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 � GENERAL ORTHOPAEDICS

Near- infrared spectroscopy for structural 
bone assessment
A POTENTIAL POINT- OF- CARE TOOL

Aims
Disorders of bone integrity carry a high global disease burden, frequently requiring inter-
vention, but there is a paucity of methods capable of noninvasive real- time assessment. Here 
we show that miniaturized handheld near- infrared spectroscopy (NIRS) scans, operated via a 
smartphone, can assess structural human bone properties in under three seconds.

Methods
A hand- held NIR spectrometer was used to scan bone samples from 20 patients and predict: 
bone volume fraction (BV/TV); and trabecular (Tb) and cortical (Ct) thickness (Th), porosity 
(Po), and spacing (Sp).

Results
NIRS scans on both the inner (trabecular) surface or outer (cortical) surface accurately identi-
fied variations in bone collagen, water, mineral, and fat content, which then accurately predict-
ed bone volume fraction (BV/TV, inner R2 = 0.91, outer R2 = 0.83), thickness (Tb.Th, inner R2 = 
0.9, outer R2 = 0.79), and cortical thickness (Ct.Th, inner and outer both R2 = 0.90). NIRS scans 
also had 100% classification accuracy in grading the quartile of bone thickness and quality. 

Conclusion
We believe this is a fundamental step forward in creating an instrument capable of intraop-
erative real- time use.

Cite this article: Bone Jt Open 2023;4-4:250–261.
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Introduction
Currently, there are no point- of- care non- 
disruptive surgical tools that can assess the 
structural properties of bone, despite bone 
fractures and degeneration being a leading 
indication for surgery worldwide,1,2 and 
bone incisions being routinely required in 
a range of operations.3- 9 Instead, clinicians 
are reliant on assessments, which are crude 
and based on preoperative risk factors (e.g. 
age, sex, diabetes, obesity)10,11 or intraoper-
ative findings (e.g. feel of the bone, fracture, 
frailty, thickness). Imaging techniques, such 
as MRI, CT, and dual- energy X- ray absorp-
tiometry scans,12 are resource- and time- 
intensive, and have limited capacity to assess 

bone volume fraction, morphology, or mate-
rial properties.12 Intraoperative probes such 
as the DensiProbe (AO Foundation, Switzer-
land)13,14 are invasive and disrupt the integrity 
of the bone.13 Noninvasive instruments, such 
as BoneIndex (Finland), are based on ultra-
sound, and cannot assess microstructural 
properties. This has significant clinical rami-
fications because surgical reconstruction 
methods are not tailored to the structural 
properties of the patient’s bone (e.g. using 
mismatched screws, rods, pins, or plates 
not suitable for poor quality bone; or inad-
equate reinforcement of weak bone during 
advanced operative techniques; distinction 
between fixation versus joint arthroplasty, 
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etc). These evaluations can impact an array of postop-
erative morbidity and mortality, including poor healing, 
malunion of bone, technical failure, infection, re- inter-
vention, and mortality.15–18

Non- perturbative bone assessment techniques using 
vibrational spectroscopy (such as Raman), mid- infrared 
spectroscopy (MIR), and near- infrared spectroscopy form 
a promising technological platform to assess bone integ-
rity non- destructively during surgical procedures. Raman 
spectroscopy and MIR have been used for bone quality 
assessment,19–22 but have significant limitations. These 
include highly calibrated instrumentation, manage-
ment of interference from fluorescence (Raman spec-
troscopy), poor penetration depth of MIR spectroscopy 
(< 10  µm into soft- tissue), and high cost. In contrast, 
scans using near infrared spectroscopy (NIRS) are rapid, 
penetrate deeper into biological tissues (0.5 to 5  mm 
wavelength dependent), and use economical instrumen-
tation providing information on overtone and combina-
tion bands from macromolecular functional groups.23,24 
Existing studies have demonstrated the ability of NIRS 
scans to assess animal24 and cadaveric human25 connec-
tive tissues, and to predict the integrity of articular carti-
lage.26,27 However, no study has adapted miniaturized 
NIRS scans for assessment of fresh human bone, which is 
an important need/requirement for intraoperative use. In 
this proof- of- principle study, we examined the capacity 
of NIRS scans for non- destructive, rapid characterization 
and prediction of human sternal bone structural proper-
ties, assessed and cross- validated via the gold- standard 
Micro- CT scans.

