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ABSTRACT

This paper proposes a hybrid computational model, which combines the eXtended Finite Element Method (XFEM)
with machine learning (ML) to forecast the fracture behavior of cortical bone while maintaining microstructural
fidelity. It has created a parametric dataset of about 450 three-dimensional XFEM models of single-edge notched bend
(SENB) specimens, including important u-structure features (e.g., osteon orientation, cement line properties, interfacial
connectivity, etc.). Based on these simulations, 47 quantitative descriptors were obtained, and these were used to model
supervised ML models, namely, Random Forest and Artificial Neural Networks, to estimate fracture load. The Random
Forest model demonstrated exceptional predictive performance (R?> = 0.952, MAE = 6.1 N, MAPE = 1.9%, Pearson
r = 0.980), significantly outperforming the ANN model (R? = 0.831, MAE = 11.8 N, MAPE = 3.7%), The Random
Forest model demonstrated strong predictive performance (R? = 0.95, MAE = 6.1 N, MAPE = 1.9%), while reducing
computational time by nearly 300-fold and memory requirements by over 20-fold compared to full XFEM analyses. For
fracture resistance, feature importance analysis indicated the most salient features were osteon orientation, cement line
strength, and pore topology. The methodology was also robust, as further led to by sensitivity analyses and uncertainty
quantification. The hybrid method provides microstructure-based predictions of fracture that are very automated and
precise and result in a significant decrease in computational cost, hence allowing a scalable route to clinical translation
to characterize bone integrity.

Keywords: Cortical bone, Fracture Load prediction, Extended finite element method, Machine learning, Computational
efficiency, Biomedical

1. Introduction and literature review ies have shown that more than 8.9000, 000 individu-
als annually die as a result of osteoporotic fractures,

Fracture of the cortical bones that are predictable  and this number is spread across the world, causing a
has become one of the biggest challenges to address  critical health-care resource burden, and low quality
and critical clinical impacts to the ever-growing aging  of life [1]. Conventional clinical evaluation instru-
population of the world. Recent epidemiological stud-  ments, such as the Fracture Risk Assessment Tool
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(FRAX), mainly depend on measurements of bone
mineral density and epidemiological risk factors, but
they show poor predictive accuracy for specific pa-
tients [2, 3]. This kind of natural deficiency is an
outcome of inadequate depiction of microstructural
heterogeneity that functions with a crucial impact on
fracture resistance in cortical bone. The extreme com-
plexity of the hierarchical arrangement of cortical
bone, containing nanoscale collagen -mineral com-
plex, microscale osteons and macroscale overall bone
structure, poses enormous difficulties to the state
of art mechanical modelling [4]. Osteon orientation
distributions, cement line distributions, and porosity
distributions have the ability to change fracture resis-
tance by factors greater than two-fold, although these
key variables are generally not a focus of clinical
evaluation procedures [5]. This continued disparity
between mechanistic knowledge and clinical applica-
tion has led to the accumulation of much research
on computational approaches that can be used to
incorporate microstructural detail, without rendering
them impractically challenging. The choice of the
method of modelling crack propagation in cortical
bone has been the extended finite element method
due to its ability to handle discontinuities without
remeshing [6]. The anisotropic damage criteria have
been developed by the works of Fan et al., who have
implemented the orientation-dependent failure mod-
els in the XFEM frameworks [7]. In essence, their
method of approach was effective in the literal predic-
tion of the strong effects literally of osteon orientation
on the direction of crack propagation and fracture
toughness, which offers computational confirmation
of experimental results on cortical bone anisotropy. In
spite of these developments, computational require-
ments are still prohibitive to actual patient-specific
clinical application [8]. The use of machine learning
in the field of biomedical engineering has witnessed
a phenomenal increase owing to progress in the deep
learning architecture as well as more access to medi-
cal imaging data. Past research has established that
machine learning can detect new risk factors that
were not identified before by pattern recognition on a
complex and high-dimensional dataset [9]. The study
demonstrated machine learning’s potential to identify
previously unrecognized risk factors through pattern
recognition in complex, high-dimensional datasets.
Comprehensive systematic reviews by Kuo et al. an-
alyzed over 42 studies applying artificial intelligence
to fracture detection across multiple imaging modal-
ities [10]. Building on advances in representation
learning, machine learning (ML) has been applied to
fracture risk assessment and image-based diagnosis
in ways that complement traditional tools. Many of
researcher used the powerful of ML with FEA such

