = 6), whereas 
bones with a “fragile” phenotype were collected from a mouse model of 
OI (OIM, n = 7), which is characterized by reduced or structurally 
defective collagen formation, leading to impaired bone mineralization 
and increased bone fragility and fractures (Alcorta-Sevillano et al., 
2023; Chipman et al., 1993). Briefly, WT (+/+) and homozygous OIM 
(oim/oim) mice were obtained from Jackson labs and sacrificed at 26 
weeks of age. Tibiae were harvested, cleaned of surrounding soft tissue, 
fixed in 100 % ethanol, and embedded in PMMA. The blocks were then 
cut into 2–4 mm thick segments to expose the bone surface, either 
longitudinally or across the mid-diaphysis, using a IsoMet 100 Precision 
Saw (Buehler).

O-PTIR imaging and spectroscopy

Spectral images of the exposed bone surface were obtained in a 
mIRage sub-micron infrared microscope (Photothermal Spectroscopy 
Corp.), which uses a quantum cascade laser (QCL) source and a 532 nm 
visible probe. Images were collected using 500 nm step size, 1030 cm− 1 

as reference frequency, 44 % IR power, 0.5 % laser power, and 
avalanche photodiode detector (APD). Single-wavenumber images were 
acquired at specific frequencies to visualize the distribution of PMMA, 
mineral, and protein (1735, 1030, and 1650 cm− 1, respectively). The 
images were processed using PTIR Studio software (Photothermal 
Spectroscopy Corp.) to obtained RGB overlays highlighting the co- 
distribution of different components, as well as the ratio of the min
eral image to the PMMA image (mineral/PMMA), which shows the 
distribution of mineral content normalized to that of PMMA and en
hances the visualization of tissue microporosity.

For assessment of the submicron tissue composition in WT and OIM 
samples, we used block segments cut cross-sectionally at the tibial mid- 
diaphysis. Spectra were collected as linescans across the cortical bone, at 
every 500 nm from the endosteum to the periosteum. Three linescans 
were acquired per sample, with each linescan resulting in ~150–250 
spectra. The spectra from each linescan were then divided into three 
regions of cortical bone: 20 % for the endosteal region (ER), 60 % for the 
middle region (MR), and 20 % for the periosteal region (PR). Spectra 
with large PMMA contribution (collected from the pores across the 
cortical bone) were excluded when the intensity of the acrylate peak at 
1735 cm− 1 was more than half of the amide I peak at 1660 cm− 1 (Suppl. 
Fig. 1a). This process typically removed ~5–8 % of spectra from each 
sample.

The spectra were preprocessed using the PLS_Toolbox chemometrics 
software (Eigenvector Research Inc.) within MATLAB by application of 
Savitsky-Golay smoothing and second derivative filters to enhance and 
resolve spectral peaks. The intensities of peaks of interest were assessed 
based on their inverted second derivative heights (Y-axis values), fol
lowed by quantification of peak ratios that reflect mineral content 
relative to protein (1030/1650 cm− 1), mineral crystallinity (1030/1020 
cm− 1), and mineral carbonate content relative to phosphate (875/1030 
cm− 1) (Querido et al., 2021). Finally, the interquartile range (IQR) 
method was employed to identify and eliminate outliers within each 
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dataset; outliers were considered when values were 1.5 × IQR above the 
third quartile (Q3) or below the first quartile (Q1) (Suppl. Fig. 1b). This 
process typically removed ~3–7 % of data for the 1030/1650 ratio, 
~6–13 % of data for the 1030/1020 ratio, and ~2–6 % of data for the 
875/1030 ratio. Means and standard deviations were calculated for each 
animal, and data comparison between WT (n = 6) and OIM (n = 7) 
tissues was carried out on Prism software (GraphPad) using a Krus
kal–Wallis followed by Dunn’s test with statistical significance defined 
at p < 0.05.

Scanning electron microscopy

Visualization of the structure and microporosity of the same samples 
analyzed by O-PTIR imaging was carried out by scanning electron mi
croscopy (SEM) in a FEI Quanta 450FEG in low-vacuum mode. Settings 
for image acquisition were: accelerating voltage at 10 kV, working dis
tance at 10 mm, spot size at 4, and dwell time at 10 µs, using electron 
backscattered detectors.