Methods
Human bone samples. Fresh bone samples were collected 
prospectively from 20 consecutive donors providing or-
gans for transplantation between 25 January and 27 July 
2021 from the Australian Donation and Transplantation 
Biobank in Victoria, Australia, as shown in Figure 1. Bone 
samples were acquired intraoperatively at the time of or-
gan retrieval from the sternotomy incision. To best emu-
late in vivo surface geometry, bone rongeurs were used 
to excise a 10 mm × 10 mm adjacent to the incision. The 
samples were taken from the entire thickness of the ster-
num, and therefore encompassed both the outer (corti-
cal) surface and inner (trabecular) content, with repre-
sentative samples shown in Figure 1 and Supplementary 
Figure b. Samples were transported on ice with organs to 
the donor retrieval surgical team, and immediately stored 
in 2 ml Eppendorf tubes, snap- frozen in liquid nitrogen, 
and stored in cryogenic tanks at -80°C. Samples were 
thawed for subsequent analysis.
NIRS scans. We obtained a three- second point- of- care 
scan of bone samples using a miniaturized NIRS instru-
ment (Neospectra Puck v1.0; Si- ware Systems, USA). The 
instrument contained a spectrometer size of 32 × 32 × 22 

mm (weight 17 gm), allowing handheld use with direct 
application onto tissue. Spectra were collected using a 
computer using the inbuilt app software (SpectroMOST 
micro, v 1.0, NeoSpectra; Si- ware Systems). Scans were 
taken at a spectral resolution of 16 nm as previously de-
scribed for biological samples.24

Micro-CT (gold standard). To establish baseline structural 
properties of the bone as the ‘gold standard’ for com-
parison,28,29 all fresh samples were subjected to Micro- 
CT (μCT50; Scanco Medical AG, Switzerland) after NIRS 
assessment (Table  I). Similar to medical CT scans, these 
scans use 3D reconstructions CT images to deduce struc-
tural properties of both the outside (cortical) and inside 
(trabecular) of bone, with bone volume fraction (BV/
TV) used as a surrogate to assess the quality of bone 
(Supplementary Figure b). All samples were scanned in 
with a 0.5  mm artificial intelligence (AI) filter at an en-
ergy of 55 kVp, intensity of 145 μA, integration time of 
200 ms, 6 × frame averaging, and a voxel (native) resolu-
tion of 10.3 μm. Two samples were placed side- by- side in 
a 34 mm vial. Following scanning, samples were returned 
to their sample vials and stored at -20°C. Following scan-
ning, a constrained 3D Gaussian filter was used to part-
ly suppress the noise in the volumes (sigma of 0.8 and 
support of one voxel), and mineralized tissue was seg-
mented from soft- tissues with a global threshold (22.4% 
of the maximum greyscale value). Cortical and trabecular 
masks were created using a series of automated scripts, 
and morphometric parameters were determined in each 
compartment. Parameters determined in the trabecular 
bone include bone volume fraction (BV/TV), trabecular 
thickness (Tb. Th), trabecular spacing (Tb. Sp), and tra-
becular number (Tb. N). Cortical porosity (Ct. Po) and 
cortical thickness (Ct. Th) were assessed in the cortical 
volume.
Statistical analysis. Clinical data were collected and man-
aged using Research Electronic Data Capture (REDCap) 
electronic data capture tools hosted at Australian 
Donation and Transplantation Biobank (ADTB) which is 
a secure, web- based software platform designed to sup-
port data capture for research studies. Analysis of clinical 
data was performed using Stata v15.0 (StataCorp, USA), 
with clinical variables reported as either counts with cor-
responding percentages, or medians with interquartile 
ranges (IQRs). Differences between sexes were assessed 
using paired t- test for proportions and Mann- Whitney 
U test for continuous variables. Correlations between 
micro- CT variables were carried out using linear regres-
sion analysis and reported as correlation coefficients and 
95% confidence intervals (CIs).

