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Abstract 
Histomorphometric analysis of undecalcified bone biopsy images provides quantitative assessment of bone turnover, volume, and mineralization 
using static and dynamic parameters. Traditionally, quantification has relied on manual annotation and tracing of relevant tissue structures, a 
process that is time-intensive and subject to inter-operator variability. We developed ADAM, an automated pipeline for digital phenotyping, 
to quantify tissue and cellular components pertinent to static histomorphometric parameters such as bone and osteoid area, osteoclast and 
osteoblast count, and bone marrow adipose tissue (BMAT) area. The pipeline allowed rapid generation of delineated tissue and cell maps for 
up to 20 images in less than a minute. Comparing deep learning-generated annotation pixels with manual annotations, we observed Spearman 
correlation coefficients of ρ = 0.99 for both mineralized bone and osteoid, and ρ = 0.94 for BMAT. For osteoclast and osteoblast cell counts, 
which are subject to morphologic heterogeneity, using only brightfield microscopic images and without additional staining, we noted ρ = 0.60 
and 0.69, respectively (inter-operator correlation was ρ = 0.62 for osteoclast and 0.84 for osteoblast count). The study also explored the application 
of morphological texture analysis (MTA), measuring relative pixel patterns that potentially vary with diverse tissue conditions. Notably, MTA from 
mineralized bone, osteoid, and BMAT showed differentiating potential to identify common pixel characteristics between images labeled as low or 
high bone turnover based upon the final diagnostic report of the bone biopsy. The Area Under the Receiver Operating Characteristic Curve (AUC-
ROC) obtained for BMAT MTA features as a classifier for bone turnover, was 0.87, suggesting that computer-extracted features, not discernable 
to the human eye, hold potential in classifying tissue states. With additional evaluation, ADAM could be potentially integrated into existing clinical 
routines to improve pathology workflows and contribute to diagnostic insights into bone biopsy evaluation and reporting. 

Keywords: bone histomorphometry, osteoclasts, osteoblasts, diseases and disorders of/related to bone, disorders of calcium/phosphate metabolism 

Lay Summary 
Bone biopsies are used to study bone diseases at a microscopic level. For precise measurements, detailed tracings of tissue and cell structures 
are hand-drawn on images, a process that is time-consuming and prone to variability between observers. Advances in artificial intelligence, 
particularly deep learning, enable automatic identification of tissue and cell parts using their shape, color, texture, and location. We developed 
ADAM, the first automated deep learning-based pipeline to trace tissue and cellular structures, and extract texture patterns embedded in images 
of undecalcified bone samples. These automated tracings allow quicker and easier processing of bone biopsy images for diagnostic reporting.
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Graphical Abstract 

Introduction 
Diagnostic bone biopsies play a pivotal role in evaluating 
metabolic bone disorders such as osteoporosis, osteomalacia, 
hyperparathyroid bone disease and renal osteodystrophy.1–5 

Although imaging modalities such as quantitative and high-
resolution CT or MRI6 offer non-invasive and 3D informa-
tion on bone structure, it is through bone histopathology 
that we obtain reliable insights into bone formation and 
resorption, thereby explaining clinical phenotypes of bone loss 
and quality.7 Undecalcified bone histology, used in conjunc-
tion with fluorochrome labeling8 is the gold standard for 
evaluating bone turnover (coupling of bone formation and 
resorption9) and mineralization (incorporation of calcium 
phosphate nanocrystals into organic bone matrix, essential for 
the hardness and strength of bone10); these processes provide 
standard therapeutic targets for anti-remodeling, anabolic or 
other medications.11 

Traditionally, histomorphometric reporting relies on 
visual identification of histologic primitives (structures) by 
experienced pathologists, taking approximately 60 min per 
slide.12 Detailed feature maps13 are manually created by 
point labeling cells like osteoblasts and osteoclasts, and 
contour tracing outlines of mineralized bone and osteoid 
for areal dimensions, erosion cavities for width and depth, 
and fluorochrome double labels for extent and inter-label 
width. In the early 1980s, Malluche et al.14,15 developed 
a semi-automatic method based on stereological principles 
for calculation of 2D and 3D bone histomorphometric 
parameters. Initially marketed by Zeiss as Osteoplan,16 these 
principles were also adapted by other specialized image 
analysis software such as Bioquant17 and OsteoMeasure18 

