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Abstract: Type 2 diabetes mellitus (T2DM) significantly elevates fracture risk, a severe complication often underesti-
mated by conventional bone mineral density (BMD) assessments. Here, we applied label-free multimodal nonlinear
optical  (NLO)  imaging  with  AI-powered  texture  feature  analysis  to  characterize  T2DM-related  bone  quality  alter-
ations.  Our  results  identified  aberrant  spatial  protein  distribution,  characterized  by  increased  homogeneity  and
reduced contrast, as a distinctive pathological feature in T2DM bone. The alterations in spatial distribution were also
observed  in  hydroxyapatite  (HA)  and  autofluorescent  metabolites.  A  K-nearest  neighbor  (KNN)  model,  trained  on
fused texture features from these three components, achieved a superior classification accuracy of 93.56% in distin-
guishing T2DM-related bone tissues, markedly outperforming single-component models (~70%). This demonstrated
that fused multi-component spatial distribution features offer enhanced discriminative power for quantifying T2DM-
associated pathological  changes.  Collectively,  aberrant  molecular  spatial  distribution,  particularly  of  protein,  repre-
sents a potentially unappreciated indicator of diabetic bone quality alterations. Integrating multimodal NLO imaging
with  explainable  AI  offers  a  novel  approach  for  unraveling  the  mechanistic  underpinnings  of  complex  pathological
alterations,  which not only overcomes the limitations of  conventional  biomarker assessment but also establishes a
powerful framework for discovering new pathological targets.
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multimodal integration
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 1    Introduction
Type 2 diabetes mellitus (T2DM), the predominant form of
diabetes  and a  major  global  health  crisis,  affected  nearly  all
of  the  approximately  529  million  individuals  living  with
diabetes  worldwide  in  20211.  Beyond  well-established
complications  such  as  nephropathy  and  retinopathy1−3,  the
increased  fracture  risk  has  also  emerged  as  a  prevalent  and
severe  complication  of  T2DM,  posing  significant  clinical

challenges4−7.  While  bone  mineral  density  (BMD)  remains
the  current  gold  standard  for  bone  quality  assessment8,  it
frequently  underestimates  fracture  risk  in  T2DM  patients.
Emerging  evidence  highlights  that  alterations  in  skeletal
microstructure and material composition are key pathologi-
cal  drivers  of  T2DM-related  fractures9,10.  However,  these
precise pathomorphological characteristics underlying these
changes remain elusive.

Current  techniques  for  imaging  these  alterations  rely
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heavily  on  histological  staining,  including  light  micro-
scopy11,12 and  confocal  microscopy13,14.  These  methods
necessitate  time-consuming  decalcification  and  complex
staining protocols, often leading to low success rates and the
inability to comprehensively label  multiple key constituents
simultaneously.  Such  limitations  collectively  hinder  their
application  in  identifying  T2DM-related  bone  pathology.
Therefore, there is a critical need for a high-resolution imag-
ing  modality  capable  of  rapid,  label-free,  and  comprehen-
sive  quantitative  analysis  of  bone  microstructure  and
composition  to  elucidate  the  underlying  mechanisms  of
diabetic bone fragility.

Multimodal  label-free  nonlinear  optical  (NLO)
microscopy  offers  a  powerful  solution  to  these  challenges,
enabling simultaneous visualization of multiple constituents
without the need for decalcification or staining15. By leverag-
ing the intrinsic vibrational spectroscopy of various molecu-
lar components, NLO imaging (e.g., stimulated Raman scat-
tering  (SRS)16,  second  harmonic  generation  (SHG)17,  and
two-photon excited fluorescence (TPEF)18) allows for quan-
titative,  high-resolution  imaging  of  intact  bone  microstruc-
ture  and  composition  in  situ19−21.  SRS  aligns  with  sponta-
neous Raman scattering spectroscopically, providing quanti-
tative  distribution  of  molecular  concentration22.  SHG  and
TPEF  are  particularly  valuable  in  capturing  collagen
fibers23,17,24 and  auto-fluorescent  metabolites25,  respectively.
Thus,  the  integration  of  these  complementary  modalities
(SRS/SHG/TPEF)  is  essential  for  comprehensively  charac-
terizing the complex histological features of bone tissue26−28,
which is uniquely suited for probing the microstructural and
compositional  underpinnings  of  T2DM-related  bone
fragility29−31,32.

In T2DM patients, vertebrae and hip are the most suscep-
tible sites for fractures2,33, with vertebral fractures linked to a
higher  mortality  rate.  The osteon,  as  the primary structural
unit  of  cortical  bone  in  vertebrae,  plays  a  critical  role  in
determining bone quality34. Consequently, our study focused
on  vertebral  cortical  bone,  utilizing  the  osteon  as  the  basic
unit  of  investigation  to  ensure  comparability.  In  structure,
osteons consist of Haversian canals, lamellae, osteocytes, and
the  lacunocanalicular  network  (LCN)35,36.  The  Haversian
canal,  located  at  the  center  of  the  osteon,  is  encircled  by
multiple  layers  of  lamellae37.  Osteocytes,  the  sole  cell  type
found in mature osteons, reside within the lamellae38, inter-
connected by dendrite-like canaliculi forming the LCN39. In
terms  of  material  composition,  osteons  are  primarily
composed  of  lipids,  proteins,  hydroxyapatite  (HA),  and
collagen  fibers.  Haversian  canals  contain  blood  vessels,
nerves, and lipid-rich bone marrow. The multilayer lamellae
consist  of  interconnected  collagen  fibers,  with  calcium  and
phosphorus deposited to maintain bone strength40,41. Osteo-
cytes, rich in signaling lipids and structural proteins, and the
LCN  are  crucial  for  signal  transmission42 and  regulating
bone  remodeling  and  turnover,  all  contributing  to  skeletal
quality43.

In  this  study,  we  utilized  label-free  multimodal  NLO
imaging  (integrating  SRS,  SHG,  and  TPEF)  to  characterize
T2DM-related  alterations  in  osteon  microstructure  and
material  composition.  We employed  texture  extraction  and
Artificial  Intelligence  (AI)  algorithms  to  identify  these
changes  from  five  channels,  including  proteins,  lipids,  HA,
collagen fibers, and auto-fluorescent metabolites. The results
revealed that T2DM was associated with distinct alterations
in  multi-component  distribution,  especially  protein  charac-
terized by increased homogeneity and decreased contrast in
skeletal  texture  compared  to  controls.  Although  single-
component texture features provided limited discriminative
power  (~70%  accuracy),  the  fusion  of  multiple  channels
dramatically improved recognition accuracy to 93.56%. This
work  highlights  the  potential  significance  of  multi-compo-
nent  spatial  distribution  in  understanding  T2DM-related
impaired bone quality.

 2    Results
 2.1  Multimodal NLO imaging of osteons

Linear  decomposition  of  lipid  and  protein. Multimodal
images  of  osteons  in  the  4th or  5th lumbar  vertebrae  (L4  or
L5)  were  acquired  using  three  NLO  techniques,  including
SRS, SHG, and TPEF. Leveraging the close alignment of SRS
spectra  with  spontaneous  Raman  spectra,  we  employed  the
peak frequencies in the CH2 (2850 cm−1),  CH3 (2930 cm−1),
and  PO4−3 (959  cm−1)  bands  to  image  lipids,  proteins,  and
HA,  respectively44.  Then,  the  premeasured  calibration
matrix  was  used  to  perform  linear  decomposition  of  SRS
images at 2850 cm−1 and 2930 cm−1 to map lipid and protein
distribution  (Fig. 1(a, b))45.  This  approach  addressed
decreased  mapping  precision  from  the  overlapping  Raman
spectra  between  protein  and  lipid  standards  at  2850  cm−1

and  2930  cm−1.  Because  the  Raman  shift  of  HA  is  distinct
from  the  CH  stretching  band,  HA  channel  did  not  require
the  linear  decomposition.  The  details  of  the  decomposition
formula are provided in the Methods section.