We compared results from NIRS scans with the 
micro- CT gold standard as outlined in Figure  1. First, 
NIRS scans were analyzed using PLS toolbox (Eigenvector 
Research, USA), an extensive suite of machine- learning 
and statistical tools for advanced data analysis, which can 
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Fig. 1

Study design to evaluate human bone using near- infrared spectroscopy. A total of 20 donors undergoing median sternotomy at the time of organ retrieval for 
transplantation provided human bone samples. These were procured from the median sternotomy wound using bone rongeurs and stored at -80°C when 
not being analyzed. Bone samples were analyzed using a miniaturized near- infrared spectrometer so as to acquire spectra in two orientations: the cortical, 
PT (grey) and trabecular, TH (green) regions; and micro- CT. Parameters from Micro- CT were then correlated with NIR spectral data. Spectral data were pre- 
processed in 50 different ways using Nippy python module, and passed on for machine- learning. Abbreviations: AUC- ROC, area under curve of receiver 
operator characteristics; micro- CT, micro CT; NIR, near- infrared spectroscopy; PLS- DA, partial least square discrimination analysis; PLS- R, partial least square 
regression; RMSECV, root mean square of cross validation; RMSEP, root mean squared error of prediction; SVM, support vector machine.
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be operated within MATLAB environment (MathWorks, 
USA). In addition, Jupyter notebook (Project Jupyter, 
USA), an interactive web- based computing platform 
equipped with an extensive data analysis library, was used 
for computational learning. We employed the following 
data cleaning strategies: i) data were visually examined 
to ensure that all absorption bands were consistent with 
those reported in literature;24,27,30–32 ii) principal compo-
nent analysis (PCA) was employed for outliers detection, 
and the resulting hotelling’s T- squared distribution (T2) 
and leverage score were used to determine outliers; iii) all 
outliers were excluded while the rest of the dataset was 
passed on for modelling. Optimal preprocessing steps 
were determined via NIPPY python module.33 Overall 50 
NIPPY pipelines were explored, and preprocessed spec-
tral corresponding to each donor were averaged before 
finally deployed for machine learning. For the train- test 
split methods, bones from different donors were used for 
training (13 patients) and for independent testing (seven 
patients).

The corresponding PLS- R score plots of the model 
(latent variable = 6) developed using the LOOCV (leave 
one out cross validation). Medians of the technical repli-
cates acquired from each donor’s sternal bone were 
used to avoid overfitting of models, thereby avoiding 
the ‘technical replicate trap’. Classification analyses 
were performed via support vector machine (SVM) by 

considering the quartiles of the micro- CT parameters (Q1, 
Q2, Q3, and Q4) as the target variables. The best SVM- C 
models were determined using model metrics such as 
accuracy, precision, and recall, while PLS- R models were 
evaluated using the correlation coefficient (R2), the root- 
mean- square error of cross validation (RMSECV), low 
root- mean square error of prediction (RMSEP), prediction 
bias, and calibration bias. An independent correlation 
using Spearman’s rank correlation analysis was further 
used to show correlation between the Micro- CT parame-
ters and predicted using NIR data.

Results
Fresh human bone for NIRS analysis. We obtained bone 
samples from 20 patients at a median age of 51 years (IQR 
35 to 59), 12 (60%) of whom were male with a median 
BMI of 25.8 kg/m2 (IQR 22.3 to 30.5). Further demograph-
ic and clinical details are outlined in Table I. The median 
bone volume, determined by micro- CT (Supplementary 
Figure b), was 17.97% (IQR 16.54 to 19.19), with other 
structural properties as outlined in Table I.
NIRS scans of bone. To assess the capacity of miniaturized 
NIRS to identify differences in bone quality, we compared 
the NIRS scans of bones from four different quartiles 
of bone volume fraction (BV/TV). We were able to un-
dertake five NIRS scans in three seconds. Averaged NIR 
scans from each quartile of BV/TV (Figure  2) show key 

Table I. Demographic distribution of donors from whom bone was obtained, stratified by sex.