as, Kong et al. developed a CatBoost model that out-
performed FRAX in predicting fragility fractures and
surfaced additional predictors beyond bone mineral
density, underscoring ML’s value for individualized
risk stratification [11]. In parallel, deep learning
(DL) systems trained on radiographs now achieve
high diagnostic accuracy for fracture detection; Ald-
hyani et al. [12] benchmarked VGG16, ResNet152V2,
and DenseNet201 on a 10,580-image dataset, report-
ing strong performance and arguing for automated
pipelines in clinical workflows. Models that rely only
on data run into hard limits that bar them from use
in life critical medical tasks. Modern deep learning
supplies the expressive power for those tasks because
it extracts layered features from vast data and has
reshaped visual pattern recognition and other fields
[13]. Yet models that learn from data alone often fail
when they must generalize beyond the training set or
respect physical laws - this failure drives interest in
physics-aware techniques. Physics-Informed Machine
Learning (PIML) folds the governing equations, con-
servation rules or known structure into the learning
process, which raises data efficiency and improves be-
havior outside the training range [14]. As a concrete
biomedical example, Naghavi et al. [15] embed-
ded cardiovascular dynamics into a physics-informed
neural network (PINN) to invert left-ventricular con-
tractility from single-beat data, achieving accurate
parameter estimation while preserving physiologic
plausibility—illustrating how physics guidance can
stabilize learning in safety-critical settings. Comple-
mentary to PIML, hybrid finite-element/ML strategies
leverage high-fidelity simulations to train fast sur-
rogates. In manufacturing mechanics, George et al
[16] linked time histories from finite element models
to a neural network that was trained in reverse to
yield optimal machining settings - the finite element
data trained an ML predictor that performs well in
practice.

In applying such a concept to field prediction,
Li et al. [17] have proposed a way of re-forming
accurate strain fields with a few nodes by a method
that is based on ML-based finite element (FE)
construction, thereby proving that a substantial
efficiency gain can be made without a substantial
loss of accuracy. These advances denote how it
can be achieved to possess hybrid solutions to
the trade-offs between mechanistic precision, and
computational efficiency. The validation procedures
do not coincide in the different categories of research,
and therefore, limit the prospect of comparing and
establishing benchmark levels of performance.
Uncertainty is also not quantifiable in most of the
existing techniques, but it is required in clinical
practice where treatment decisions would need to
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be made based on the reliability of prediction and
risk toleration they require, as presented in the study
of [18]. Computational bone mechanics is rapidly
progressing in the modern literature that can be
attributed to the growth of the imaging technology,
computational  capabilities, and  algorithms.
Another promising direction, particularly where
physics-based simulation meets machine learning
strategies, is a particularly attractive one that cuts
across some of the conventional drawbacks of both.

The paper fills the mentioned research gap by
developing and validating a novel hybrid AI-XFEM
framework, which incorporates a more accurate
model of the microstructure with the help of XFEM
simulations and effective machine learning predictive
models. The framework keeps mechanistic knowl-
edge in a attained performance of computation suffi-
cient to be utilized in the clinic. The traditional XFEM
techniques can provide high fidelity predictions of
fractures, but at extremely high computational cost
(approximately 2 hours per simulation) and can thus
not be used in clinical practice. Pure ML methods are
data-oriented and do not require physical properties,
and they do not embrace microstructural properties,
which limits their use in the clinic.

The gaps in the research that are chosen to
generate and test a new hybrid AIXFEM model
in combining implicit microstructural modeling and
XFEM simulation based model with machine-learning
based prediction models are filled by the current
investigation. The framework does not lose
mechanistic knowledge but develops computational
abilities, which could be applied in clinical practice.

The key research questions will be the following:

1. Design elaborate XFEM models that are directly
based on the significant microarchitectural at-
tributes of cortical bone of osteons, cement lines,
and porosity network and compare with litera-
ture experimental data.

2. Theoretically simulate parametric data sets of
large scale systematic XFEM simulations of the
dependence between microstructural parame-
ters and fracture outputs in the regimes of
interest to physiological systems.

3. Use machine-learning optimized algorithms
(Random Forest and Artificial Neural Networks)
to estimate fracture-loads with almost accuracy
and perfect quantification of uncertainty.