Raw  SRS  images  distinctly  delineated  the  fundamental
structures  of  osteons,  including  the  Haversian  canal,  osteo-
cytes,  bone  lamellae,  and  LCNs  (Fig.  S2).  Unexpectedly,
vertebral  osteons  displayed  irregular  morphologies,  differ-
ing  from  the  conventional  round  or  elliptical  form  in  long
bones46,47.  Critically,  T2DM patients had decreased quantity
and  connectivity  of  bone  canaliculi  compared  to  controls
(the  patients  without  T2DM),  suggesting  potentially
impaired biomechanical  signal transmission between osteo-
cytes (Fig. 1(a, b)).  Although raw 2930 cm−1 images showed
higher signal intensities than 2850 cm−1 (lipid) images, post-
decomposition  images  revealed  comparable  overall  protein
and  lipid  concentrations  (Fig. 1(d, f)).  However,  two-color
merged images highlighted differences in their spatial distri-
bution  (Fig. 1).  In  control  osteons,  proteins  were  predomi-
nantly  localized in  the  bone lacunae,  canaliculi,  and central
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Fig. 1 | NLO  imaging  of  osteons  in  control  and  T2DM  groups.  (a,  b)  Representative  SRS  images  of  one  osteon  in  control  (a)  and  T2DM  (b)  groups  and
decomposed images of lipids (red), proteins (green), and overlap (Merge). Scale bar, 100 μm. (c) Enlarged detail image of the white rectangle in (a). Scale
bar, 20 μm. (d) A line profile of lipids and proteins in (c) (the white dotted line), and two blue dashed lines delineated the intensity profile within the solid
blue box in (b).  (e)  Enlarged detail  image of the white rectangle in (b).  Scale bar,  20 μm. (f)  A line profile of  osteocyte in (e)  (the dotted line),  and blue
dashed lines delineated the intensity profile within the blue box in (e). (g) Representative five-color composited images showing the distribution of lipids
(red), proteins (green), HA (gray), SHG (magenta), and TPEF (blue) in one osteon of no T2DM group. Scale bar, 50 μm. (h) Detailed images of five channels
in the red rectangle of (g). Scale bar, 20 μm. (i) Representative five-color images showing lipids (red), proteins (green), HA (gray), SHG (magenta), and TPEF
(blue) in one osteon of the T2DM group. Scale bar, 50 μm. (j) Detailed images of five channels in the red rectangle of (i). Scale bar, 20 μm.
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regions  of  osteocytes,  while  lipids  primarily  surrounded
osteocytes  (Fig. 1(c, d),  blue  box).  Conversely,  T2DM
osteons  displayed  osteocytes  largely  enveloped  by  lipids,
with proteins predominantly confined to bone lamellae (Fig.
1(e, f)),  indicating  a  distinctive  reorganization of  osteocytes
and lamellar material composition.

Multiple channels quantitative analysis. Following linear
decomposition,  we  merged  five  channels  from  SRS,  SHG,
and  TPEF  to  further  investigate  the  material  distribution
changes  within  osteons.  The  resultant  five-color  composite
images  revealed  distinct  spatial  distributions  of  multiple
materials:  HA  and  collagen  fibers,  along  with  auto-fluores-
cent components, predominantly localized in the extracellu-
lar matrix (ECM), while lipids accumulated mainly in osteo-
cytes  and  proteins  predominantly  in  the  LCNs  and  osteo-
cytes  (Fig. 1(g–j)).  This  pattern,  aligned  with  osteon  struc-
ture,  underscored  the  efficacy  of  multimodal  NLO  tech-
niques  in  imaging  the  complex  architecture  of  osteons  in
cortical  bone.  Furthermore,  we  conducted  a  preliminary
quantitative  analysis  to  discern  differences  in  osteons
between  two  groups.  We  observed  that  protein,  lipid,  and
HA  channels  showed  similar  concentrations  and  intensity
distributions across both groups (Fig. S5(a)), whereas T2DM
osteons  exhibited  notably  higher  skewness  and  kurtosis  in
the  SHG  channel  and  reduced  values  in  the  TPEF  channel
(Fig.  S5(b,  c)).  This  indicated  the  substantial  potential  of
NLO  signal  distribution  features  in  identifying  T2DM-
related bone changes.

Orientation  analysis  of  collagen  fiber. SHG  imaging
provided  intricate  details  about  the  collagen  fibers  within
circumferential  lamellae  (Fig. 2(a, b))24,48.  Given  the  estab-
lished  link  between  altered  collagen  fiber  structure  and
increased  bone  fragility17,  we  hypothesized  that  changes  in
collagen  composition  or  orientation  might  contribute  to
mechanical alterations observed in T2DM bones. We found
no  significant  difference  in  the  intensity  of  SHG  image
signals  between  the  two  groups  (Fig.  S5(a)),  revealing  that
collagen  fiber  content  was  not  the  primary  pathological
alteration in T2DM cortical bone. To further evaluate colla-
gen  fiber  organization,  we  quantified  orientation  distribu-
tion, local energy, and local coherency. The coherency value
ranged  between  0  and  1,  with  0  indicating  isotropic  areas
and 1 indicating highly oriented structures49. The pixel block
with higher energy value corresponded to higher anisotropic
structures.  Analysis  of  SHG  images,  alongside  correspond-
ing  energy  maps  (Fig. 2(c, d))  and  coherency  (Fig. 2(e, f))
maps  revealed that  regions  of  higher  coherency and energy
predominantly  aligned  with  well-defined  textures  in  both
groups.  However,  no significant  difference in collagen fiber
orientation  was  observed  between  T2DM  and  control
groups  (Fig. 2(g–i)).  Thus,  these  results  collectively  suggest
that  alterations  in  collagen  fiber  content  or  overall  orienta-
tion may not be a primary contributor to the impaired bone
quality related to T2DM in this context.

 2.2  Machine learning for distinguishing T2DM osteons

Although  qualitative  analysis  of  NLO  images  hinted  at
differences  in  material  distribution  within  osteons  between
T2DM  and  control  groups,  these  observations  were  not
robustly supported by single-channel statistical metrics. This
underscored the inadequacy of an individual imaging chan-
nel  or  single  feature  to  fully  capture  the  subtle,  but  critical
pathological  nuances.  To  overcome  this  limitation,  we
applied  Machine  Learning  (ML)  techniques  to  distinguish
T2DM-affected  osteons,  leveraging  high-dimensional
features extracted from multimodal NLO images.

Texture features have been identified as powerful descrip-
tors  in  image  analysis  and  application50−52.  In  radiomics,
first-order  statistical  features,  shape-based  features,  and
gray-level  related  second-order  texture  features50 played
pivotal roles for identifying lesions in clinical imaging exam-
inations,  such  as  Computed  Tomography  (CT)53,  and
Magnetic Resonance Imaging (MRI)54,55.  Given the parallels
between  radiological  images  and  multimodal  NLO  images,
our  study  employed  them  to  elucidate  T2DM-induced
osteon changes.

Our analysis workflow included five pivotal stages: image
preprocessing,  texture  feature  extraction,  single  channel
classification,  and  two  distinct  channel  fusion  strategies
(feature  concatenation  and  a  modified  stacking  ensemble
algorithm),  as  detailed in Fig. 3.  To enhance the robustness
and  generalizability  of  our  ML  models  and  to  optimally
capture  the  integral  loop-like  structure  of  osteons,  raw
images underwent a transformation into a polar coordinate
system  and  were  divided  into  eight  sub-images,  comple-
mented  by  data  augmentation.  We  then  extracted  global
first-order statistical features and local spatial gray-level co-
occurrence  matrix  (GLCM)  features  for  classification56−58.
Shape-based features were excluded, as T2DM-related bone
quality  decline  is  not  primarily  reflected  in  gross  morpho-
logical lesions.

Classification  with  single  channel  features. To  evaluate
the  classification  performance  of  texture  features  across
individual  imaging  channels  and  to  identify  optimal  algo-
rithms,  we  employed  eight  conventional  ML  models  for
single-channel  classification  of  osteons  between  the  two
groups.  Across  five  imaging  channels,  protein  and  TPEF
channels  achieved  the  two  highest  classification  perfor-
mances across most algorithms and feature sets (base texture
and  GLCM  features  at  five  different  distances, Tables 1−2
and Tables  S2−S5).  Within  the  same  feature  set,  K-Nearest
Neighbor (KNN) and ensemble algorithms, such as Random
Forest  (RF),  Adaptive  Boosting  (AdaBoost),  and  Gradient
Boosting  Decision  Tree  (GBDT)  generally  demonstrated
superior adaptability.  Notably,  the highest  average accuracy
(77.55%±4.06%)  for  single-channel  classification  was
derived  from  KNN  model  utilizing  base  texture  features
from  protein  channel  (sensitivity  65.11%±9.48%,  specificity
86.04%±5.63%, area under curve (AUC) 0.82±0.05, Table 1).
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Fig. 2 | The orientation of collagen fibers in osteons. (a,  b) Representative SHG images of osteon in control (a) and T2DM (b) groups. (c,  d) Local energy
maps of SHG images in (a) and (b), respectively. (e, f) Local coherency maps of SHG images in (a) and (b), respectively. The basic calculation element is the
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Zhang BW et al. Opto-Electron Adv 9, 250312 (2026) https://doi.org/10.29026/oea.2026.250312

250312 (Page 5 of 20)

https://doi.org/10.29026/oea.2026.250312


 

Stage 1: image preprocess

Stage 2: feature extrac�on

Stage 3: single channel classificat ion

···

Logist ic classif ier

Single classifier2

Single classifier8

Stage 5: channel fusion based on modified stacking ensemble algorithm

Concatenat ion of
predict ing probabilit ies

Fusion classif ier

Stage 4: channel fusion based on concatenat ing features

Protein

SVM(rbf) KNN RF AdaBoost GBDT

Lipid HA SHG TPEF

Protein

Lipid

··· ···

TPEF

Protein

Base classif ier

Base classif ier

Base classif ier

Lipid HA SHG TPEF

Raw image of osteon
Converted into polar coordinates

Isometric division of sub-images

Base texture

GLCM texture

Protein[X11 X12 X13 ...X1n]

[X11 ...X1n X21 ...X2nX31 ...X3nX41 ...X4nX51 ...X5n]

Lipid[X21 X22 X23 ...X2n]

HA[X31 X32 X33 ...X3n]

SHG[X41 X42 X43 ...X4n]

TPEF[X51 X52 X53 ...X5n]

Fig. 3 | Study workflow for distinguishing osteons in T2DM and control groups by machine learning algorithms.