Variable All donors (n = 20) Females (n = 8) Male (n = 12) p- value

Demographics
Median age, yrs (IQR) 51 (35 to 59) 55 (46 to 59) 50 (42 to 58) 0.54*

Donation after brain death, n (%) 13 (65.0) 5 (62.5) 8 (66.7) 0.85†

Caucasian race, n (%) 17 (85.0) 7 (87.5) 10 (83.3) 0.80†

Median height, cm (IQR) 171.6 (164.5 to 180.5) 162.5 (157.5 to 166.5) 177.5 (174.5 to 181.5) < 0.01*

Median weight, kg (IQR) 72.0 (64.5 to 93.0) 72.0 (60.0 to 92.5) 76.5 (65.5 to 97.0) 0.40*

Median BMI, kg/m2 (IQR) 25.8 (22.3 to 30.5) 28.3 (23.0 to 34.4) 24.3 (22.3 to 27.3) 0.32*

Comorbidities, n (%)
Asthma 2 (10.0) 2 (25.0) 0 (0.0) 0.07†

COPD 6 (30.0) 3 (37.5) 3 (25.0) 0.55†

Ischaemic heart disease 4 (20.0) 1 (12.5) 3 (25.0) 0.49†

Diabetes Mellitus 5 (15.0) 2 (25.0) 3 (25.0) 1.00†

Smoking history 18 (90.0) 7 (87.5) 11 (91.7) 0.76†

Osteoporosis 2 (10.0) 1 (12.5) 1 (8.3) 0.76†

Micro- CT
Median cortical porosity, % (IQR) 8.38 (7.55 to 11.76) 8.38 (7.69 to 11.80) 8.38 (6.96 to 10.86) 1.00*

Median cortical thickness, mm (IQR) 0.40 (0.35 to 0.46) 0.41 (0.35 to 0.49) 0.40 (0.36 to 0.44) 0.59*

Median trabecular number, mm-1 (IQR) 1.92 (1.72 to 2.03) 1.91 (1.53 to 1.99) 1.95 (1.82 to 2.24) 0.24*

Median trabecular spacing, mm (IQR) 0.49 (0.45 to 0.56) 0.49 (0.47 to 0.62) 0.49 (0.43 to 0.52) 0.49*

Median trabecular thickness, mm (IQR) 0.12 (0.11 to 0.12) 0.12 (0.12 to 0.13) 0.11 (0.11 to 0.12) 0.02*

Median bone volume fraction, BV/TV (IQR) 0.18 (0.17 to 0.19) 0.18 (0.18 to 0.20) 0.17 (0.16 to 0.19) 0.49*

Median bone volume, % (IQR)‡ 17.97 (16.54 to 19.19) 18.20 (17.57 to 19.54) 17.28 (16.30 to 19.19) 0.49*

*Paired t- test.
†Chi- squared test.
‡Bone volume (%) is a percentage representation of bone volume fraction.
BV, bone volume; COPD, chronic obstructive pulmonary disease; IQR, interquartile range; TV, total volume;
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differences in absorption across wavelength ranges typi-
cally associated with collagen, minerals, lipid, and water 
(Figure 2). Patients with poorer quality bone (low BV/TV) 
were observed to have higher absorption at wavelengths 
associated with collagen (1,585, 1,618, and 1,652 nm),34 
bound water (1,438 nm and 1,956 nm),24,27,30–32 and fat 
(1,725  nm and 1,803  nm),30 with lower absorption at 
those related to minerals (1,411  nm and 1,918  nm).35 
These findings are consistent clinically, where patients 
with poorer- quality bone and lower BV/TV have a lower 
proportion of bone minerals, replaced with connective 
tissue such as collagen or fat.34