FTIR imaging

PMMA-embedded bone samples were sectioned at 4 µm thickness 
and deposited onto BaF2 optical windows as part of a separate study at 
the HSS. Standard FTIR images were obtained using a Spotlight 400 
(PerkinElmer) in transmission mode, with 4 cm− 1 spectral resolution, 2 
co-added scans, and either 25 µm or 6.25 µm pixel resolution. Images 
were analyzed using the ISys 5.0 chemical imaging analysis software 
(Malvern Instruments), to visualize the distribution of specific samples 
components (PMMA, mineral, and protein) based on the raw spectra 
intensity of their corresponding peaks (1735, 1030, and 1650 cm− 1, 
respectively). The ratio of the mineral image to the PMMA image 
(mineral/PMMA) was also obtained.

Machine learning

Analysis was carried out using the second derivative of the O-PTIR 
spectra collected from WT and OIM samples, which sum a total of 
~8300 spectra with 501 variables (wavenumbers) each. The distribu
tion of the first principal components of spectra from each of the mice 
overlap greatly, and are therefore similar enough to combine together as 
we have done in this study (Suppl. Fig. 2). For analysis, three spectral 
ranges were considered: whole range (1800–800 cm− 1), collagen range 
(1800–1200 cm− 1, comprising primarily protein peaks), and apatite 
range (1200–800 cm− 1, comprising primarily mineral peaks). Principal 
component analysis (PCA) was initially performed using The Unscram
bler software (CAMO) to visualize the distribution and separation of WT 
and OIM data based on their scores plot. The spectral data were then 
reduced using PCA with dimension n = 3. The PC-reduced data were 
clustered using a support vector machine (SVM) using a radial basis 
function (RBF) kernel. The RBF kernel projects the points into a higher 
dimensional space computed as a decaying exponential of the distances 
between pairs of points. The SVM then computes an optimal hyper
dimensional linear decision boundary. To ensure a weighted and even 
analysis, SVM training and testing was carried out using the same 
number of spectra from each mouse (250 spectra randomly selected) and 
the same number of WT and OIM mice (n = 6). Cross-validation was 
used to test performance, with a 75/25 train/test split and results 
averaged over n = 20 iterations. Results were computed as a confusion 
matrix, showing percentages of WT and OIM samples that were correctly 
identified.

Results

PMMA-embedded bones in thick sections cut longitudinally could be 
easily visualized using the O-PTIR microscope in brightfield mode for 
identification of cortical bones, bone marrow space, and surrounding 

PMMA (Fig. 1a). O-PTIR spectra from cortical bone showed all typical 
peaks of bone collagen (Amide I, Amide II, C–H) and apatite (PO4, CO3) 
(Fig. 1b), as expected from a conventional FTIR spectrum (Querido 
et al., 2021). The main peak of PMMA (acrylate C––O) can be used as a 
reference point to identify and exclude spectra with large PMMA 
contribution, as it is the most intense PMMA peak and does not overlap 
with peaks of mineral and collagen in bone. Observing the same samples 
by SEM revealed further details of the cortical tissue structure, such as 
microporosity (Fig. 1c). Spectral imaging highlights the distribution of 
PMMA and bone mineral and protein components throughout the same 
region, as well as their co-distribution by visualization of RGB overlays 
(Fig. 1c). It is interesting to note the distribution of PMMA within the 
tissue microporosity, as well as the presence of protein in the bone 
marrow space. The identification of mineralized tissue was very clearly 
limited to the cortical bone regions. In the overlays, it is possible to 
identify the periosteal tissue, which comprises protein (seen in red), but 
no mineral (green, overlaid with red in bone, seen as yellow). These 
results demonstrate the feasibility of O-PTIR spectroscopy and imaging 
to assess tissue-level composition of PMMA-embedded bone samples.