Zhang BW et al. Opto-Electron Adv 9, 250312 (2026) https://doi.org/10.29026/oea.2026.250312

250312 (Page 6 of 20)

https://doi.org/10.29026/oea.2026.250312


Although  base  texture  features  marginally  outperformed
GLCM  features,  neither  achieved  robust  classification,
underscoring  the  inherent  challenge  in  comprehensively
characterizing  T2DM-induced  bone  microstructure  and
material  composition changes using single-channel  features
alone.

Channel  fusion  based  on  concatenating  features. We
employed  two  strategies  for  channel  fusion  to  enhance
classification  performance,  including  feature  concatenation
and modified stacking ensemble algorithm (Stages 4 and 5 in
Fig. 3).  For  feature  concatenation,  we  concatenated  texture
features  extracted  from  5  channels  to  form  the  higher-
dimensional  features  as  the  input  of  models.  Four  algo-
rithms with relatively  high classification accuracy in  single-
channel  classification  (maximum  accuracy  >  80%)  were
selected  to  classify  these  concatenated  features.  The  widely
used  SVM  model  was  also  included  as  a  baseline  reference
for accuracy comparisons, despite not meeting the inclusion
criteria.

We  found  that  feature  concatenation  substantially
improved  the  classification  performance  for  both  base
texture and GLCM compared to single-channel approaches,

including  recognition  accuracy  and  model  stability.  Except
for the baseline model (SVM(rbf)), the remaining four algo-
rithms achieved accuracies consistently above 80% and AUC
values exceeding 0.9 across all tests (Fig. 4(a, b)). Consistent
with  single-channel  results,  KNN  remained  the  most  effec-
tive  algorithm  for  recognizing  T2DM-related  osteon
changes,  achieving  an  AUC  value  of  0.97±0.02  with  base
texture  features  and  0.98±0.02  with  GLCM  features  (D =  4
pixels).  The  three  tree-based  ensemble  algorithms  (RF,
AdaBoost,  and GBDT) exhibited comparable categorization
performance,  outperforming  the  baseline  SVM(rbf)  but
performing lower than KNN (Fig. 4(d)).

Evaluating  GLCM  features  performance  across  various
distances revealed that shorter-distance GLCM features (D =
1,  2,  4  pixels)  exhibited  superior  identification  power
compared  to  longer-distance  GLCM  features  (D =  8,  16
pixels),  indicating  higher  sensitivity  to  T2DM-affected
osteon  changes  (Fig. 4(d), Fig.  S7(a)).  Integrating  other
metrics  of  confusion  matrix,  including  specificity,  sensitiv-
ity,  and  AUC  (Fig.  S7(a) and S7(c)),  we  identified  4-pixel
distance  as  the  optimal  GLCM  hyperparameter  for  classifi-
cation in this dataset and thereby subsequently employed it

 

Table 1 | Single classification performance of base texture features in different algorithms.
 

No. Channel ACC(%) SEN(%) SPE(%) AUC No. Channel ACC(%) SEN(%) SPE(%) AUC

Logistic RF

1 HA 61.85±4.75 10.30±5.71 95.80±5.82 0.65±0.06 21 HA 68.48±3.63 53.03±9.13 79.25±7.83 0.76±0.05

2 SHG 62.60±5.43 09.58±4.62 97.09±3.27 0.57±0.06 22 SHG 60.55±5.01 26.18±8.55 83.48±6.57 0.61±0.06

3 TPEF 63.81±6.70 23.28±12.66 91.42±7.12 0.73±0.06 23 TPEF 74.81±4.62 60.05±8.78 84.72±6.82 0.79±0.05

4 Protein 71.53±5.16 34.93±9.26 95.59±3.73 0.70±0.06 24 Protein 73.72±4.31 50.35±9.51 89.36±7.16 0.82±0.05

5 Lipid 59.72±5.67 00.37±1.30 98.37±3.80 0.43±0.05 25 Lipid 67.85±5.36 51.02±8.68 79.35±7.56 0.71±0.07

Bayes GBDT

6 HA 60.76±5.51 14.19±6.38 91.16±5.94 0.60±0.07 26 HA 68.29±3.75 53.95±8.83 78.14±7.44 0.75±0.04

7 SHG 59.62±6.11 14.97±5.72 88.47±4.71 0.59±0.05 27 SHG 62.44±5.85 36.89±9.96 79.52±6.84 0.62±0.06

8 TPEF 58.42±6.31 79.12±15.83 45.70±15.33 0.71±0.06 28 TPEF 74.27±4.14 60.95±7.65 83.12±6.42 0.79±0.05

9 Protein 71.35±4.98 35.10±8.45 94.90±4.06 0.70±0.05 29 Protein 74.90±4.00 58.40±8.95 86.00±5.88 0.82±0.04

10 Lipid 52.82±7.51 26.56±24.83 70.17±26.45 0.42±0.06 30 Lipid 66.76±5.32 51.04±9.07 77.45±8.08 0.71±0.07

SVM(rbf) AdaBoost

11 HA 63.28±5.32 12.49±7.23 96.73±4.55 0.73±0.06 31 HA 68.22±3.95 58.15±8.90 75.12±6.61 0.74±0.05

12 SHG 63.30±5.58 07.79±4.51 99.27±1.29 0.59±0.07 32 SHG 61.11±5.55 38.44±9.83 76.22±6.23 0.60±0.06

13 TPEF 65.00±6.53 33.15±18.36 87.57±9.45 0.74±0.06 33 TPEF 72.36±4.36 62.90±7.89 78.79±7.06 0.78±0.05

14 Protein 73.09±5.02 32.02±8.34 99.79±1.18 0.69±0.05 34 Protein 73.74±4.00 62.67±8.35 81.12±5.53 0.82±0.04

15 Lipid 59.77±5.61 00.85±1.68 98.14±3.36 0.54±0.06 35 Lipid 66.03±5.13 53.51±9.00 74.58±8.35 0.70±0.07

KNN Decision tree

16 HA 73.35±3.91 67.46±7.14 77.38±5.72 0.77±0.05 36 HA 63.47±4.30 51.63±12.88 71.80±9.63 0.69±0.05

17 SHG 58.01±5.25 39.56±8.74 70.19±6.01 0.57±0.06 37 SHG 58.76±4.96 35.00±10.98 74.88±8.63 0.57±0.06

18 TPEF 71.28±5.19 56.34±9.09 81.24±7.41 0.76±0.05 38 TPEF 71.22±4.64 58.30±8.09 79.92±7.30 0.72±0.05

19 Protein 77.55±4.06 65.11±9.48 86.04±5.63 0.82±0.05 39 Protein 72.11±4.24 50.87±12.21 86.43±8.70 0.77±0.05

20 Lipid 68.97±4.91 63.96±9.99 72.33±6.42 0.74±0.07 40 Lipid 64.94±5.11 50.27±9.62 74.85±7.80 0.66±0.06

Logistic Logistic regression, Bayes Naïve Bayesian, SVM(rbf) rbf-kernel support vector machine, KNN K-Nearest Neighbor, RF random forest, AdaBoost Adaptive

Boosting, GBDT Gradient Boosting Decision Tree, GLCM Gray-Level Co-occurrence Matrix, ACC Accuracy, SEN Sensitivity, SPE Specificity, AUC, the Area Under the

Curve.
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in feature concatenation analysis.
Furthermore,  compared  to  base  texture  derived  from

first-order  statistics,  the  second-order  GLCM  features  with
spatial  information  significantly  enhanced  the  classification
performance (Fig. 4(e), Fig. S7(b)). For KNN model, GLCM
features  (D =  4  pixels)  consistently  achieved  accuracies
predominantly  above  90%,  whereas  base  texture  accuracies
generally  ranged  from  80%  to  90%.  However,  combining
base texture and GLCM features did not result in additional
improvements  in  classification  performance  for  most  algo-
rithms  (Fig. 4(b) vs. Fig.  S7(d)),  indicating  that  GLCM
features had already encapsulated the information present in
base  texture.  The  concatenation  of  both  feature  types  only
led to information redundancy without enhancing discrimi-
natory  power.  Consequently,  for  Stage  4,  we  identified
GLCM (D = 4 pixels) as the most appropriate feature set and
the  KNN  classifier  as  the  most  effective  algorithm  for
discriminating T2DM-induced osteon changes.