that are now commonly used to quantify histomorphometric 
feature maps. The American Society of Bone and Mineral 
Research (ASBMR) Histomorphometry Nomenclature Com-
mittee ASBMR committee has standardized reporting and 

nomenclature20 for both static and dynamic parameters. 
Static parameters include perimeters of mineralized bone and 
osteoid, osteoblast and osteoclast numbers and dimensions 
of bone-osteoblast, bone-osteoclast interfaces, at a single 
timepoint; dynamic histomorphometry assesses fluorochrome 
label uptake from two or more time points to indirectly 
estimate bone mineralization over time.21 Measurements and 
their precision rely largely on the expertise of the pathologist, 
are time-consuming, and can introduce subjectivity and 
inter- and intra- operator variability.22,23 As a result,  
histomorphometric reporting of bone biopsies is often limited 
to research settings, while clinical diagnostics rely more on 
qualitative interpretation.19 

Efforts at automated and semi-automated quantification 
methods have thus far been limited21,23 to mice models21,24 

and require a certain degree of manual intervention and 
therefore run-time. However, the advent of deep learning 
(DL) models, particularly nnU-Net,25 introduced a powerful 
semantic-based network for biomedical image segmentation 
that focuses on spatial relationships between pixels26 rather 
than just pixel color information. Furthermore, computa-
tional methods allow for the extraction of embedded image 
texture information, usually not discernable to the human 
eye.26 These texture features, collectively termed as morpho-
logical texture analysis (MTA) include occurrences and pat-
terns of relative pixel intensities and have found application 
in radiology27 and pathology28 studies to classify normal and 
abnormal tissue states. 

In this work, we present ADAM, an end-to-end pipeline 
for digital phenotyping of brightfield bone biopsy images 
to generate feature maps for static histomorphometry by 
delineating histologic primitives. We used a set of 443 bone 
histology images annotated by two of the authors (MR, 
FL) with training and experience in bone histomorphometry. 
These images were selected expressly for feature identification
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for training DL models. Algorithms were constructed for the 
following: 

1. Feature mapping and cell segmentation: to delineate 
mineralized bone, osteoid, osteoblasts, osteoclasts, the intent 
being to reduce the time required21 for manual annotations. 
We assessed the agreement between feature maps generated 
by our DL models against manually annotated feature maps. 

2. Additionally, MTA was performed on histologic primi-
tives segmented in (a). This additional and novel exploratory 
step generated a methodology for extracting and identifying 
unique structured or unstructured pixel patterns in mineral-
ized bone, osteoid and bone marrow adipose tissue (BMAT), 
that could potentially associate with normal or anomalous 
tissue states. 

Materials and methods 
Bone biopsy preparation 
The study utilized a selected set of 443 histology images from 
anterior iliac crest bone biopsies from 29 patients (female 
77%, age range 22-71 yr) investigated for metabolic bone 
diseases. Bone core samples were approximately 0.3 cm in 
diameter, with adequate representation of cortical and trabec-
ular bone compartments. Bone cores were fixed in ethanol at 
room temperature, subjected to dehydration, and then embed-
ded in methyl methacrylate, following the procedures outlined 
by Malluche et al.29 Sections were stained with the modified 
Masson–Goldner trichrome stain (Masson, 1929; Goldner, 
1938), the Aurin tricarboxylic acid stain (Lillie, 1976) and 
solochrome azurine stain (Denton, 1984). 

Slide digitization and image selection 
Brightfield light microscopy images were acquired through 
an MTI color video camera attachment to a Zeiss Axioplan 
microscope, interfaced with OsteoMeasure (OsteoMetrics, 
Inc.), a widely used commercial software for histomorphomet-
ric analysis.30 A total of 29 regions of interest (ROIs) or image 
areas were selected from 29 whole slide images (Figure 1, 
step II) based on representative tissue characteristics that 
provided the morphologic diversity needed for training of the 
machine learning algorithms (Figure S1). Image areas in biop-
sies from patients with osteoporosis provided variability in 
mineralized bone area whereas image areas from patients with 
osteomalacia provided variability for unmineralized osteoid 
regions. Diversity in cellularity was captured using image 
areas from low-turnover osteoporosis (low cellularity) and 
hyperparathyroid states (high cellularity) in patients with 
renal osteodystrophy. A total of 443 images at a magnification 
of 20x were in turn extracted from the 29 image areas, based 
on the grid generated by the OsteoMeasure software. These 
images containing the representative features were then used 
to train and test the DL models. 