Additionally, we noticed that the single-wavenumber mineral image 
normalized to the PMMA image (mineral/PMMA) could provide a 
detailed view of bone microporosity (Fig. 2a), which showed great 
spatial correlation with observations done using SEM (Fig. 2b). 
Furthermore, it was possible to obtain spectra with submicron spatial 
resolution from tissue structures of interest, such as in linescans 
collected at 500 nm step size across a single pore (Fig. 2c). In this 
example, 100 spectra could be collected within a 50 µm linear region, 
showing clear differences in the spectra from the bone tissue around the 
pore and the pore space, which is filled by PMMA. A closer look at 
spectra from the pore, the edge of the tissue, and the tissue itself further 
demonstrate that PMMA contributions to the spectra were limited to 
those within and closely adjacent to the pores, with minimal contribu
tion to spectra of the bone tissue itself (Suppl. Fig. 3). This represents a 
spatial resolution unattainable by conventional FTIR imaging, opening 
new avenues for analysis of structure-composition associations in bone 
tissue.

The advantage in the use of O-PTIR imaging for analysis of thick 
samples at high spatial resolution may be better appreciated when 
directly compared to FTIR images, carried out with typical thin sections 
of mouse bone embedded in PMMA (Suppl. Fig. 4a). It is clear to see in 
the brightfield image some challenges involved in obtaining thin sec
tions of calcified tissues, such as the presence of numerous folds and 
artifacts and loss of tissue (Suppl. Fig. 4b). Additionally, it is interesting 
to note the FTIR images acquired at standard pixel resolutions of 25 µm 
and 6.25 µm to show the distribution of PMMA, mineral, and protein, as 
well as the mineral/PMMA ratio (Suppl. Fig. 4c). Although this type of 
images has great reverence for bone analysis, they simply do not reach 
the same level of detail as those obtained by O-PTIR imaging at 500 nm 
spatial resolution. To better illustrate the advantage that this higher 
resolution can bring, we also acquired O-PTIR images from a thick 
section of PMMA-embedded mouse bone cut cross-sectionally using 
different spatial resolution settings (Suppl. Fig. 5). Images acquired 
using 25 and 6 µm resolution exemplify the typical level of detail ach
ieved by conventional FTIR imaging, where tissue microporosity are 
blurry and hard to precisely appreciate. On the other hand, images ac
quired at 3 and 0.5 µm resolution highlight the superiority of O-PTIR 
resolution to visualize bone microporosity with greater clarity.

In cross-sections of WT and OIM bones, linescans could be easily 
collected across the cortical bone thickness (Suppl. Fig. 6a), resulting in 
a rich array of spectra reflecting bone submicron-scale composition 
throughout endosteal, middle, and periosteal regions (Suppl. Fig. 6b). 
Quantification of peak ratios from each bone region (Suppl. Fig. 6c) 
showed variations in differences between WT and OIM across different 
bone regions. Mineral content, indicative of the relative amount of 
mineral normalized to the amount of protein, was significantly greater 
in OIM than WT samples only in the middle and periosteal regions. 
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Additionally, mineral crystallinity, indicative of the maturity and 
structural order of the mineral, presented generally lower values in OIM 
samples compared to WT, which was closer to significant in the peri
osteal region. No significant differences were observed between WT and 
OIM samples in carbonate content, indicative of the amount of car
bonate normalized to the amount of phosphate in the mineral.

Finally, the thousands of spectra collected from WT and OIM bone 
samples were processed for machine learning analysis, considering 
different spectral ranges to highlight peaks of collagen or apatite 
(Fig. 3a). PCA score plots for each spectral range show differences in the 
separation of spectral data from WT and OIM samples, with a clearer 
separation obtained considering the collagen range, in contrast to a large 
data overlap when considering the apatite range (Fig. 3b). Accordingly, 
SVM models created using the different spectral ranges showed distinct 
predictive accuracy to identify WT or OIM bone phenotypes based on 
input of spectral data (Fig. 3c). In particular, 86 % of the WT and 90 % of 
OIM samples were correctly identified by the model using the collagen 

range, whereas only 60 % of WT and 81 % of OIM samples were iden
tified correctly using the apatite range. This is an interesting and novel 
result, which not only corroborates the importance of collagen under
lying OI pathogenesis, but also highlights the application of machine 
learning to distinguish typical and fragile bone phenotypes based on 
their tissue-level spectral data.