We also observed some physiological nuances of 
acquired NIR scans when compared to spectra of pure 
collagen and water. NIRS scans in this study are consis-
tent with previous findings that show small peak shifts in 
physiological collagen and water compared to those in 

their pure state (Supplementary Figure c). For example, 
the peaks at 1,567, 1,694, and 2,178 nm in pure collagen 
spectrum (Supplementary Figure cb) can be observed 
to have shifted to 1,585, 1,652, and 2,160  nm in the 
bone spectra (Figure 2), which in the literature has been 
attributed to the structure of collagen in bone being 
different from the highly ordered nature of synthetic 
collagen.36 OH vibrations naturally occurring around 
1,450 nm and 1,935 nm in pure water (Supplementary 
Figure cc) can be observed to have shifted to 1,434 nm 
and 1,956 nm, respectively, indicative of interactions of 
water with bone matrix components (‘bound water’).37

Collectively, these findings demonstrate that NIR 
scans of fresh bones detects differences in bone quality 
(BV/TV), and they can be attributed to their absorption 
of collagen, minerals, water, and lipids. Further influence 

Fig. 2

Spectral differences in sternal bone of varying bone volume fraction and their band assignments: average near- infrared spectroscopy (NIR) spectra of human 
sternal bone recorded by a miniature NIR spectrometer with major bands labelled. The spectra revealed in vivo bone composition, mostly bound water, 
inorganic mineral content approximated as hydroxyapatite (Ca10(PO4)6(OH)2)), organic component (collagen), and bone marrow (fat/lipid). The spectra 
were presented based on the quartile ranking of the bone volume fraction (BV/TV) parameters. Red spectrum is Q1, green is Q2, yellow is Q3, and the blue 
spectrum depict Q4. Abs, absorbance, Q, quartile of bone volume fraction.
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of mineral composition on the strength of correlation is 
explained in the Supplementary appendix.
Quantification of bone structure with NIRS. NIRS scans 
of the inner (trabecular) surface demonstrated excel-
lent performance (Figure  3 and Supplementary Figure 
d) in predicting quality (BV/TV) with strong correlation 
and low error (R2 = 0.913, and root mean square error of 
prediction, RMSEP = 0.95%) (Figure 3a). Similar perfor-
mance was noted in predicting trabecular thickness (R2 = 
0.914) with a low margin of error (RMSEP = 0.0044 mm) 
(Figure  3b). Other trabecular properties also exhibited 
good performance (trabecular number R2 = 0.88; trabec-
ular spacing <i>R2 = 0.807) (Supplementary Figure d). 
Despite the cortical surface being at up to 1 cm from the 

probe surface in these measurements, good performance 
still obtained with cortical porosity (<i>R2 = 0.899) and 
cortical thickness (<i>R2 = 0.881) (Supplementary Figure 
d). The corresponding RMSEP, ratio product to deviation 
(RPD), and Spearman’s rank analysis for Figures 4a to 4f 
are also shown in Table II.

When NIRS scans were taken from the cortical surface, 
we observed slightly lower performance in predic-
tions of bone quality (BV/TV) (Figure 4a), but still with 
low margins of error (RMSEP = 1.26%). Promisingly, 
these measurements showed good performance for 
bone surface properties including cortical thickness 
(R2 = 0.842) and porosity (<i>R2 = 0.839) (Figure 4b). It 
also retained good performance in predicting deeper 

Fig. 3

Partial least square regression (PLS- R) analysis showing correlation between average near- infrared (NIR) spectra of human bone sample captured by miniature 
NIR spectrometer on the trabecular surface with the micro- CT parameters. The score plot shows the relationship between the measured spectral and a) bone 
volume fraction (BV/TV) and b) trabecular thickness (Tb.Th). RMSEP, root mean square error of prediction.

Fig. 4

Partial least square regression (PLS- R) analysis showing correlation between average near- infrared (NIR) spectra of a human bone sample acquired from the 
outer cortical surface, with the micro- CT parameters. The scores plot showed the relationship between the measured spectra and a) bone volume fraction 
and b) cortical thickness. RMSEP, root mean square error of prediction.
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internal properties such as trabecular thickness (<i>R2 = 
0.792), spacing (R22 = 0.807), and number (<i>R2 = 0.781) 
(Supplementary Figure e)

Influence of chemical composition on NIRS assessment. We 
assessed the influence of bone mineral (Figure 5), colla-
gen (Figure 6), and fat (Supplementary Figure f) on the 

Table II. Performance metrics for the partial least square regression models developed for both trabecular and cortical surfaces.