Annotation and image preprocessing steps 
The images were processed to match the image color statis-
tics of a reference image using the Reinhard color normal-
ization technique from tissue image analytics stain normal-
ization toolbox,31 to address any variation in color maps 
(Figure S1). Furthermore, all images were cropped and resized 
from an initial size of 1171 × 1580 × 3 to a standard size of 
512 × 512 × 3 to ensure consistency with the requirements of 
the convolutional neural network. 

Two of the authors (M.R., F.L.) trained and experienced in 
histomorphometry, annotated the histologic features using 
OsteoMeasure to create feature maps. These manually 
annotated feature maps served as the reference data, and 
provided primary static histomorphometric indices, namely, 
area of mineralized bone and osteoid, osteoblast number and 
osteoblast surface, osteoclast number, osteoclast surface and 
outlines of BMAT areas. 

Deep learning dataset 
Distinct nnUnet DL models for tissue and cellular elements 
in biopsies were developed. Table S1 summarizes the data 
split for each histologic primitive based on the annotations 
available for model training. Leveraging the nnU-Net deep 
learning architecture, the models were rigorously trained to 
achieve precise segmentation, considering not just color, and 
shape characteristics but also the spatial information for each 
histologic primitive. The train and test datasets were indepen-
dent and different depending on the annotations available for 
the histologic primitive being considered (Table S1). 

Digital phenotyping of bone biopsy images: 
automated segmentation of tissue and cellular 
components and morphological texture analysis 
Mineralized bone and osteoid 
The mineralized bone and osteoid regions have distinct blue 
and red regions respectively in Masson-Goldner trichrome 
stained bone biopsies (Figure 2). Traditional segmentation 
techniques like global thresholding and connected compo-
nent32 analysis were initially considered. However, due to 
diverse color maps of image areas (Figure S1), these techniques 
would be inadequate and incapable of filtering out artifacts 
caused by the folding or tearing of tissue, especially in thin 
biopsy slices. A single nnUnet model was employed for the 
segmentation of bone and osteoid regions. The train dataset 
comprised of 107 annotated images of size 512 × 512 × 3 and  
the independent test set consisted of 77 images. 

Osteoclasts 
Osteoclasts, responsible for bone resorption, are generally 
situated along the surface of mineralized bone.33 Due to the 
limited number of osteoclast labels within images, additional 
augmentation techniques such as rotation and reflection 
were deployed to expand the training dataset. Dividing 
the image size from 512 × 512 × 3 into 64 64 × 64 × 3 
images provided finer local details of the cellular structures, 
improving the generalizability and adaptability of the deep 
learning model to heterogenous presentations. An nnUnet 
model was trained using 5696 subdivided images (from 
89 images of size 512 × 512 × 3) with osteoclastic activity 
and was tested in 1987 subdivided images (from 31 images 
of size 512 × 512 × 3). The resultant images from the 
DL model were reconstructed to the original image size 
of 512 × 512 × 3 images (Figure 3). This was followed 
by the implementation of a cell counting algorithm to 
determine the number of osteoclasts in each reconstructed 
image. 

Osteoblasts 
Osteoblasts are responsible for bone formation and are 
typically found bordering osteoid seams.33 Segmentation 
of osteoblasts was achieved through the integration of

https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
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Figure 1. ADAM for digital phenotyping of bone biopsy images; step I bone biopsy preparation: Masson–Goldner trichrome stained bone biopsies are 
subjected to slide digitization; step II involves selection of image areas (for a one-time deep learning training process) which are further subjected to image 
extraction and stain normalization (step III); step IV comprises deep learning models for digital phenotyping, followed by quantification of cells and tissue 
area segmented (step V). 

computer vision and deep learning techniques as their 
structure proved to be more complex than the relatively 
large osteoclasts. The final model was a fusion of com-
puter vision and deep learning techniques, as shown in 
Figure S2. The DL model, similar to osteoclast segmenta-
tion, used 512 × 512 × 3 images each subdivided into 64 
64 × 64 × 3 images. The model was trained using 4416 
subdivided images (from 69 512 × 512 × 3 images) and 
1920 subdivided images to test (from 30 512 × 512 × 3 
images). Subsequently, the DL model’s output, which 
consisted of smaller 64 × 64 × 3 images, was reassembled 
to recreate the original 512 × 512 × 3 image dimensions 
(Figure 3). 