To  determine  the  specific  differences  in  multi-channel
texture  features  distribution  between  the  two  groups,  we
applied Z-score  normalization  and  visualized  features  in
matrices (Fig. 4(c)). We found that T2DM osteons predomi-

nantly  exhibited  texture  features  distributed  towards  the
extremes  (darker  in  red  and  blue),  while  control  osteons
displayed  distributions  centered  around  the  mean  (lighter
red  and  blue).  Both  base  texture  and  GLCM  features  of
protein  channel  showed  the  most  remarkable  differences
between  the  two  groups  compared  to  other  channels.
Although  high-dimensional  channel  feature  concatenation
provided  a  dramatic  increase  in  accuracy,  it  was  equally
crucial to identify explainable T2DM-associated bone struc-
tural  and  material  alterations.  Such  insights  not  only
advance our understanding of pathological mechanisms but
also serve as a foundational basis for the clinical diagnosis of
T2DM-related fractures.

Feature importance analysis. To ascertain major influen-
tial  channels  and  features  within  fusion  features,  we
employed  three  complementary  methods.  For  three  tree-
based  ensemble  algorithms,  we  derived  feature  importance
(Gini  importance)  based  on  model  structure,  summarizing
the contribution of each channel (Fig. 5(a) base texture, Fig.
5(b) GLCM  (D =  4  pixels)).  In  GBDT  and  RF  models,
protein channel  features  consistently  dominated,  contribut-
ing over one-third of the total importance, surpassing TPEF

 

Table 2 | Single classification performance of GLCM features (D = 4 pixels) in different algorithms.
 

No. Channel ACC(%) SEN(%) SPE(%) AUC No. Channel ACC(%) SEN(%) SPE(%) AUC

Logistic RF

1 HA 63.00±5.26 17.52±8.81 93.36±6.95 0.68±0.05 21 HA 65.40±5.07 48.48±9.48 76.83±7.52 0.72±0.06

2 SHG 61.42±5.65 12.92±5.18 93.01±4.09 0.61±0.06 22 SHG 59.46±4.47 25.11±7.95 82.32±6.89 0.56±0.05

3 TPEF 58.50±4.85 20.68±9.85 83.92±7.40 0.65±0.06 23 TPEF 73.03±4.45 61.98±8.58 80.63±7.13 0.80±0.05

4 Protein 72.62±4.32 40.19±8.11 93.93±5.51 0.71±0.05 24 Protein 72.00±4.08 53.04±10.94 84.91±7.10 0.78±0.04

5 Lipid 62.64±5.83 09.09±4.92 97.67±3.78 0.55±0.06 25 Lipid 69.00±5.01 49.52±10.23 82.48±6.84 0.72±0.06

Bayes GBDT

6 HA 61.85±5.54 14.10±5.38 92.95±4.23 0.64±0.08 26 HA 65.09±5.10 50.84±10.63 74.68±8.17 0.70±0.06

7 SHG 59.71±5.65 16.89±5.53 87.47±4.99 0.55±0.07 27 SHG 57.51±4.02 32.16±7.07 74.59±6.61 0.56±0.06

8 TPEF 57.81±5.93 19.12±8.52 83.19±6.28 0.65±0.06 28 TPEF 72.54±4.57 61.60±8.67 79.86±6.72 0.80±0.05

9 Protein 73.10±4.59 39.29±7.82 94.97±4.75 0.66±0.06 29 Protein 71.76±4.33 54.85±10.33 83.24±7.32 0.77±0.05

10 Lipid 62.09±5.57 22.70±6.86 87.99±8.42 0.57±0.07 30 Lipid 68.39±5.07 51.37±10.02 80.09±6.69 0.72±0.06

SVM(rbf) AdaBoost

11 HA 61.73±4.76 19.25±13.63 90.56±11.53 0.70±0.06 31 HA 61.01±4.62 48.06±10.22 69.90±6.90 0.65±0.06

12 SHG 63.61±5.40 11.16±5.08 97.71±2.95 0.59±0.07 32 SHG 58.84±5.04 38.75±7.94 72.31±7.76 0.59±0.06

13 TPEF 63.53±5.34 43.33±20.54 78.92±13.56 0.74±0.06 33 TPEF 71.70±4.88 61.31±8.75 78.52±7.36 0.79±0.05

14 Protein 72.81±4.72 35.53±7.81 96.93±3.27 0.75±0.05 34 Protein 69.17±4.10 55.63±9.35 78.43±7.19 0.74±0.05

15 Lipid 62.39±5.50 09.42±4.47 96.87±4.25 0.61±0.09 35 Lipid 70.20±4.30 57.43±7.93 78.99±6.92 0.72±0.05

KNN Decision tree

16 HA 65.74±4.66 59.28±10.45 69.97±5.93 0.70±0.07 36 HA 63.41±4.13 53.96±11.17 70.33±7.79 0.66±0.05

17 SHG 58.21±3.87 48.16±6.85 65.29±5.95 0.58±0.05 37 SHG 57.51±4.15 30.58±8.84 75.29±7.00 0.55±0.05

18 TPEF 70.77±4.30 65.07±7.87 74.64±6.20 0.76±0.05 38 TPEF 69.28±4.70 57.42±12.06 77.32±7.12 0.74±0.05

19 Protein 71.78±5.17 62.47±9.25 78.03±6.82 0.75±0.06 39 Protein 69.45±4.36 51.08±9.28 81.94±7.74 0.71±0.05

20 Lipid 64.73±4.74 53.52±8.64 72.23±6.59 0.67±0.05 40 Lipid 62.84±4.51 44.76±10.41 75.24±8.52 0.65±0.06

Logistic Logistic regression, Bayes Naïve Bayesian, SVM(rbf) rbf-kernel support vector machine, KNN K-Nearest Neighbor, RF random forest, AdaBoost Adaptive

Boosting, GBDT Gradient Boosting Decision Tree, GLCM Gray-Level Co-occurrence Matrix, ACC Accuracy, SEN Sensitivity, SPE Specificity, AUC, the Area Under the

Curve.
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(~1/5) and lipid (~1/5) channels (Fig.  S8(a,  c)).  Conversely,
the remaining four channels (excluding SHG) showed more
uniform  importance  in  AdaBoost  model,  irrespective  of
feature type (Fig.  S8(b)).  HA-related texture features exhib-
ited  variable  classification  importance  dependent  across
models, which was associated with specific model structures.
In  contrast,  SHG  channel  consistently  demonstrated  the
lowest contribution to classification across all models.

To  further  dissect  the  specific  distributions,  we  also
ranked the top 10 most important individual features in the
prediction  process  of  each  model.  For  base  texture,  the
mean,  entropy,  homogeneity  of  protein  channel,  alongside
the mean of lipid channel, emerged as consensus features of
three  models,  playing  pivotal  roles  in  classification  (Fig.

5(a1−a3)). For GLCM (D = 4 pixels) features, protein homo-
geneity and contrast,  lipid homogeneity,  and TPEF correla-
tion  and  entropy  were  identified  as  particularly  important
(Fig. 5(b1−b3)).  However,  a  broader  comparison  of  feature
importance  across  different  algorithms  revealed  that  the
classification  performance  of  tree-based  models  was  not
solely  contingent  on  any  single  feature  (Fig.  S9).  This
suggested  that  the  spatial  variations  observed  in  different
components  were  heterogeneous  and  could  not  be
adequately captured by a single characteristic alone.

Furthermore,  to  comprehensively  assess  the  individual
and  synergistic  contributions  of  each  channel  on  classifica-
tion performance, we implemented a stepwise channel selec-
tion  approach.  This  method  not  only  simplified  model
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Fig. 4 | Classification  performance  of  texture  feature  fusion.  (a,  b)  Classification  accuracies  (from 50  random train-test  splits,  a)  and corresponding  ROC
curves  of  five  machine  learning  models  for  fused  base  texture  (upper)  and  GLCM  (D =  4  pixels,  lower)  features.  (c)  Min-max  normalized  base  texture
(upper) and GLCM (D = 4 pixels, lower) feature matrix of multiple channels in both control and T2DM groups. (d) The classification accuracy of fused GLCM
features from average direction of five distances (D = 1, 2, 4, 8, 16 pixels). Bars represent the average accuracy with 95% CI (from 50 random train-test splits).
(e) Multiple comparisons of performance for five models across fused base texture, GLCM (D = 4 pixels) and their combined features. The red line marked
the mean accuracy. Data were shown in (D) as mean with 95% CI. *p<0.05, **p<0.01, and ****p<0.0001 by Two-way ANOVA with Tukey's post-hoc test.
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complexity but also reduced experimental workload by iden-
tifying  essential  channels.  A  greedy  algorithm  dictated  the
sequence addition or removal of channels, maximizing AUC
improvements at each step. The performance of each chan-
nel  combination  was  robustly  evaluated  by  averaging
outcomes  from  20  random  train-test  splits.  This  iterative
approach  was  applied  to  both  base  texture  and  GLCM
features (D = 1, 2, 4 pixels) across all models utilized during
feature concatenation (Fig. 5(e, f) and Fig. S10).