Variable Ct.Po, % Ct.Th, mm Tb.N, mm-1 Tb.Th, mm Tb.Sp, mm BV/TV, %

Predictions of structural characteristics from spectra taken at inner (trabecular) bone surface
R2 0.899 0.888 0.882 0.914 0.807 0.913

RMSECV 5.655 0.079 0.457 0.023 0.157 3.097

RMSEP 1.005 0.027 0.111 0.004 0.041 0.951

Prediction bias 5.4E- 03 1.1E- 04 1.0E- 3 2.7E- 5 1.5E- 4 0.012

RPD 0.679 1.038 0.767 0.661 0.551 1.304

Spearman’s rank p < 0.001 for all measurements

Spearman Rho 0.776 0.841 0.668 0.911 0.791 0.886

Predictions of structural characteristics from spectra taken at outer (cortical) bone surface
R2 0.839 0.899 0.782 0.793 0.808 0.833

RMSECV 6.021 0.231 0.293 0.037 0.096 4.852

RMSEP 1.323 0.030 0.145 0.007 0.041 1.263

Prediction bias 9.7E- 03 2E- 04 1.5E- 3 4.9E- 3 2.4E- 3 7E- 03

RPD 2.693 1.057 0.615 0.615 0.551 0.934

Spearman’s rank p < 0.001 for all measurements

Spearman Rho 0.721 0.896 0.877 0.783 0.800 0.800

BV/TV, bone volume/total volume (bone volume fraction); Ct.Po, cortical porosit; Ct.Th, cortical thickness; RMSCEV, root square mean error of validation; 
RMSEP, Root mean square error of prediction; RPD, ratio of prediction to deviation; Tb.N, trabecular number; Tb.Sp, trabecular spacing; Tb.Th, trabecular 
thickness;

Fig. 5

Partial least square regression score plot after eliminating bones minerals absorption at region 1,411 nm and 2,130 nm. BV/TV, bone volume/total volume 
(bone volume fraction); RMSEP, root mean square error of prediction.
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performance of NIRS scans for predicting fresh bone 
quality. We omitted wavelengths associated with each 
component and assessed how altered the model perfor-
mance (R2 and RMSEP) for predicting bone volume frac-
tion (BV/TV). By omitting bone marrow and fat (around 
1,700 to 1,850  nm30 (Supplementary Figure f)), there 
was only a marginal difference in model performance 
(<i>R2 = 0.878 vs R2 of full model = 0.913). Exclusion of 
spectral range indicative of bone minerals (Figure 5) had 
the most profound effect on model performance, with 
R2 value decreasing to 0.65. Omission of collagen (com-
bination of 2,050 to 2,350 nm and second overtone of 
1,490 to 1,650 nm)34,38 had a smaller influence on mod-
el performance (<i>R2 = 0.793) (Figure 6). The loadings 
plot associated with these three models are presented in 
Supplementary Figure fd, depicting how the bands influ-
enced each model. These findings demonstrate that the 
performance of NIRS scans critically rely on bone miner-
als and collagen but are less influenced by lipids.
Grading bone quality. We assessed the capacity of NIRS 
scans to predict the quartile of bone volume fraction (BV/
TV) (Figures  7 and 8) and thickness (Ct.Th and Tb.Th) 
(Supplementary Figure g) using SVM classification and 
confusion matrices. For trabecular surface- based meas-
urements, 100% classification accuracy was obtained for 
the upper three quartiles (Q2 to Q4) of bone quality but 

had 30% misclassification rate for low density bone (Q1 
of BV/TV) (Figure  7). Classification accuracies of 100%, 
80%, 100%, and 90% were obtained for the four quar-
tiles, respectively, for Tb.Th (Supplementary Figure g). 
Measurements acquired from the outer (cortical) sur-
face had 100% classification accuracy in predicting bone 
quality (BV/TV) (Figure 8) and surface thickness (Ct.Th) 
for all four quartiles (Supplementary Figure g).