The DL model’s output images underwent post-processing 
with a computer vision algorithm, particularly focusing on 
regions near the osteoid where the model exhibited low con-
fidence in its predictions (osteoid mask was obtained from 
bone-osteoid DL model described in Mineralized Bone and 
Osteoid). A contiguous region of interest was selected using 
the osteoid mask, and cells within this region having a radius 
greater than two pixels were detected and combined with the 
cells predicted from the DL model. 

Bone marrow adipose tissue 
BMAT consists of adipocytes in close contact with bone 
and hematopoietic cells.34 During processing, alcohol fixation 
removes the lipid content of fat cells, leaving behind residual 
cell boundaries and the surrounding extracellular matrix. 
Though BMAT is generally left unmeasured in workflows,35 

we made their segmentation an essential step since their tex-
ture was analyzed in MTA. The ground truth annotations for 
training the model were obtained by manually tracing BMAT 
boundaries (Figure 4). An nn-UNet model was trained on 76 
images and tested on 29 images (both data splits comprising 
images of size 512 × 512 × 3). 

Morphological texture analysis 
MTA yielded a broad spectrum of quantitative features, such 
as entropy, energy36 (derived from gray-level co-occurrence 
matrix, a 2D histogram containing the counts/probabilities of 
co-occurring intensity values37), and intensity (features from 
pixel intensities in an image38). For this study, an exploratory 
analysis was performed to relate pixel information obtained 
from MTA of histological primitives to the bone turnover 
status (“low” vs “high”) specified in the final diagnostic 
report of the bone biopsy. Images with the diagnosis of 
osteomalacia were excluded for these analyses to focus on 
the singular dimension of bone turnover unaffected by any 
variability in mineralization. The definition of turnover status 
by the pathologist in the diagnostic report was based on (1) 
histologic findings (brightfield light microscopy) of cellular 
surfaces and assessment of bone formation and resorption 
(2) fluorescent light microscopy with tetracycline labels for 
extent of mineralizing surface. Bone turnover was catego-
rized as “high” for histology showing high osteoblast surface 
with high osteoid surface indicative of bone formation, high 
osteoclast surface with eroded surface indicative of resorp-
tion, and fluorescent microscopy showing high mineralizing 
surface with mainly double tetracycline labels. Similarly, bone 
turnover was categorized as “low” for histology showing 
low osteoblast surface with low osteoid surface indicative of 
decreased bone formation, low osteoclast surface, and fluores-
cent microscopy showing low mineralizing surface with no, or 
few, mainly single tetracycline labels. 

For MTA analysis, 379 images were subjected to seg-
mentation using DL models to delineate bone, osteoid, and 
BMAT regions. All images contained BMAT regions, however, 
bone and osteoid regions were present in just 358 images. 
Classification models including support vector classifiers, RF, 
and linear regression, were then trained on top decorrelated 
features to classify low and high turnover image datasets.

https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
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Figure 2. Deep learning-derived segmentation of bone and osteoid regions in bone biopsy images. (A) Illustrates bone regions in green, predicted by the 
model and overlaid on biopsy images; the osteoid regions predicted by the model are represented with a pink overlay in (B). The images display a range 
of color variations in biopsy images prior to color normalization. 

Histomicstk, 37 a Python package for the analysis of digital 
pathology images was used to extract texture features and 
for MTA. 

Statistical analysis 
DL based feature mapping and cell segmentation 
The tissue areas and the cellular structures were compared 
against the ground truth annotations using the Spearman 
correlation coefficient,39 denoted as ρ (rho) applicable 
to non-normally distributed data. The histomorphometric 
parameters as outlined by Dempster et al.20 were compared 
between ADAM-derived and OsteoMeasure-derived param-
eters (Figure S3). Correlation plots for tissue segmentation 
were generated by counting the pixels for each histological 

primitive, (bone, osteoid, BMAT), normalizing these against 
the total pixels in the image, and comparing the results with 
the pixels in manual annotations (Figure 5 and Figure S4). 
Furthermore, Dice similarity index40 or Dice scores provided 
a spatial overlap index and a measure of the model’s ability 
to accurately delineate target tissue regions. For cellular 
structures, ρ was reported for the correlation between the 
cell counts obtained from the DL model and manually 
from the ground-truth annotations. Inter-operator variability 
was computed as the Spearman correlation coefficient 
across the cell counts obtained by each of the manual 
annotations (Figure S5). Additionally, Bland–Altman41 (BA) 
analyses were employed to depict the agreement between 
the two methods and the two observers (see Figures S6 
and S7).

https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
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Figure 3. Osteoclasts and osteoblasts segmentation using ADAM; (A) and (C) show manual annotations for osteoclasts and osteoblasts for model 
validation respectively, a grayscale colormap is used for better visual representation; (B) and (D) show deep learning predictions of osteoclasts and 
osteoblasts respectively, overlaid on biopsy images with black cell outlines. 