4. Evaluate the advances in computational effec-
tiveness over conventional XFEM simulation,
thereby demonstrating that it is feasible in clin-
ical applications.

5. Regular sensitivity analysis (in order to estab-
lish the main microstructural parameters) and

identify the main critical limits to be exploited
in assessing clinical risk.

6. Comparison of the integrated framework devel-
oped with the available experimental results in
various microstructural designs.

The substantive findings of the current work are
the following: (i) the initial hybrid framework sys-
tematically, which can be employed to integrate the
extended finite element method (XFEM) simulations
with the machine-learning algorithms to predict cor-
tical bone fracture; (ii) the development of highly
detailed and three-dimensional microstructural mod-
els, which explicitly reflect the heterogeneity of
discrete elements; (iii) the systematic identification
and prioritization of the microstructural parameters,
which have a critical impact on the fracture re-
sistance; (iv) the clarification of greatly enhanced
computational efficiency without the reduction of
clinically relevant.

2. Materials and methods
2.1 Multi-modal data acquisition protocol

The hybrid AI-XFEM framework consists of four
complementary, high-throughput lab-based data
acquisition modalities to characterize the effective
structural behavior of cortical bone across a wide
range of length scales. Clinical computed tomography
(CT) provides high spatial resolution of macroscopic
geometry and measurements of bone mineral density
distribution (0.6 mm) [19] as presented in Table 1.
High-resolution micro-computed tomography and
synchrotron radiation micro-CT deliver microstruc-
tural detail at 2-50 um resolution, capturing
osteon morphology, cement line architecture, and
three-dimensional porosity networks essential for
physics-based modeling [20]. Natural fractures are
excellent for validating computational segmentation
algorithms and providing in-situ material compo-
sition verification [21], while their mechanical
testing supplies ground truth fracture loads and
crack propagation data for model calibration.

Finally generated 450 unique XFEM models by sys-
tematically varying bone microstructure parameters.

2.2. Material characterization and data integration

2.2.1. Cortical bone material property characterization

Cortical bone exhibits a complex hierarchical
organization requiring sophisticated material
characterization across multiple constituents [8].
Osteon tissue behaves as if it has the same stiffness
in every direction that lies across the long axis of
the osteon, but a different stiffness along that axis as
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Table 1. Data acquisition protocol specifications.

Integration Spatial

Modality Parameters Output Method Resolution Clinical Feasibility

Clinical CT 120 kVp, helical Bone geometry, DICOM processing 0.6 x 0.6 x 0.6 Routine clinical use
scan BMD mm?

uCT/SR-uCT 70-90 kVp, 8W Microstructural Automated 2-50 um isotropic Research/specialized
power detail segmentation

Histological 5-7 um sections, Material validation  Digital microscopy 0.2 pm lateral Standard laboratory
H&E stain

Mechanical Three-point Fracture loads Load-displacement Force resolution Post-mortem validation

Testing bending curves +0.1 N

Table 2. Comprehensive material property database.

Elastic Strength
Component Constants Parameters Failure Criteria Age Dependency Measurement Method
Osteon Tissue E1 = 18.4 + 2.8 GPa oy = 135+ 18  Maximum stress -5.8%/decade Nanoindentation [7]
MPa
E; =119+ 1.7GPa oc=205+25  Hashin criteria —-6.2%/decade Microspecimen testing
MPa
vi2 = 0.31 + 0.04 Anisotropic damage Statistical analysis
Interstitial Bone E; =22.1 £3.2GPa oy, =148+ 22  Orthotropic failure +8.3%/decade Interface testing [9]
MPa
Es =13.2+£21GPa o0c=235+31 Mixed-mode criteria +12.1%/decade Mechanical
MPa characterization

G2 =42+ 1.1 GPa

Energy-based

Age correlation study

Cement Lines K, = 1000 N/mm?3 omax = 5.0 = 1.2 Cohesive zone Progressive Direct measurement
MPa degradation [8]1
Ks = K = 1000 Tmax = 3.8 £ 0.9 Bilinear T-S law Weakening pathway Cohesive testing
N/mm3 MPa
Gc=0.15+ Interface analysis
0.04 J/m?