Discussion

We present a new approach to assess the fascinating composition of 
bone tissue at the submicron level. O-PTIR spectroscopy and imaging is a 
recent modality of infrared spectroscopy, which has just begun to be 
explored to assess bone mineralization (Ahn et al., 2022; Reiner et al., 
2023). In 2022, Ahn et al. (2022) described the application of O-PTIR 
spectroscopy to evaluate changes in tissue-level composition along bone 
aging, noticing that the quantified matrix/mineral ratio decreased as the 
tissue matured. They also described a larger variation in this spectral 

Fig. 1. O-PTIR spectral imaging of PMMA-embedded bone at submicron resolution. (a) Brightfield image of the exposed bone surface in a thick PMMA block cut 
longitudinally. (b) O-PTIR spectra of cortical bone and PMMA with typical peaks labelled. (c) SEM image of tissue structure and O-PTIR single-wavenumber images of 
the distribution of PMMA and bone mineral and protein, including RGB overlays.
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parameter in younger tissue than in older tissues, as well as the presence 
of wave patterns in the matrix/mineral ratio values progressing from 
young to mature tissues. In 2023, Reiner et al. (2023) applied O-PTIR 
spectroscopy to evaluate bone samples subjected to progressive 
demineralization and thick segments of human cadaveric femur. The 
authors compared raw spectra, second derivative spectra, and quantified 
peak ratios obtained by O-PTIR spectroscopy and standard FTIR spec
troscopy from the same samples. They showed that the O-PTIR spectral 
features were typical and comparable to those of FTIR, although some 
differences between the modalities were noticeable. They showed sig
nificant correlations between spectral parameters quantified by both 
methods, such as mineral content, mineral maturity, and mineral car
bonate content, contributing to the ongoing validation of O-PTIR to 
assess bone tissue compositional properties. Additionally, by using 
multivariate partial least square regression (PLS) analysis, they showed 
that combining multiple O-PTIR parameters significantly enhanced 
prediction of proximal femur stiffness, highlighting the relevance of 
submicron tissue compositional properties as factors underlying bone 
mechanical function.

Here, we take a significant step forward by combining two innova
tive aspects. First, the analysis of bone samples embedded in thick 
PMMA blocks. This can open a new possibility for assessment of typical 
PMMA-embedded bone biopsies, without the need for cumbersome thin 
sectioning of calcified tissue. Second, the application of machine 
learning for identification of “typical” or “fragile” bones based on their 
O-PTIR spectral data. This approach shows immense potential towards 
an automated analysis of spectral data to aid in the evaluation and 
diagnosis of bone diseases, as well as in assessing changes in bone tissue 
quality during drug treatments in pre-clinical studies. Additionally, this 
study highlights the possibility of using O-PTIR images for correlative 
microscopy. For example, overlaying SEM images of tissue 

microporosity with O-PTIR images of tissue composition can enable to 
examine not only how the tissue looks like, but also what are its 
compositional properties at submicron-scale regions of interest.

We noticed that spectra with large PMMA contributions were limited 
primarily to those from the pores within the bone tissue. In the spectra of 
bone tissue itself, the contribution of PMMA was minimal, based on the 
relative intensity of the acrylate peak at 1735 cm− 1 to that of amide I 
peak at 1660 cm− 1. Additionally, as shown in Fig. 1b, the main peaks of 
bone mineral and collagen do not overlap with those of PMMA; thus, 
unless contamination is excessive, a small contribution of PMMA to bone 
spectra should not influence quantitative analysis. However, an 
approach that may be considered in future studies to remove contribu
tion of PMMA is performing standard spectra subtraction (Lebon et al., 
2011).

The key to successfully treat prevalent skeletal diseases relies on 
understanding changes in the tissue leading to reduced bone quality and 
increased fracture risk. Bone fragility diseases are a major public health 
problem, affecting hundreds of millions of people worldwide (Clynes 
et al., 2020; Curtis et al., 2017). Fragility fractures often lead to signif
icant morbidity, mortality, and decreased quality of life, as well as a 
significant economic burden (Clynes et al., 2020; Curtis et al., 2017). In 
routine clinical practice, bone mineral density (BMD) is the primary 
correlate of bone strength used for diagnosis and assessment of fracture 
risk (Unnanuntana et al., 2010). However, it is well recognized that 
assessment of BMD alone is a poor predictor of bone strength, and 
current assessment misses nearly half of individuals at risk of fractures 
(Jiang et al., 2017; Trémollieres et al., 2010). Analysis of bone biopsies 
are standard in searching for more detailed diagnosis of bone diseases, 
such as osteomalacia and osteoporosis, as well as to diagnose osteosar
coma or other types of bone cancer. However, bone histomorphometry is 
often cumbersome and cannot inform on multiple key compositional 