Morphological texture features were extracted from bone, 
osteoid and BMAT, and visualized using the 3D uniform mani-
fold approximation and projection 42 technique (Figure S8). A 
suite of 43 texture features were extracted from these tissue 
components and those exhibiting high correlation exceeding 
95% were filtered out, resulting in 33 texture features for bone 
and BMAT, and 34 texture features for osteoid, and bone as 
detailed in Figure S9. Bone, osteoid and BMAT support vector 
classifiers43 were trained using texture features to stratify the 
images based on turnover labels obtained from the diagnostic 
report of the bone biopsy (F1 score, Area under the receiver 
operating characteristic curve (AUC-ROC); Table S2). Subse-
quently, a deeper analysis of BMAT features was undertaken 

based on the AUC-ROC44 metric (Table S2). The dimensional-
ity reduction of the feature vector using a stringent correlation 
threshold of 85% resulted in the selection of 24 BMAT texture 
features. Since BMAT texture features were found to have 
non-normal distributions (Shapiro–Wilk45 test p < .05), the 
Mann–Whitney U test46 was used to select significant texture 
features that tracked with the bone turnover labels. Applying a 
Bonferroni47 corrected p < .002, three BMAT texture features 
satisfying the conservative p-value threshold were identified, 
and classifiers were trained (225 low turnover images and 78 
high turnover images) and tested (57 low turnover and 19 high 
turnover). A flowchart shown in Figure S9 illustrates the steps 
involved in MTA. The performance of the binary classifiers for

https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
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Figure 4. Representative manual annotations to segment the white oval BMAT regions (A) and deep learning predictions for BMAT using nnU-Net (B). 

Figure 5. Correlation plots of phenotyped regions and cellular structures from manual annotations and automated segmentation; clockwise: Bone (0.99; 
77 test images), osteoid (0.99; 77 test images), BMAT (0.95; 29 test images), osteoclasts (0.60; 31 test images) and osteoblasts (0.69; 30 test images). 

turnover was evaluated using AUC-ROC, precision, recall, F1 
score, and accuracy ( Table S2). 

Results 
Results from deep learning models for feature 
extraction 
Mineralized bone and osteoid 
Spearman correlation coefficients (ρ) between model and 
manual annotations were reported to be 0.99 for bone (p = 
.0000) and osteoid segmentations (p = 2.89e-55) (Figures 2 
and 5). Additionally, Dice scores for bone and osteoid were 

found to be 0.96 and 0.73, respectively. The Spearman cor-
relation between model and OsteoMeasure-derived areas was 
0.92 for mineralized bone and 0.8 for osteoid (Figure S3). 

Osteoclasts 
The number of osteoclasts obtained from the DL model were 
compared against the manual annotations (Figure 3), yielding 
a correlation coefficient (ρ) of 0.60 (p = 9.82e-6) (Figure 5). 
Similarly, the Spearman correlation between the DL model 
and OsteoMeasure clinical count was 0.66 (Figure S3). 
Bland–Altman analysis showed a mean difference or offset

https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
https://academic.oup.com/jbmrplus/article-lookup/doi/10.1093/jbmrpl/ziaf028#supplementary-data
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of <2 between manual and automated counts for osteoclasts 
(Figure S6), with most counts lying within the 95% confidence 
interval. Additionally, the inter-operator correlation for 
osteoclasts count was ρ = 0.62  (Figure S5). 

Osteoblasts 
Osteoblast count from the DL model and corresponding man-
ual annotations were compared (Figure 3) and a correlation 
coefficient of 0.69 (p = 1.06e-3) was obtained (Figure 5). Addi-
tionally, the Spearman correlation between the DL model and 
OsteoMeasure clinical count was 0.53 (Figure S3). The Bland– 
Altman analysis (Figure S6) indicated a mean difference or 
offset of −5 between manual and automated cell counts, 
with most points lying within the 95% confidence interval. 
Furthermore, the inter-operator correlation gave a ρ of 0.84 
for osteoblast count (Figure S5). 