Discussion
Currently, no intraoperative or live bone evaluation tools 
exist for human use. In this study we have demonstrated 
the capacity of NIRS scans, via a portable miniaturized 
spectrometer, to characterize fresh human sternal bone 
integrity in a noninvasive manner. This proof- of- concept 
study forms the first iterative step towards creating a non- 
destructive point- of- care tool for evaluating bone quality, 
with the following key results having implications for 
clinical practice. First, we demonstrated that NIRS scans 
can non- destructively quantify in depth microarchitec-
tural properties of fresh human bone, including bone 
volume fraction, thickness, and porosity with scan times 
of less than three seconds. These properties can be used 
intraoperatively to tailor bone repair and/or selected 
the appropriate reconstruction technique. Second, we 
demonstrated that NIRS scans acquired from the surface 

Fig. 6

Partial least square regression score plot after eliminating collagen modes at wavelength range 1,490 to 1,650 nm and 2,050 to 2,350 nm. BV/TV, bone 
volume/total volume (bone volume fraction); RMSEP, root mean square error of prediction.
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of bone can both quantify, with small margins of error, 
superficial properties (such as cortical thickness) and 
penetrate deep into the bone to accurately predict bone 
volume fraction. This suggests that the methodology can 
support intraoperative measurements to provide detailed 

assessment of underlying bone properties. Third, detailed 
assessment of the NIRS scans can provide insight into 
specific biochemical composition of bone (e.g. collagen, 
mineral, water, and fat content), allowing clinicians to 
assess not only structural properties but also changes 

Fig. 7

Confusion matrix showing accuracy of predicting bone quality (bone volume fraction) using near- infrared spectroscopy scans taken at the trabecular surface.

Fig. 8

Confusion matrix showing accuracy of predicting bone quality (bone volume fraction) using near- infrared spectroscopy scans taken at the cortical surface.
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in biochemical composition due to disease. Fourth, we 
showed that NIRS scanning instrumentation has evolved 
to an extent where point- of- care use is possible, through 
a hand- held miniaturized spectrophotometer system, 
opening the possibilities for intraoperative use.

Our findings in fresh bone are consistent with previous 
literature in processed samples, which reported on a 
relationship between different wavelength ranges and 
predictive capabilities of subchondral bone properties 
from optical coherence tomography (OCT) parame-
ters.25 The prediction metrics, which decreased after 
accounting for the influence of bone marrow, bound 
water, mineralized matrix, and collagen moieties demon-
strate the significance of whole bone scanning compared 
to previous report that only investigated bone mineral 
matrix.31,32 Clinical translation of NIRS scans has been 
hindered by large and bulky benchtop laboratory- 
based instrumentation. A high level of computational 
processing and time- intensive chemometric analysis has 
traditionally been carried out sequentially with cumber-
some equipment and delayed correlation using artificial 
intelligence techniques. Rapid advancement in process 
analytical technology, miniaturization, and computa-
tional learning have led to advancement in non- medical 
fields.39 This study describes the first of many emerging 
clinical uses of NIRS, which include cancer,40,41 serum 
markers,24,41,42 heart disease,43 transplant rejection,44 
and fibrosis.45 In analyzing fresh human bone, our study 
marks a progression from studies where NIRS has been 
used to analyze animal and cadaveric human connective 
tissues,24–27,46–49 or confined to prediction of bone water 
content.30–32 While many of these studies are based on 
benchtop spectrophotometers, our report is one of the 
first to use portable and miniaturized handheld instru-
mentation to monitor disease using commercially avail-
able low- cost instruments in a non- destructive manner.24 
A key concern with instrument miniaturization is loss 
in the quality of scans. However, we demonstrate NIR 
scans to be highly resolved and show a high signal- 
to- noise ratio, making it possible to resolve the bands 
contributing to individual functional groups and clin-
ical diagnoses. They are primarily based on absorption 
bands from protein (20%to 30%), bound water (10% to 
20%), and bone matrix (50% to 60%). The smartphone 
or tablet user interface enables potential use as a mobile 
clinical instrument available to clinicians as point of care. 
The instrument is therefore capable of acquiring spec-
tral measurements in clinical settings. Combined with 
rapid advances in machine- learning (ML), including well- 
defined guidelines outlining steps in developing clinical 
instruments for automated diagnoses,50–52 it is our posi-
tion that NIRS now bears the capability of being devel-
oped into an instrument for point- of- care use.