Consistently  across  almost  all  models  and  feature  types,
the protein channel was the first to be added or the last to be
removed in almost all  models and feature types,  reconfirm-
ing its superior discriminative power as the most differenti-
ated  component  between  the  two  groups  and  contributing
over  70%  classification  accuracy.  Each  channel  addition
significantly  boosted  classification  accuracy  up  to  three
channels,  beyond  which  further  additions  yielded  no
substantial  improvement.  The concatenation of three-chan-
nel  texture  features  increased  accuracy  from  approximately
70%  (single-channel)  to  around  85%,  consistently  stabiliz-
ing  the  AUC  value  above  0.9.  Across  various  feature  types
and models,  combinations of protein, TPEF, and HA chan-
nels,  or  of  protein,  TPEF,  and  lipid  channels  consistently
constituted  the  highest-performing  three-channel  ensem-
bles.  Notably,  for  the  GLCM  (D =  4  pixels)  features,  the
three-channel  combination  of  protein,  TPEF,  and  HA
achieved  a  peak  accuracy  of  93.56%  and  an  AUC  of  0.98
with  the  KNN  classifier  (Fig. 5(e)).  Analogous  trends  were
observed during sequential channel removal (Fig. 5(e, f) and
Fig.  S11).  These phenomena illustrated that  three optimally
selected channels are sufficient to robustly characterize most
T2DM-related  osteon  changes.  However,  it  is  crucial  to
acknowledge  that  the  greedy  algorithm  employed  here
inherently  favors  local  optima,  potentially  obscuring  global
optimal  solutions  and  thus  potentially  misrepresenting  the
true contributions of individual features across channels.

To compensate for the shortcomings of this approach, we
additionally employed Shapley additive explanation (SHAP)
values  to  explain  individual  feature  contributions  (Fig. 5(c)
base  texture, Fig. 5(d) GLCM  (D =  4  pixels), Fig.  S12(a)
GLCM  (D =  1  pixels), Fig.  S12(b) GLCM  (D =  2  pixels)).
The top-preforming KNN classifier was selected to represen-
tatively  illustrate  the  SHAP results.  SHAP analysis  revealed
that the R and contrast of the protein channel were the base
texture  and GLCM (D =  4  pixels)  features  with  the  highest
contribution to KNN classifier,  respectively. The ranking of
SHAP  values  corroborated  the  findings  from  Gini  feature
importance in tree-based models, and further elucidated the
relationship between features and model predictive outputs.
For base texture, positive contributions to T2DM prediction
were  primarily  associated  with  the  mean  and  homogeneity
of the protein channel,  the mean and R of the HA channel,
and  the  entropy  of  the  lipid  channel.  In  contrast,  the  R,
entropy,  skewness  of  protein  channel,  alongside  the  homo-
geneity of TPEF channel were negative to T2DM prediction.

For  GLCM  features,  T2DM-related  osteons  were  notably
characterized  by  lower  contrast  and higher  homogeneity  in
protein distribution, and higher correlation and entropy but
lower  homogeneity  and  ASM  in  the  TPEF  signal.  Collec-
tively,  three  distinct  methods  for  assessing  feature  impor-
tance  consistently  highlighted  protein  as  the  most  effective
component for delineating T2DM-related osteon alterations,
while  also  emphasizing  the  indispensable  contribution  of
other components, especially TPEF.

Channel  fusion  based  on  modified  stacking  ensemble
algorithm.  A  modified  stacking  ensemble  model  was  addi-
tionally  employed  to  achieve  channel  fusion  via  a  second-
level  classifier,  offering  an  alternative  to  feature-level
concatenation.  This  stacking  approach  demonstrated
robustness  to  specific  classifier  choices,  with  most  models
achieving classification accuracies  exceeding 80% and AUC
values surpassing 0.85, except when SVM was used as a first-
level  classifier  or  a  decision  tree  as  a  second-level  classifier
(Fig.  S13(a,  b)).  While  these  stacking  models  outperformed
single-channel  classification,  their  performance  gains  were
comparatively  modest  relative  to  feature  concatenation
(which yielded accuracies >90%).  We further compared the
classification performance of different classifiers, finding RF
to exhibit slightly superior accuracy among first-layer classi-
fiers,  and  thus  selected  it  for  subsequent  comparisons
between  different  texture  features  (Fig. 6(a), Fig.  S13(c)).
Intriguingly,  the  classification  accuracy  of  GLCM  features
was  significantly  lower  than  base  texture  features  in  modi-
fied stacking models, in sharp contrast with the advantage of
GLCM in feature concatenation. The GLCM distance hyper-
parameter  likewise  influenced  the  recognition  accuracy  in
this  model  fusion  context,  with D =  2  pixels  proving  most
appropriate.

To precisely quantify the contribution of each channel to
final decision, we introduced conditional probability (CP) as
a  measure  of  channel  importance.  CP  was  defined  as  the
proportion  of  samples  correctly  predicted  by  the  first-level
model  among  those  correctly  predicted  by  the  second-level
model.  Since  each  channel  corresponded  to  a  first-level
model,  CP revealed the contribution of each channel in the
final  prediction.  For  higher-accuracy  models  (e.g.,  those
employing  RF  or  KNN  as  first-level  classifiers),  the  CPs  of
protein,  TPEF and HA channels  were notably similar,  clus-
tering  around 80% (Table  S6 base  texture, Table  S7 GLCM
(D =  2  pixels)).  In  contrast,  the  CP of  protein  channel  was
significantly  higher  than  other  channels  in  lower-accuracy
models  (e.g.,  those  with  SVM(rbf)  as  the  first-level
classifier).  Lipid  and  SHG  channels  exhibited  similar  CPs
across  all  stacking  models,  typically  ranging  from  62%  to
73%.  Moreover,  disregarding  model  variability,  protein
consistently  exhibited  the  largest  classification  contribution
across both base texture (Fig. 6(b)) and GLCM (D = 2 pixels,
Fig. S13(d)) features, followed by TPEF and HA channels.

Zhang BW et al. Opto-Electron Adv 9, 250312 (2026) https://doi.org/10.29026/oea.2026.250312

250312 (Page 11 of 20)

https://doi.org/10.29026/oea.2026.250312
https://doi.org/10.29026/oea.2026.250312
https://doi.org/10.29026/oea.2026.250312
https://doi.org/10.29026/oea.2026.250312
https://doi.org/10.29026/oea.2026.250312
https://doi.org/10.29026/oea.2026.250312
https://doi.org/10.29026/oea.2026.250312
https://doi.org/10.29026/oea.2026.250312
https://doi.org/10.29026/oea.2026.250312
https://doi.org/10.29026/oea.2026.250312


 2.3  GLCM reveals aberrant multi-component spatial
patterns in T2DM osteons

Building upon our classification results from single-channel,
feature,  and  model  fusion,  we  identified  GLCM  features
from protein, TPEF, and HA channels as the most discrimi-
native  for  characterizing  T2DM  cortical  bone  lesions.  To
visually  decipher  these  T2DM-induced  spatial  changes  in
multi-component bone architecture, we mapped the abstract
GLCM  features  to  concrete  images,  utilizing  32  gray  levels
for visualization (Fig. 7).

For the protein channel, T2DM osteons exhibited GLCM
signals  predominantly  clustered  along  the  matrix  diagonal,
indicating  minimal  signal  intensity  variations  within  a  4-
pixel range. This suggests a more uniform local distribution
and  gradual  changes  in  protein  signals  in  T2DM  bone.
Conversely,  control  GLCM  signals  were  more  dispersed
around the diagonal, reflecting point-like protein aggregates
with  sharper  signal  transitions.  These  protein  distribution
changes in T2DM osteons were visually confirmed by NLO
images (Fig. 7(a), upper panels) and quantitatively captured
by  higher  homogeneity,  correlation,  and  ASM,  alongside
lower  entropy  and  contrast  in  GLCM  features  (Fig. 7(b),
upper  panels).  In  the  TPEF  channel,  due  to  overall  lower
signal intensity,  GLCM signals were mostly clustered in the
upper-left matrix corner. While control GLCM signals clus-
tered  within  the  intensity  range  [0,  32],  T2DM  signals
extended  into  the  range  of  [32,  64],  consistent  with  the
higher tail observed in its signal histogram (Fig. S5(b)). The
GLCM feature of TPEF showed higher correlation and ASM
in  T2DM.  For  the  HA  channel,  although  both  groups
displayed diagonal GLCM distributions, control signals clus-
tered  in  the  lower-right  (higher  intensity)  while  T2DM
signals clustered in the upper-left (lower intensity). Notably,
the GLCM discrepancy in HA between groups was consider-
ably  less  pronounced  than  in  the  protein  channel,  a  trend

reflected  in  their  respective  GLCM  features.  As  anticipated
from  their  limited  classification  contributions,  GLCMs  for
lipid  and  SHG  channels  showed  high  similarity  between
groups (Fig. 7, lower panels).