shown in the Table 2. The reason is that the collagen
fibrils all run in one main direction. To describe the
elastic response, it needs five separate constants,
all taken from nanoindentation tests [22]. The
longitudinal modulus E; equals 18.4 &+ 2.8 GPa, and
it governs loading along the fibril direction. The two
transverse moduli E; plus E3 are equal and are 11.9
+ 1.7 GPa - they describe loading across the fibrils.
The two shear moduli G15 and G;3 are also equal and
are 3.5 + 0.8 GPa - they describe the sliding between
fibrils, but also the surrounding matrix [23]. Cement
lines function as weak interfaces between osteons
[22] and interstitial bone, exhibiting cohesive
mechanical behavior with maximum interface
strength opmax = 5.0 £ 1.2 MPa and critical energy
release rate Gc = 0.15 + 0.04 J/m? [24]. Interstitial
bone demonstrates age-dependent orthotropic
properties with higher stiffness values (E; =
22.1 + 3.2 GPa) reflecting increased mineralization
[25]. Haversian canals contribute to overall porosity
and stress concentration effects, with diameters
ranging from 20-80 um based on high-resolution
imaging analysis. Age-related changes significantly
influence material properties, with osteon elastic
modulus declining 5-8% per decade, while cement
line integrity deteriorates progressively [26]. Porosity

increases with age due to enlarged Haversian canals
and resorption cavity formation, affecting overall
mechanical performance.

An SENB specimen geometry analyzed by means
of 3D XFEM is shown in Fig. 1. As shown in Fig. 1,
the model geometry is a thin sheet beam with a
central blunt notch on one side subjected to three-
point bending. The mesh includes 13,298 linear
quadrilateral CPS4R elements, and it has a total of
13,530 nodes through the domain. The elements
under CPS4R represent classical continuum 4-node
plane stress quadrilateral elements with reduced in-
tegration, meeting the computational demands of
a simulation but still maintaining fidelity to linear
displacements [27]. This mesh is characterized by
high spatial resolution around the notch tip and the
expected direction of crack formation; hence, stress
concentrations and crack propagation behavior can
be well resolved.

2.2.2. Multi-scale data integration framework

The integration structure determines the systematic
interaction between imaging data on different spatial
scales and their mechanical properties through
highly validated algorithms. In clinical computed
tomography (CT), macroscopic geometric boundaries
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Fig. 1. SENB of the bone model.

and distributions of bone mineral density (BMD)
provided by clinical computed tomography can
be correlated to the overall elastic properties by
using well-established relationships [28]. Data in
high-resolution micro-computed tomography (uCT)
is automatically segmented to identify osteons,
cement lines, and porosity. It uses sophisticated
image-processing algorithms that use threshold-based
segmentation, morphological operations, and 3D
connectivity analysis [29]. Histological validation
ensures consistency of computational segmentation
through the method of expert annotation and
statistical comparison. The ground truth of detecting
the osteonal boundaries and determining the
continuity of cement lines is digital microscopy at
20x magnification with 0.3 um resolution [30]. The
attribution of material properties relies on statistical
distributions derived by experiment characterization,
thus specifying the variability of inter-specimen and
age-related variation [31].

2.3. Extended finite element method implementation

The extended finite element method is an enhance-
ment of the standard finite element approximations
that makes use of enrichment functions to model dis-
continuities exactly without requiring mesh confor-
mity. XFEM approximation follows the formulation
established by Moés et al. [6], who introduced the
partition of unity enrichment strategy enabling crack
representation independent of mesh topology. XFEM
displacement approximation is an enhancement of
the normal displacement field by adding more de-
grees of freedom to reflect the characteristics of a
crack as defined in the equation [32]:

U () =D Ni()ui+ Y j € NeuN; (X) H (x) aj

ieN
4
+ ) ke NipNg () ) F, (x) b M
a=1

where N;(x) represents standard shape functions, u;
denotes conventional nodal displacements, H(x) is

the Heavisine function for crack faces, a represents
enriched degrees of freedom, Fa(x) denotes crack tip
enrichment functions, and bf represents crack tip de-
grees of freedom.