Bone marrow adipocyte tissue 
The BMAT segmentation (Figure 4) achieved a Dice score 
of 0.65 and a correlation coefficient of 0.95 (p = 5.99e-8) 
as determined between the DL model output and manual 
annotations was obtained (Figure 5). 

Morphological texture grading and analysis 
Computationally derived image texture and shape features 
demonstrated a performance of [AUC-ROC, F1 score] of 
[0.72, 0.61] for bone, [0.78, 0.67] for osteoid and [0.86, 0.74] 
for BMAT to classify images labelled as low and high turnover 
using diagnostic reports. Furthermore, three classifiers yielded 
performance metrics [AUC-ROC, F1 score] of [0.71, 0.70] for 
a SVM classifier, [0.67, 0.61] for linear regression and [0.71, 
0.71] for a random forest classifier (Figure S11) when trained  
on the top significant BMAT texture features (p < .002). 

Discussion 
Undecalcified bone histology is a valuable diagnostic tool 
to understand pathologic processes such as mineralization 
defects and altered turnover states, which in turn can guide 
treatment.7 Quantitative bone histology largely relies on 
manual annotation of histologic primitives that is time-
consuming21 and marked by inter-observer variability.7 

Though there are semi-automated software and workflows 
available,21 there is a need for an automated pipeline that 
processes digitized bone biopsies to feature maps. The 
implementation of algorithms, however, has faced challenges 
due to the heterogeneity in cellular morphology48and limited 
availability of datasets that include annotated ground truths 
for bone histology.21 In this study, we present ADAM, a 
static histomorphometry workflow, which segments the bone 
biopsy into five compartments (bone, osteoid, osteoblasts, 
osteoclasts, and BMAT) and provides a metric for the area and 
count for each histologic primitive. ADAM employs models 
and algorithms that allow for automated tissue segmentation 
and cell counts for human iliac crest biopsy images. By 
leveraging the potential of deep-learning models, ADAM 
generates approximately 20 feature maps in under a minute, 
providing support for clinical triage and decision-making.26 

Automated quantification could be a valuable addition to 
clinical workflows that currently provide qualitative and 
quantitative reporting and interpretation of bone biopsies. 

Studies undertaken in automating segmentation of histo-
logic primitives in bone biopsies have relied on manual or 

semi-automated methods using open-source or commercial 
software.21 Van’t Hof23 proposed three applications for his-
tomorphometric analyses, requiring manual selection of the 
region of interest. They demonstrated high reproducibility of 
the measurements while relying on the use of specific stains to 
study the tissue and cellular components. ADAM, on the other 
hand, was developed without a requirement for manual anno-
tation or additional staining such as TRAcP to identify osteo-
clasts. Zhang et al.12 implemented a Visiopharm algorithm for 
the histomorphometric analysis that showed ICC >0.97 for 
bone, cartilage and fibrous tissue between OsteoMeasure and 
Visiopharm. However, their approach relied on color training 
and required all elements in the slide to stain differently. 
We used a sematic segmentation-based DL approach, using 
spatial information for training as opposed to naive pixel-
level DL classifiers.26 For instance, incorporation of bone and 
osteoid masks into the osteoblast segmentation training data 
provided essential spatial cues for their detection. Malhan 
et al.21 demonstrated a semi-automated algorithm to measure 
osteoclast activity, trabecular thickness, and trabecular sepa-
ration using rat and sheep iliac crest biopsies. They again used 
a multi-stained approach which required manual intervention 
to preprocess the images by drawing contours around the 
bone to exclude the muscle regions. 

Our results showed excellent correlation between predic-
tions from ADAM and the ground truth annotations (ρ > 0.9) 
for tissue region segmentation such as mineralized bone, 
osteoid and BMAT. ADAM’s predictions accurately recog-
nized folding artifacts in bone areas, marking them as non-
bone regions (Figure 2). In a subset of images (n = 22) with 
available OsteoMeasure histomorphometry values, we also 
show alignment between ADAM-derived and OsteoMeasure-
derived measurements. Spearman correlation coefficients of 
ρ > 0.8 were obtained for bone and osteoid areas, and 0.66 
and 0.53 for osteoclast count and osteoblast count respec-
tively (Figure S3). The ability to automate precise measure-
ments of mineralized bone and osteoid would also facilitate 
easier computation of indices such as bone volume/tissue 
volume and osteoid volume/bone volume, using a 3D correc-
tion factor.20 Finally, while BMAT is generally left unmea-
sured in the clinical workflow, we show that ADAM enables 
BMAT segmentation in undecalcified bone biopsy images. 
Sarkis et al.49 previously demonstrated BMAT segmentation 
in H&E-stained bone marrow trephine biopsies. 