 2.4  Higher homogeneity of protein in T2DM osteons

To  rigorously  compare  osteon-level  texture  features,  we
averaged the base texture and GLCM features derived from
eight  sub-images  comprising  each  osteon.  This  analysis
unequivocally revealed that protein channel was the primary
differentiator  between  T2DM  and  control  groups  (Fig. 8,
Fig.  S14,  and Fig.  S15).  Additionally,  only  the  skewness  of
TPEF channel exhibited significant inter-group differences.

Consistently  across  both  base  texture  and GLCM feature
types,  T2DM osteons  exhibited  increased  homogeneity  and
decreased entropy in protein distribution (Fig. 8). Crucially,
similar  mean  values  suggested  no  significant  alteration  in
the  average  protein  concentration  within  osteons  due  to
T2DM (Fig. 8(a)). Thus, these findings collectively suggested
a  reduction  in  protein  aggregation,  where  proteins  origi-
nally  concentrated  in  specific  locales  become  more
uniformly dispersed over a broader area. This interpretation
was  further  corroborated  by  GLCM  features,  with  higher
ASM and lower contrast directly supporting a more uniform
and diffuse protein distribution in T2DM osteons.

 3    Discussion
In  this  study,  we  employed  multimodal  label-free  NLO
microscopy, integrating SRS, SHG, and TPEF, to investigate
T2DM-associated  alterations  in  microstructure  and  mate-
rial composition of cortical osteons in human lumbar verte-
brae. To our knowledge, this is the first application of label-
free NLO microscopy to characterize T2DM-specific skeletal
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alterations  in  human  bone  samples.  Our  primary  finding
suggested  that  aberrant  spatial  distribution  of  osteocyte-
related  proteins,  characterized  by  increased  homogeneity
and  decreased  contrast,  might  serve  as  a  distinctive  patho-

logical  indicator  of  impaired  bone  quality  observed  in
T2DM. Multi-channel texture analysis demonstrated strong
discriminative  power,  especially  when  fusing  features  from
protein,  HA,  and  autofluorescent  components.  This  fused
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approach  achieved  a  superior  classification  performance
(93.56% accuracy with KNN classifier)  significantly outper-
forming single-channel analyses (~75%).

The  effectiveness  and  potential  of  multimodal  label-free
NLO  imaging  have  been  confirmed  in  numerous  critical
applications,  such  as  rapid  diagnosis20,22,  and  high-resolu-
tion  in  vivo  imaging19,59.  Here,  we  confirmed  its  suitability
for  imaging  human  cortical  bone,  notably  providing  both
microstructural  and  multi-material  composition  informa-
tion.  SRS,  SHG  and  TPEF  images  clearly  visualized  key
components and architecture of osteons, including lamellae,
osteocytes, LCN, and cement line, which was consistent with
the  results  of  conventional  stain-based  imaging46,60.  Follow-
ing linear decomposition, SRS images more accurately high-
lighted the histological features of proteins and lipids, espe-
cially  those  within  osteocytes.  Although  collagen  fibers  are
widely  recognized  as  critical  determinants  of  bone  quality,
no significant differences were observed in the orientation of
collagen  fibers  via  SHG.  This  can  be  attributed  to  the  fact
that  SHG  primarily  characterizes  the  quantity  and  direc-
tional  alignment  of  non-centrosymmetric  collagen  fiber
bundles17,48,61.  Thus,  our  findings  suggest  that  the  overall

architectural  organization  and  volume  of  collagen  fibers
remain  relatively  stable  in  T2DM  bone,  with  pathological
alterations  likely  occurring  predominantly  at  the  molecular
level  (e.g.,  glycation  or  advanced  glycation  end-products).
Compared  to  conventional  techniques  applied  in  previous
studies  to  investigate  osteons,  such  as  X-ray  computed
tomography62,  stain-based  imaging60,  and  others47,35,63,  NLO
imaging eliminates  the  need for  decalcification and specific
labeling,  while  delivering  high-resolution  structural  and
material information without preprocessing.

The prominence of protein texture as the most influential
feature  in  our  model  underscores  the  vulnerability  of  the
osteocyte-related  network  in  T2DM.  Rather  than  a  simple
reduction in total protein mass, the observed spatial homog-
enization and decreased contrast suggest a loss of the struc-
tural and biochemical complexity required for normal bone
homeostasis. In healthy bone, proteins within osteocytes and
the  LCN  are  highly  organized  to  support  mechanosensing
and  intercellular  communication64,  such  as  Fibroblast
growth  factor  (FGF-23)65,66,  sclerostin67,68,  connexins,  inte-
grins,  and  others38,69,70.  The  transition  toward  a  more
uniform protein distribution in T2DM osteons likely reflects
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a dismantling of these functional gradients. While SRS imag-
ing  at  the  2930  cm−1 vibration  mode  captures  a  collective
signal  from  various  methyl-rich  biomolecules  rather  than
specific  proteins,  these  spatial  alterations  may  provide  a
potential  imaging  indicator  for  the  dysregulation  of
the  osteocyte  mechanotransduction  network.  Osteocytes
contain  multiple  mechanosensors,  such  as  sclerostin  and
Connexin  43  (Cx43)71,  which  are  pivotal  for  mediating
communication  both  within  and  between  cells.  Given  that
high-glucose  environments  are  known  to  downregulate
Cx43  levels  and  impair  gap  junction  functions72,73,  it  is
tempting to speculate that the homogenized protein texture
we  identified  represents  a  macroscopic  manifestation  of
these  microscopic  molecular  deficits.  The  observed  inverse
relationship between intracellular lipid and protein content,
characterized  by  lipid  accumulation  and  protein  decrease,
further  underscores  the  metabolic  disturbances  within
diabetic  osteocytes.  This  "lipid-high,  protein-low"  profile
suggests a potential shift toward abnormal lipid metabolism
at  the  expense  of  functional  protein  synthesis,  which  may
reflect  a  compromised  regulatory  capacity  of  osteocytes  in
the  T2DM  environment.  Such  anomalous  lipid  accumula-
tion  mirrors  the  pathomorphological  changes  observed  in
other  models  of  skeletal  fragility,  such  as  alcohol-induced
bone  loss74,  reinforcing  the  hypothesis  that  cellular
metabolic  reprogramming  is  a  significant  contributor  to
bone  quality  decline.  Our  AI-driven  identification  of  this
pattern  offers  a  potential  pathological  indicator,  suggesting
that  osteocyte  metabolic  dysfunction  may  be  an  early-stage
contributor to the decline of bone quality in T2DM.

The  adoption  of  texture  analysis75,76 in  this  study  moves
beyond  simple  intensity-based  quantification,  offering  a
robust descriptor for the intricate spatial organization of the
bone matrix. Texture is extensively applied in image classifi-
cation  and  segmentation  across  various  medical  imaging
modalities, especially in CT51,53, MRI52,55, and others77. While
conventional  statistical  metrics  (base  texture)  provide  a
baseline  for  classification,  the  significant  improvement  in
accuracy  achieved  by  integrating  GLCM  features  under-
scores  that  the  primary  pathological  signature  of  T2DM
osteons  resides  in  the  spatial  relationship  of  molecular
signals.  This  suggests  that  diabetic  bone  deterioration  is
characterized  by  a  "spatial  disorganization"  of  the  matrix,
which  traditional  intensity  measurements  fail  to  capture.
Notably,  the optimal classification performance observed at
GLCM distances of  1,  2,  and 4 pixels,  corresponding to the
physical scale of the bone canalicular diameter36,  provides a
biological  bridge  between  our  computational  features  and
the  bone  microstructure.  This  alignment  suggests  that  our
AI  model  is  not  merely  learning  random  patterns,  but  is
specifically sensitive to the spatial  redistribution of proteins
and  lipids  within  LCN.  The  high  discriminative  power  at
these specific scales implies that T2DM disrupts the molecu-
lar gradients within the LCN, leading to the "homogenized"
appearance  identified  in  our  texture  maps.  By  quantifying

these  spatial  link  properties,  our  approach  effectively
translates  abstract  imaging  textures  into  tangible  indicators
of  LCN  integrity,  further  corroborating  the  qualitative
evidence of metabolic and structural dysfunction in diabetic
osteocytes.