Fig. 2. SEM and O-PTIR images of bone microporosity. (a) O-PTIR image of the mineral/PMMA single-wavenumber image ratio of the exposed cortical bone surface 
in a thick PMMA block. (b) Overlay of the O-PTIR image of the mineral/PMMA ratio onto the SEM image of the same sample. (c) SEM and O-PTIR image of the same 
group of micropores, highlighting spectra collected in a linescan across a single pore.
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properties of bone mineral and matrix. Thus, there is a current need for 
alternative and adjunct approaches to improve assessment of bone 
quality, which could aid in diagnosis of bone diseases and more timely 
and targeted treatment.

FTIR and Raman imaging has been widely used to explore changes in 
bone tissue composition with disease and drug treatment, as summa
rized by Taylor and Donnelly (Taylor and Donnelly, 2020). Here, our 
results are comparable with previous findings obtained using standard 

analyses of bones from different mouse models of OI. In particular, 
cortical bone investigations using FTIR imaging (Masci et al., 2016; 
Boskey et al., 2015; Coleman et al., 2012; Camacho et al., 2003) and 
Raman spectroscopy (Yao et al., 2013; Bi et al., 2017; Oestreich et al., 
2016; Daley et al., 2010) showed that compared to WT, bones from OI 
animals generally have higher mineral content and unchanged mineral 
crystallinity and carbonate content. However, it is important to high
light that those previous studies relied primarily on using bulk sample 

Fig. 3. Machine learning analysis of O-PTIR spectral data of WT and OIM bone samples. (a) 2nd derivative of the spectra (inverted), highlighting spectral ranges 
comprising peaks of collagen and apatite. (b) PCA score plots obtained using data from different spectral ranges. (c) Development and cross-validation of SVM models 
(250 spectra per mouse, 6 mice per group; 75/25 train/test split) using each spectral range, highlighting the predictive accuracy of each model to correctly identify 
WT or OIM phenotypes based on input of spectral data (n = 20 iterations).
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analysis or imaging at microscale resolution (~6–25 µm pixel resolu
tion). Here, using O-PTIR spectroscopy, we were able to collect spatially 
defined spectra at 500 nm resolution across different cortical bone re
gions (endosteal, middle, periosteal). This allowed noticing new region- 
dependent differences between WT and OIM bones, with more signifi
cant differences seen in the periosteal region. Compared to the endosteal 
region, bone tissue at the periosteal region has lower remodeling activity 
with bone formation often exceeding resorption, playing key roles in 
appositional bone growth and fracture repair (Clarke, 2008). Interest
ingly, mechanical loading strains has been described to be especially 
prominent on periosteal regions (Turunen et al., 2016; Pereira et al., 
2015), highlighting the importance of the periosteal tissue for bone 
mechanical function. Based on our new findings, it is conceivable that 
the OI effects on periosteal bone tissue properties may be a key factor 
underlying pathogenesis and increased bone fragility. This can motiva
tive future studies testing new therapeutics in OI mouse models to focus 
particularly on how they improve bone quality at the periosteal tissue.

An advantage of achieving this resolution is highlighted in the 
microporosity images shown here, especially in Suppl. Fig. 5, which 
shows a direct comparison of images from the same region acquired 
using different resolutions. It is obvious that to assess detailed features of 
bone tissue, such as microporosity associated with osteocyte lacuna, the 
higher resolution achieved using O-PTIR imaging is necessary. For 
example, an area of active and emergent research has been on the role of 
osteocytes in directly remodeling their local bone matrix lining the la
cuna via perilacunar remodeling (PLR), which changes the material 
properties of the perilacunar tissue and can affect bone mechanical 
properties and resistance to fractures (Choi et al., 2021; Qing and 
Bonewald, 2009; Kegelman et al., 2020; Creecy et al., 2020; Dole et al., 
2017; Dole et al., 2021; Sieverts et al., 2024). However, as the peril
acunar tissue extends only a few microns from the lacunar wall 
(Bonivtch et al., 2007; Rux et al., 2022), FTIR imaging cannot 
adequately assess its composition. Although Raman spectroscopy can 
achieve a better spatial resolution than FTIR imaging (Taylor and 
Donnelly, 2020; van der Meijden et al., 2023) and has been applied to 
investigate the perilacunar matrix (Gardinier et al., 2016; Bolger et al., 
2023), the novel application of O-PTIR to provide images of bone 
composition at submicron resolution may greatly benefit the field by 
offering an excellent approach to gain new insights into the composi
tional features of the minute perilacunar tissue, as well as how it is 
associated with bone disease and fragility.