The Heavisine enrichment function for crack faces
is defined as:

+1 if(x—x*)-n>0
HO=111 it x—x)-n=0 @

where x* represents the closest point projection on
the crack surface and n is the outward normal vector.
Crack tip enrichment functions capture the singular
stress field near crack tips:

F, (r,0) = /Fsin (8/2) , v/Fcos (6/2),
/rsin (6/2)sin (9), «/rcos (8/2)sin (8) (3)

where (r, 0) represents polar coordinates centered at
the crack tip.

2.3.1. Crack initiation and propagation criteria

The criteria of crack initiation are based on the
maximum principal stress, based on experimental
fracture tests of cortical bone samples:

01 > 0gir = 135+ 18 MPa

where o7 represents the maximum principal stress
and o, denotes the critical stress threshold derived
from three-point bending tests.

Crack propagation direction utilizes the maximum
circumferential stress theory, appropriate for mixed-
mode fracture conditions in heterogeneous cortical
bone [33, 34]:

1 (K. K \?
6o = 2arctan | — | — — sign (K] — 8
o il &, gn (Kjr) <KII> +

4)
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where 6, represents the crack propagation angle, and
K, Kj; denote mode I and mode II stress intensity
factors, respectively [35, 36].

The theoretical framework for determining the di-
rection of crack propagation in mixed-mode loading
conditions is the maximum circumferential stress
criterion, which was first developed by Gdoutos
[37]. The crack propagation is based on successive
increments of the extension, according to the energy-
release-rate criteria:

G=G;+ Gy > G, (5)

where G represents the total energy release rate,
G and Gy are mode-specific components, and G, =
156 + 45 J/m? is the critical energy release rate for
cortical bone [38].

2.4. Machine learning framework

2.4.1. Feature extraction and selection methodology

Within the suggested machine learning model, the
systematic feature extraction algorithms are utilized
to determine the microstructural features based on
the multimodal imaging data. Forty-seven quanti-
tative features are produced, which are based on
hierarchical image-processing pipelines that combine
geometric, topological, and material-property de-
scriptors at various length scales [39]. From Table 3,
comprehensive all feature categories and mathemati-
cal definitions used in this study.

Osteon Density Calculation employs automated
counting algorithms based on watershed segmenta-
tion of uCT properties [40]:

N osteon ( 6)
Atotal

Posteon =

where Nygeon represents the total osteon count identi-
fied through circular Hough transform detection and
A;oea denotes the specimen cross-sectional area. This
metric quantifies the microstructural organization
and correlates strongly with mechanical properties
[41]. Osteon Orientation Quantification uses eigen-
vector analysis of the inertia tensor, which is a
rigorously defined method of determining anisotropic
microstructural properties:

1 N
1=N;vi®vi 7)

where v; represents the orientation vector of the
i — th osteon, and is the result of the principal com-
ponent analysis of osteon boundaries. Further quanti-
tative information on preferential orientation and the
degree of anisotropy is provided by the eigenvalues of

this tensor [42]. Osteon Size Distribution. Morpholog-
ical variability is defined by the osteon size distribu-
tion through statistical measures as a combination of
the automated boundary detection methods [26]:

1w I 2
Md—ﬁig;di» of' mg(di—ﬂd) (8)

where d; represents individual osteon diameters
measured as equivalent circular diameter. Size
heterogeneity  significantly  influences  crack
propagation patterns [43].

Topological Feature Analysis: Porosity connectiv-
ity is evaluated using three-dimensional connected
component analysis, which is used to describe pore
network architecture [44]:

CI = Nconnected (9)
Ntotal

where CI represents the connectivity index, N onnected
denotes connected pore components forming perco-
lating networks, and N, represents total pore count.
Higher connectivity correlates with reduced mechan-
ical properties [29]. Tortuosity measures quantify
how pore networks deviate from straight-line trajec-
tories, hence incorporating transport attributes and
mechanical efficiency [30]:

Lactual

T=— (10)

Leuclidean

where Lg.q represents the actual path length
through pore networks determined by skeletonization
algorithms and L,gigesn denotes the Euclidean dis-
tance between endpoints.

Euler Characteristic provides a topological invari-
ant describing network connectivity:
x=V —E+F an
where V, E, and F represent vertices, edges, and faces
in the three-dimensional pore network structure,

respectively. This measure distinguishes between
connected and isolated porosity.

Material Property Features:

Spatial Distribution Homogeneity assesses mi-
crostructural organization uniformity through near-
est neighbor analysis [32]:

(12)

where 02(d;j) and ;1?(d;;) represent the variance and
mean of inter-osteon distances, respectively. Lower
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Table 3. Comprehensive feature categories and mathematical definitions.