Clinically, these findings have the potential to help 
address the paucity of current techniques in assessing 

bone health. Morbidity from bone health is growing glob-
ally, and an ageing society with increasing prevalence of 
comorbidities such as diabetes, osteoporosis, and obesity 
accentuate its burden.53–56 Bone health remains a very 
strong predictor of operative outcomes and recovery.57–60 
Our findings have potential for use in all bone surgery, 
but have immediate applications for median sternot-
omies, which remain the most common approach for 
cardiac surgery. The sternotomy is the most commonly 
performed osteotomy or bone- breaking surgery in the 
world. This is approximately linked to the global volume 
of surgically correctable heart disease. The majority of 
sternal closures are carried out with simple wires,61 irre-
spective of bone health, and are fraught with increased 
morbidity from sternal wound breakdown from poorly 
individualized reconstruction.62–64 An instrument that can 
assess bone health and guide a tailored intervention tech-
nique could significantly reduce this burden.65,66 As these 
findings are consistent with bone and cartilage studies 
for other locations,24–27,46–49 it is plausible that this tech-
nology could be extended to other orthopaedic or joint- 
related interventions.

The strengths of our work are as follows: this is the 
first study to use fresh- frozen human bone as opposed 
to previous studies that used human cadaveric bones, 
which have been processed in formaldehyde and stored 
for years.30,31 The samples analyzed in this study are intra-
operative samples analyzed in a non- destructive manner. 
They were not fixed or processed, and therefore repre-
sent a close emulation of intraoperative characteristics 
of the bone. Fixation has been shown to affect biological 
tissue constituents, alterating the physiological nature of 
tissue composition, resulting in assessment of the tissue 
in a non- physiological state. Moreover, NIRS scans are 
sensitive to fixing agents such as formalin which solid-
ifies into paraformaldehyde, which may influence the 
resulting spectrum if the samples are not well processed 
and washed. We demonstrate that components histor-
ically eliminated by fixing tissues, such as marrow and 
bound water, improve the ability of NIR scans to predict 
structural properties of bone (Supplementary Figure i), 
further discussion of which can be found in our Supple-
mentary Material.

Furthermore, although the samples in this study 
were obtained from a narrow distribution of population 
– median age 51 years (IQR 35 to 59), median cortical 
thickness 0.40 (IQR 0.35 to 0.46), and median bone 
volume fraction 17.97% (IQR 16.54% to 19.19%) – our 
approach still showed strong correlations (R2 > 0.80) and 
small prediction errors (RMSCEV and RPD), with excellent 
classification accuracies using an array of advanced and 
robust ML techniques, including PLS and SVM. Given the 
narrow distribution of age and comorbidities of donor 
patients in this study, a more detailed study with larger 
sample sizes and variance would be needed before clinical 
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translation of our approach. We anticipate that with more 
data from a diverse range of patients in our ML algorithm, 
we will be able to clinically translate NIRS scans for assess-
ment of sternal bone integrity. This could then be applied 
to other bones at the time of intervention.

  Take home message
  - We demonstrate that a handheld near- infrared spectroscopy 

instrument, which can obtain scans from tissue in under 
three seconds in a noninvasive matter, can accurately 

predict microstructural properties including bone volume fraction and 
thickness.
  - We believe this is a fundamental step forward in creating an 

instrument capable of intraoperative real- time use.

Supplementary material
  Additional influence analysis.
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