Additionally, our results using different ranges of the spectral data as 
input in machine learning models are interesting. Comparing the accu
racy of the models in correctly identifying OIM samples based on the 
collagen range (90 %) or mineral range (81 %) highlights that changes in 
collagen are more prominent markers underlying the OIM phenotype. As 
OI is attributable to mutations of type I collagen, our findings are 
reasonable, and add to the validity of this approach to distinguish and 
identify bones with different compositional properties based on spectral 
data. Moreover, these results highlight the multifactorial relationship 
between tissue-level composition and bone fragility phenotype, which 
may not be captured using conventional univariate metrics. This is in 
line with the previous study by Reiner et al. (2023), which described 
that models for prediction of bone stiffness based on input of combined 
O-PTIR-derived submicron compositional properties was superior than 
models using either single properties or combined FTIR properties. 
Together, these studies support and encourage future research applying 
multivariate chemometrics and machine learning to elucidate the 
complex relationship between tissue composition and disease or me
chanical function, which will bring new insights into mechanisms and 
underlying factors of bone fragility. Future research is necessary to 
investigate whether machine learning predictions using O-PTIR 
submicron-scale data differs from those using standard FTIR micron- 
scale data of the same samples, which may further contribute to un
derstanding the role of bone matrix composition at different length 
scales to bone quality and strength.

O-PTIR imaging has remarkable advantages; however, it also has 
limitations. One of them is that it requires long acquisition times for 
hyperspectral imaging at high 500-nm resolution. For example, imaging 
a 30 × 30 µm area can take ~20 h depending on the settings. The system 
does offer options for single-wavenumber imaging, which are much 
faster than hyperspectral; imaging for example the distribution of 
PMMA and mineral in the same 30 × 30 µm area takes only a couple of 
minutes. In this case, each image is created based on the intensity of the 
raw spectral frequencies at 1735 and 1030 cm− 1, respectively. Although 
this is a great approach, a few details need to be considered, especially 
when pursuing quantitative assessment of peak ratio images. First, O- 
PTIR imaging in reflection mode is overly sensitive to focus of the green 
laser on the sample surface, and single-wavenumber imaging of slightly 
rough or slanted samples often leads to artifacts, in our experience. This 
can be overcome by polishing and/or selecting smaller areas to image 
where the focus is similar throughout the surface. Second, quantitative 
assessment based on the ratio between two single-wavenumber images 
should be done with care, as each image reflects the height (Y-axis 
value) of the raw peak, with no spectral processing applied. This is 
important because established approaches to quantify compositional 
tissue properties based on infrared spectra primarily involves spectral 
processing and calculation of peak intensities as areas or second deriv
ative peak heights (Taylor and Donnelly, 2020; Boskey and Camacho, 
2007; Querido et al., 2021); thus, assessment of the single-wavenumber 
raw intensity ratio may need to be further validated for reliable quan
titative analysis.

Our study demonstrates the novel application of O-PTIR spectros
copy and imaging to assess bone tissue composition with submicron 
spatial resolution in thick embedded samples. Moreover, machine 
learning analysis highlights the potential of this approach to use tissue- 
level spectral data to identify fragile bones at risk of fracture. In 
particular, this method may be of value for the analysis of samples from 
animals in pre-clinical studies on the effects of new therapeutic in
terventions for skeletal diseases and typical bone biopsies from in
dividuals under examination for diseases, such as osteoporosis, 
osteomalacia, and bone cancer. Research on this field may greatly 
contribute to elucidate the role of bone submicron composition under
lying skeletal diseases, as well as offer a new perspective to improve 
diagnosis and the design of optimized treatment strategies. Further ap
plications of O-PTIR spectroscopy and imaging combined with machine 
and deep learning analysis may offer an innovative approach to inves
tigate mineralized tissues across disciplines (bone biology, orthopedics, 
dental, archeology, paleontology, forensics).
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