The  superior  performance  of  the  KNN  algorithm  in  the
early  fusion  stage  (feature  concatenation)  can  be  attributed
to  its  non-parametric,  distance-based  nature,  which
contributed to capturing local manifold structures and clus-
tering patterns without assuming a global data distribution.
In our study, multimodal features concatenation produced a
high-dimensional  feature  space  in  which  discriminative
information  emerged  primarily  from  joint  cross-channel
patterns rather than from any single  modality.  Thus,  under
the constraints of our current pilot-scale sample size, KNN's
reliance  on  local  "neighborhood"  consistency  allowed  it  to
capture  these  subtle  structures  with  high  sensitivity.  In
contrast,  ensemble  methods  (e.g.,  RF)  rely  on  stochastic
feature  sub-sampling  during  decision  tree  construction.
Although this  mechanism enhances  generalization in  many
applications, it may reduce the algorithm’s ability to exploit
multimodal  interaction  information.  In  particular,  RF's
feature  randomization  might  dilute  subtle  inter-channel
dependencies  that  KNN's  local  manifold  preservation
captures  effectively  in  this  dataset.  However,  it  is  critical  to
note  that  as  the  dataset  expands,  KNN  may  encounter  the
"curse  of  dimensionality"78.  This  phenomenon  diminishes
the discriminative power of distance metrics in high-dimen-
sional  spaces,  potentially  increasing  sensitivity  to  noise.  RF
demonstrated  stronger  performance  in  the  stacking  stage,
where  its  ensemble  architecture  proved  robust  in  aggregat-
ing  non-linear  features.  As  data  volume  grows,  the  ensem-
ble  learning  and  feature-randomization  mechanisms  of  RF
are  expected  to  offer  superior  generalizability  and  robust-
ness,  making  it  better  equipped  to  handle  the  increased
biological  variability  and  complexity  of  larger  populations
than distance-based classifiers.

Some  limitations  should  be  acknowledged  in  this  study.
First, the relatively limited patient-level size may restrict the
generalizability  of  our  findings  to  the  broader  and  highly
heterogeneous  T2DM  population.  Although  we  utilized  a
rigorous  patient-wise  cross-validation  framework  with  50
random  partitions  to  enhance  robustness  and  found  no
significant  baseline  differences,  future  studies  with  larger,
multi-center  cohorts  are  essential  to  mitigate  the  influence
of biological variability and other clinical confounders (e.g.,
diabetes  duration,  medications).  Second,  the  observed
protein  spatial  homogenization  identified  in  this  study
should be cautiously interpreted as an imaging-based patho-
logical  indicator rather than a confirmed molecular mecha-
nism.  SRS  signals  at  the  2930  cm−1 band  reflect  collective
contributions  from  methyl-rich  biomolecules  rather  than
specific protein species, rendering our biological interpreta-
tions  (e.g.,  links  to  mechanosensing  proteins)  hypothetical.
Orthogonal  validations  such  as  immunohistochemistry,
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proteomics,  or  biomechanical  testing,  are  essential  to  eluci-
date causal relationships between these texture changes and
impaired bone quality.  Finally,  while  our  AI-powered NLO
workflow  effectively  discriminates  T2DM-associated  bone
alterations in this pilot study, it currently serves as a discov-
ery  tool  rather  than  a  fully  automated  clinical  diagnostic
platform.  Ongoing work will  focus  on dataset  expansion to
refine lesion patterns and pursue targeted molecular investi-
gations,  advancing  from  indicator  identification  toward  a
deeper  understanding  of  mechanistic  underpinnings  of
diabetic bone disease.

In  summary,  our  findings  revealed  that  aberrant  protein
texture,  characterized  by  increased  homogeneity  and
decreased  contrast,  is  a  critical  factor  contributing  to
impaired  bone  quality  in  T2DM.  A  robust  workflow  based
on  a  KNN  model  was  also  developed  to  integrate  texture
features from protein, TPEF, and HA channels, demonstrat-
ing  high  classification  performance  (accuracy  93.56%)  in
distinguishing  T2DM-related  skeletal  alterations.  Collec-
tively,  this  study  not  only  constructed  a  comprehensive
framework  for  quantitatively  identifying  T2DM-related
skeletal  alterations  with  high  accuracy,  but  also  provided
novel  insights  into  the  possible  pathogenic  mechanisms
underlying  bone  microarchitecture  alterations  and  subse-
quent bone quality deterioration in T2DM patients.

 4    Materials and methods

 4.1  Setting

In  this  study,  55  individuals  participated  from  March  2021
to  January  2022.  Nineteen  patients  were  excluded  due  to
insufficient  bone  tissue  volume  for  effective  sectioning.
Consequently,  36  patients  were  ultimately  included  in  our
study. Analysis of bright field images revealed 28 osteons in
tissue  sections  from  22  participants  (12  without  T2DM,
including  6  males,  aged  63.3±15.0  years;  and  10  T2DM,
including  5  males,  aged  68.9±12.0  years).  This  study  was
approved  by  the  local  ethics  committee  of  Shanghai  East
Hospital (EC.D (BG) 016. 02.1). Each participant had signed
an informed consent form. Before the operation, the demo-
graphic  and  biochemical  profiles  of  the  T2DM and  control
groups  were  comparable,  with  the  notable  exceptions  of
glycemia and HbA1c levels (Table S1). Since all participants
had  lumbar  spinal  stenosis,  cortical  tissues  of  L4  (or  L5)
were  collected  when  they  underwent  posterior  approach
spinal decompression (discectomy and laminectomy). Skele-
ton  samples  were  cut  into  thin  slices  using  a  rotary  micro-
tome  before  optical  microscopy  (Fig.  S1(a)).  The  thickness
of each slice was around 100 μm. Then they were placed on
slides  with  coverslips  and  nail  polish  was  applied  to  the
outer for encapsulation.

 4.2  Nonlinear optical microscopy

Detailed setup of the multimodal NLO microscopy has been
illustrated in previous studies21,44,79.  In brief,  we employed a
picosecond  pulse  laser  (picoEmerald  S,  Applied  Physics  &
Electronics)  with  an  8  MHz  repetition  rate  and  2  ps  pulse
width,  which  integrated  the  output  for  the  pump  beam
(Tunable  wavelength,  700~960  nm)  and  the  Stokes  beam
(Fix wavelength, 1031 nm). In SRS imaging, the Stokes beam
was  modulated  at  approximately  20  MHz using  an  electro-
optic modulator. The collinear pump and Stokes beams were
coupled  to  a  two-dimensional  scanning  Galvanometer
mirror system (GVS012-2D, Thorlabs)  and introduced into
an  inverted  research  microscope  (model  IX73,  Olympus).
Two 60× water-immersion objective lenses (LUMPlanFL N,
1.0  numerical  aperture,  Olympus)  were  used  to  illuminate
the sample and collect the transmission of forward-detected
SRS  signal,  respectively.  The  detected  signal  was  then
processed  by  a  lock-in  amplifier  (model  HF2LI,  Zurich
Instruments).  To detect the vibrational bands of CH2 (2850
cm−1),  CH3 (2930  cm−1),  and  PO4−3 (959  cm−1),  the  pump
beam wavelength was  adjusted to  796.8  nm,  791.8  nm,  and
938  nm,  respectively.  The  excitation  power  at  the  sample
was  maintained  at  approximately  20  mW  for  the  pump
beam and approximately 90 mW for the Stokes beam across
all  bone  tissue  samples.  The  same  microscope  was  used  to
collect  both  SHG and TPEF imaging.  The  pump beam was
tuned  to  796.8  nm,  and  the  excitation  power  at  the  sample
was  ~40  mW.  A  photomultiplier  tube  (H7422-40,  Hama-
matsu)  was  used  to  detect  the  backward  SHG  and  TPEF
signals through 395/25 nm (ET395/25, Chroma) and 520/40
nm (ET520/40, Chroma), respectively. All NLO images were
obtained in 512 × 512 pixels with dwell  time of 8 μs.  High-
resolution  microscopic  images  of  tissue  sections  were
acquired using a motorized stage microscope (model H117,
Prior Scientific). No photodamage to the tissue samples was
observed during the imaging process.

 4.3  Osteons separation

Secondary  osteons  (excluding  haversian  canals)  were
selected as the primary units for comparison to ensure struc-
tural  consistency  (Fig.  S3 for  the  images  with  and  without
haversian system). SHG, TPEF, and SRS-HA channels were
utilized  to  differentiate  osteons  from  the  surrounding
matrix.  To  ensure  segmentation  accuracy  and  minimize
subjective  bias,  we  employed  a  hybrid  workflow  involving
algorithmic  drafting  and  multi-observer  refinement  using
ImageJ (https://imagej.nih.gov/ij/): 1) Algorithmic drafting:
K-means clustering was first applied to the TPEF channel to
generate a preliminary segmentation pseudo-color map (Fig.
S4(b)).  This  algorithmic  step  effectively  differentiated  the
circumferential  lamella  within  the  osteon from the  intersti-
tial  lamellae  based  on signal  intensity  gradients.  2) Manual
adjustment:  preliminary  boundaries  were  initially  drafted
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and  then  independently  refined  by  two  trained  observers
using  the  "polygon  selections"  tool.  This  step  ensured  that
the complex morphology of secondary osteons was captured
accurately  across  all  channels.  3) Expert  adjudication:  a
third  experienced  researcher  performed  the  final  adjudica-
tion of  all  segmented  boundaries.  The  interior  and exterior
ROIs  were  merged  via  the  "XOR"  function  in  the  ROI
Manager  to  isolate  the  final  osteon  area.  Identical  regions
across  all  channels  were  then  extracted  and  saved  as  the
maximum bounding rectangles for further analysis (Fig. S4).