Feature Mathematical
Category Type Definition Physical Interpretation Selection Criterion
Geometric Osteon density 0 = Nosteon/Atoral ~ Microstructural organization  Correlation > 0.6
Orientation tensor ;=) by;®Vv;  Anisotropy measure Principal component
Size distribution g £og Morphological variation Statistical significance
Topological ~ Connectivity index ~ CI = Neonn/N;otqg  Network architecture Graph theory metrics
Tortuosity T = Lact /Leuc Path complexity Percolation analysis
Euler characteristic x =V — E + F  Topological invariant Connectivity measure
Material Hardness variation  CVy = oy/uy Mechanical heterogeneity Experimental correlation
Density gradient Vp =0dp/ox Mineralization pattern Clinical relevance
Compositional ratio  Rorg/min Matrix composition Histological validation

homogeneity indicates clustering or preferential spa-
tial arrangement affecting mechanical behavior.

Hardness Variation Coefficient quantifies me-
chanical property heterogeneity from nanoindenta-
tion mapping [33]:

cvy =1

“H

(13)

where oH and upy present the standard deviation and
mean of local hardness measurements. This param-
eter correlates with mineral density variations and
fracture resistance.

Feature Selection Algorithm:

Recursive feature elimination employs cross-
validated importance ranking to identify optimal
feature subsets while preventing overfitting [34]:

1 K
FI; = z kZl [Score — j, k — Scoreall, k]

14

where FI; represents feature importance for the fea-
ture j, K denotes cross-validation folds, and Score
terms compare model performance with and without
the feature j. Features demonstrating consistent im-
portance across validation folds are retained for final
model training.

2.4.2. Random forest implementation and architecture

The Random Forest system takes advantage of
ensemble learning through bootstrap aggregation
of decision trees, therefore providing the system
with strong predictive power at the same time,
enabling the intrinsic estimation of uncertainty [45].
The algorithm will produce a thousand individual
decision trees that will be trained on a randomly
chosen part of the training data and on a random
choice of feature variables. The ensemble prediction
is the combination of the outputs of the following
constituent trees [46]:

1
JRF = EZb: 12T, (x) @15)

where B = 1000 represents the number of trees, T;
denotes the b — th decision tree, and x represents the
input feature vector.

Feature Importance Calculation:
Permutation-based importance assessment:
1 &
FI; = 3 Z [Errorb, j, perm — Errorb, j, orig|
b=1

(16)

where FI; represents the importance of the feature j,
comparing prediction errors before and after feature
permutation.
Prediction variance across ensemble members cal-
culated from the Eq. (17):
B
[T () — ar |
b=1

17)

==

o2 () =

2.4.3. Artificial neural network architecture and
training

The artificial neural network takes the feed-forward
network design, which is optimized to predict cortical
bone fracture loads using systematic hyper-parameter
tuning [47, 48]. The network consists of four layers,
which have the number of neurons of gradually
decreasing values (47-32-16-1) as explained in
the Table 4, thereby allowing hierarchical feature
extraction.

Mathematical Formulation: Forward propagation
through hidden layers, as presented in the work by
[471]:

200 = wOg(-1) 4 (O
a® =& (z(l))

(18)

where WO represents weight matrices, b denotes
bias vectors, and o represents the activation function.
ReLU Activation Function used in this study obtained
from Eq. (19).

z ifz>0

0 ifz<O 19)

o (2) =max (0, 2) = {
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Table 4. Neural network hyperparameter specifications.

Parameter Value Optimization Method  Validation Criterion Performance Impact
Architecture [47-32-16-1]  Grid search Cross-validation R? Optimal complexity
Learning Rate  0.001 Adam adaptive Loss convergence Stable training

Batch Size 32 Memory constraint Training efficiency Gradient stability
Regularization 1 = 0.001 L-curve analysis Overfitting prevention  Generalization
Dropout Rate 0.2 Validation curve Model robustness Uncertainty estimation
Epochs 500 Early stopping Validation loss Training termination

While Loss Function with L2 Regularization calcu-
lated by Eq. (20).