In addition to digital phenotyping, the study explored MTA 
for texture features extracted from bone, osteoid, and BMAT. 
Findings from BMAT MTA showed that images from biopsies 
labeled as high bone turnover had higher median values for 
pixel intensity uniformity compared to low turnover images 
(Figure 6). Additionally, low turnover images were noted to 
express higher median pixel intensity skewness and mini-
mum pixel intensity levels compared to high turnover images 
(Figure S10). Our findings are interesting in the context of 
the paracrine role of BMAT in osteoblast and osteoclast 
functions.35 As a novel exploratory step, this study introduces 
a methodology to extract and analyze MTA features and 
examine their relationship to a selected phenotype (such as 
bone turnover). 

We acknowledge several limitations to our study. Firstly, 
the lower correlations observed between DL and man-
ual annotations for osteoblast and osteoclast cell counts 
compared to tissue areas, could be due to morphologic 
heterogeneity and clustering or clumping of cells with
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Figure 6. Representative images of BMAT regions with heatmaps of pixel intensities from biopsies labeled as “high” bone turnover (A) and “low” bone 
turnover (B); (C) violin plots for MTA features showing values for “low” (x-axis label “0”) and “high” bone turnover images (x-axis label “1”). High turnover 
images exhibited a high median value for the energy feature (Intensity.Hist.Energy), while low turnover images had high median values for intensity-based 
features (Intensity.Min and Intensity.Skewness). Refer to Table S3 for a detailed description of MTA features. 

indistinct borders. Secondly, we note comparable inter-
operator variability and the correlation between DL pre-
dictions and manual annotations for osteoclasts was ρ of 
0.62 and 0.6 respectively, but regarding osteoblast count, 
the inter-operator correlation appeared to be better than the 
correlation for manual and DL-based osteoblast segmentation 
(ρ of 0.84 and 0.69 respectively). The model seemed to 
overcount osteoblasts in sparsely populated images and 
undercount them in densely populated areas (Figure S6). The 
problem could likely be caused by the difficulty in accurately 
distinguishing closely packed or overlapping cells and the 
misclassification of flattened osteoblasts as active due to the 
state of the bone formation cycle. Potential improvements 
in model performance might include using larger datasets to 
capture phenotypic variability during training or opting for a 
higher (40x) image magnification that highlights local features 
of cells, especially when they are densely clustered. Regardless, 
we emphasize that, while DL could assist in cell counting 
and measuring tissue areas, manual verification of results 
by the pathologist, should remain an integral component of 
reporting workflows. The intended application of ADAM is 
to assist pathologists in analyzing bone biopsy images and is 
not validated for diagnostic purposes. 

Secondly, the pipeline was developed using a set of highly 
selected images diagnostic for specific histologic primitives. 
The need for further training and validation with large 
independent datasets is required to overcome selection bias 
and to improve cellular segmentations. Although ADAM was 
tested on ROIs with available ground truth, its functionality is 
not limited by ROI selection and can be applied to whole slide 
analysis; this is a direction we will explore in future studies 
with larger multisite datasets. Furthermore, the pipeline 
must be extended to quantify dynamic histomorphometry 

features using fluorescence microscopy images.15 Despite 
these limitations, this preliminary investigation is valuable 
as it explores various computer vision and machine learning 
techniques in pursuit of digital phenotyping bone biopsies, 
reducing time and the dependency on operators and addi-
tional staining. 

Conclusion 
To the best of our knowledge, ADAM is the first auto-
mated machine learning driven image analysis pipeline that 
compartmentalizes five tissue components in undecalcified 
bone histologic images, generates accurate feature maps and 
provides quantitative parameters for static histomorphom-
etry. It also illustrates the ability to conduct texture anal-
ysis for each histologic primitive and explore the relation-
ship of non-traditional features, like BMAT to normal and 
pathological tissue states. These findings lay the foundation 
for further investigations to advance both diagnostic prac-
tices and research methodologies in bone histomorphometry, 
paving the way for more precise and reproducible reporting 
in metabolic bone disease. 
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