 4.4  Linear decomposition of SRS

The  measured  spectra  image  was  represented  as  a  linear
combination of  Raman spectra  of  standard substances.  The
signals at the Raman shift of 2930 cm−1 and 2850 cm−1 were
both  mainly  composed  of  protein  and  lipid  components.
Bovine  serum  albumin  (BSA)  and  glyceryl  trioleate  (TO)
were  used  as  the  protein  and  lipid  standards,  respectively.
The  coefficient  matrix  in Eq.  (1) was  obtained  from  the
normalized  spontaneous  Raman  spectra  of  BSA  and  TO
(Fig. S1(b)),  by extracting their intensities at 2930 cm−1 and
2850 cm−1. These values define the linear mixing coefficients
between the two channels and the two biochemical compo-
nents.  By  solving Eq.  (1) using  this  system-specific  calibra-
tion matrix, the decomposed SRS images of protein and lipid
channels could be obtained.  (

X2930 cm−1

X2850 cm−1

)
=

(
0.85 1
0.93 0.18

)(
Xlipid

Xprotein

)
. (1)

 4.5  Orientation measurement of collagen fibers

We  employed  the  plugin  of  ImageJ  (OrientationJ,
http://bigwww.epfl.ch/demo/orientation/)  to  measure  the
orientation  distribution  in  the  separated  SHG  images  of
osteons.  Firstly,  the  Gaussian  filter  (kernel  size:  3×3, μ=0,
σ=1) was utilized for removing noise signals. Secondly, each
image  was  divided  into  numerous  40×40  pixel  blocks.  The
local  orientation,  energy,  and  coherency  of  collagen  fibers
were calculated in each block by "OrientationJ Vector Field".
The orientation range was set from −90° to 90°. Finally, the
energy and coherency of one osteon was the average value of
constituent  blocks.  The  orientation  of  each  osteon  was
manifested  through  the  distribution  of  orientations  in
blocks.

 4.6  Multi-channel quantitative statistics

Extracted  images  in  each  channel  were  processed  by  the
Gaussian filter  (kernel  size:  3×3, μ=0, σ=1).  Then,  the  valid
signal region was selected and measured using the "Thresh-
old"  and  "Measure"  functions  in  ImageJ  respectively.  The
statistical  indicators  included  mean,  standard  deviation
(StdDev), skewness, and kurtosis.

 4.7  Image preprocessing

Firstly,  the  extracted  osteon  images  were  processed  by  the
Gaussian filter (kernel size: 3×3, μ=0, σ=1) to suppress high-
frequency noise  and ensure  the  reliability  of  feature  extrac-
tion.  Then  the  processed  images  were  converted  into  polar
coordinates.  The  center  of  transformation  was  the  central
point  of  the  Haversian  canal.  Secondly,  each  transformed
image  was  divided  into  8  sub-images  in  accordance  with
equal  width,  and  the  empty  pixel  blocks  at  the  top  and
bottom  edges  were  removed.  It  was  equivalent  to  dividing
one sub-image per 45° in raw images. The sub-images were
the basic units for feature extraction and classification. Each
channel  had  224  sub-images  (88  from  T2DM,  136  from
control).  Finally,  each  sub-image  in  the  training  set  was
augmented twice to expand the dataset.  Notably,  all  images
generated  from  data  augmentation  were  only  used  in  the
training set, and all images in the test set were actual images.
The  augmentation  techniques  included  flipping  (up  and
down,  side  to  side),  rotation  (90°,  180°,  270°),  transposing,
adding Gaussian noise or pepper noise, and resizing (height
to half). We randomly generated two numbers to choose two
augmentation  techniques  for  each  sub-image.  Given  the
naturally annular lamellar structure and inherent rotational
invariance  of  osteons,  as  well  as  the  orientation  indepen-
dence  of  all  extracted  features,  these  image  augmentation
methods  do  not  distort  the  intrinsic  microstructural  infor-
mation of osteons, ensuring high reliability.

 4.8  Texture feature extraction

We  extracted  two  types  of  texture  features  from  each  sub-
image  in  five  channels,  including  base  texture  features  and
GLCM  features80,81.  Base  texture  features  were  statistical
features  based  on  signal  intensity  distribution,  including
mean,  StdDev,  skewness,  kurtosis, R,  homogeneity,  and
entropy.  GLCM  features  were  based  on  the  grayscale  co-
occurrence pattern of adjacent pixels,  including homogene-
ity,  correlation,  contrast,  entropy,  and  angular  second
moment  (ASM)57.  The  detailed  calculation  formulas  were
listed  in  supplementary  materials.  The  GLCM  features
involved  three  hyperparameters:  gray  levels,  distances,  and
directions. We evaluated 6 gray levels (L = 256, 128, 64, 32,
16, 8), along with 5 distances (D = 1, 2, 4, 8, 16 pixels) and 4
directions (θ = 0°, 45°, 90°, 135°)58. Lower gray levels simpli-
fied  computational  complexity  but  risked  image  distortion.
Thus,  we  compared  6  gray  levels  of  sub-images  with  five
channels  (Fig.  S6)  and  found  that  the  32  gray-level  opti-
mally balanced algorithmic complexity and feature accuracy,
which  was  adopted  for  further  analysis.  Furthermore,  the
GLCM matrices of four directions exhibited a high degree of
similarity, prompting the computation of the average GLCM
vector of four directions as the representative GLCM feature
at  the  corresponding  distance.  However,  due  to  the  lack  of
consensus  on  the  most  effective  distance  parameters  for
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osteon  classification,  we  extracted  the  4-direction  average
GLCM features across the 5 distances.

 4.9  Model building for classification

Single channel  classification. Eight  models  were employed
for  single-channel  classification,  including  SVM(rbf),  Deci-
sion  Tree,  RF,  Naïve  Bayesian,  Logistic  Regression,
AdaBoost,  GBDT, and KNN. The texture features extracted
from individual channels served as the input for the models.

Channel  fusion  based  on  concatenating  features. We
concatenated features extracted from five channels to form a
higher-dimensional feature set, which served as input to the
ML  algorithms.  In  this  stage,  SVM(rbf),  RF,  AdaBoost,
GBDT,  and  KNN  models  were  selected  to  distinguish
osteons between the control and T2DM groups.

Channel  fusion  based  on  modified  stacking  ensemble
algorithm. The  modified  stacking  algorithm  consisted  of
two layers of classifiers. The first layer comprised 5 identical
fundamental  classifiers,  each  corresponding  to  the  texture
features of one distinct channel. The second layer, as a deci-
sion  classifier,  achieved  channel-fusion  prediction  by  using
the  predicted  probability  matrix  output  from the  first-layer
classifiers.  We  experimented  with  five  models  used  in
feature  concatenation  classification  as  the  first-layer  classi-
fiers, including RF, SVM(rbf), KNN, GBDT, and AdaBoost,
and  selected  lower  complexity  models  as  the  second-layer
algorithms,  including  logistic  regression,  decision  tree,
quadratic  discriminant  analysis  (QDA),  SVM(rbf),  and
KNN.  Thus,  eight  stacking  models  were  built  and  utilized
for classification.

 4.10  Training and prediction

For  each  model,  the  datasets  were  randomly  split  into  75%
training sets and 25% test sets based on patients. In total, for
each training and prediction, 56 samples were in the test set,
and 504 samples were in the training set. 10-fold cross-vali-
dation was utilized to evaluate the performance of classifica-
tion models. In Stages 3−5, to mitigate potential biases intro-
duced  by  the  test  set  selection  on  the  outcomes,  we
randomly divided each feature dataset into training and test
sets 50 times, generating 50 distinct test sets along with their
corresponding  training  sets.  Each  model  was  then  trained
and tested 50 times using these different train and test  sets.
The final classification performance of each model was char-
acterized  by  averaging  the  results  across  all  50  iterations.
The sequence of random seeds remained constant across the
50  divisions  of  each  feature  set  to  ensure  comparability
between features and algorithms. The main evaluation indi-
cators  of  model  prediction  performance  included  accuracy,
sensitivity,  and  specificity.  Receiver  Operating  Characteris-
tic (ROC) curves were also plotted and AUC was calculated
as the comprehensive evaluation indicator.

 4.11  Statistical analysis

The statistical analysis in our study was conducted and illus-
trated  using  the  Prism  software  (GraphPad,  version  10,
https://www.graphpad.com/scientific-software/prism/).  The
quantitative  results  were  described  as  mean  ±  95% CI.  The
independent  samples t-test  was  used  to  examine  the  differ-
ences  in  indicators  of  normal  distribution  between  T2DM
and  control  groups.  Welch  correction  was  utilized  for  the
indicators that did not conform to homogeneity of variance.
Mann-Whitney  test  was  used  for  comparing  indicators  of
abnormal  distribution.  To  compare  multiple  groups,  one-
way  or  two-way  analysis  of  variance  (ANOVA)  was  used
with  Tukey's  multiple-comparison post  hoc test.  Two-tailed
p < 0.05 was regarded as the significant level for all tests.
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