1 & - 12 -
_ MOV O] O
L= ?:1 [y? —y®] +xl§:1 w2

(20)

where m represents training examples, A = 0.001 is
the regularization parameter, and || - || denotes the
Frobenius norm. Adam Optimization Algorithm ob-
tained from formula 21.

m; =p8my1+ (1 —pB1)Vwl
Ve = Baveo1 + (1 — B2) (VwL)?

S mt A Vt
R T
W, =W, o
= 1 ——
t t—1 ﬁ + €
where B1=0.9, B =0.999, « = 0.001, and

€ =108,

2.4.4. Model evaluation and performance metrics

Comprehensive model evaluation employs multiple
performance metrics to assess prediction accuracy,
generalization capability, and uncertainty quantifica-
tion effectiveness. Cross-validation procedures utilize
stratified k-fold approaches, ensuring representative
sampling across the full parameter space the equa-
tions used below from 22 to 27.

1. Coefficient of Determination (R?) as calculated
from Eq. (22).

> (i =)
Yi=1(yi—y)"

where y; represents actual values, yi denotes pre-
dicted values, and y is the mean of actual values.

Mean Absolute Error (MAE):

RP=1- (22)

1 — -
MAE = Z lyi — il (23)
i=1
Root Mean Square Error (RMSE):
24

Mean Absolute Percentage Error (MAPE):

100% < |yi — ¥

MAPE — 00°Zy‘ Ji (25)
n = Yi
i=1
Pearson Correlation Coefficient:
S (- 9) (¥i-3)
. n -\ 2 n -~ =~ 2
Yi=1y -9 L (5i-7)

95% Confidence Interval for Predictions:
C195% =_}7 +1.96 x o (_}7) (27)

where o (y) represents the prediction standard devia-
tion from ensemble methods or bootstrap sampling.

3. Results and discussion

3.1. XFEM model validation and parametric dataset
generation

The protracted use of the finite element approach
was useful in simulating the crack initiation and crack
propagation in the microarchitecture of cortical bone
in a portfolio of parametric setups.

A large number of 450 different microstructural
models that span relevant physiological values
of main parameters, i.e., osteon density (3.2-
8.7 mm™2), orientation distribution (0-90), porosity
(2.5-15.0%), and cement line property have been
produced.

3.1.1. Dataset characteristics and parameter
distributions

The parametric study used systematic variation
of the basic microstructural parameters within the
physiological ranges to provide a comprehensive
spanning of evidently clinically relevant cortical
bone configurations. All of the extended finite ele-
ment method (XFEM) simulations certainly provided
accurate fracture mechanics information, including
ultimate fracture loads, crack propagation presum-
ably paths, energy dissipation patterns, and stress
concentration patterns, as outlined in Table 5. For
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Table 5. XFEM parametric dataset characteristics.

Parameter Category Range Mean + SD Distribution Type  Physical Significance
Geometric Parameters
Osteon Density 3.2-8.7 osteons/mm? 5.8 + 1.4 Log-normal Microstructural organization
Osteon Diameter 150-280 um 215 + 32 Normal Remodeling activity
Orientation Angle 0-90° 45 + 26° Uniform Loading direction alignment
Topological Parameters
Porosity 2.5-15.0% 8.2+31 Gamma Age-related changes
Connectivity Index 0.3-0.85 0.61 +0.13 Beta Network architecture
Tortuosity 1.2-2.8 1.9+ 04 Log-normal Transport efficiency
Mechanical Outputs
Fracture Load 207-457 N 325+ 36N Normal Ultimate strength
Energy to Failure 0.8-3.2J 1.85+0.58J Log-normal Toughness measure
Crack Length at Failure  2.1-7.8 mm 42+ 1.3mm Exponential Damage tolerance
S, Mises U, Magnitude

(Avg: 75%)
+2.712e+11

PHILSM
+1.221e+10
+1.110e+10

()

+1.623e-03

(b)

(Avg: 75%)

(d)

Fig. 2. XFEM Crack Propagation Patterns and Microstructural Interaction: (A) crack path through aligned osteons, (B) crack deflection
at cement lines, (C) stress concentration around Haversian canals, (D) energy dissipation contours.

the most part, the generated dataset exhibited frac-
ture loads ranging from 207.0 to 457.0 indeed N
with a mean of 325.3 + 36.0 N, demonstrating sub-
stantial variation in mechanical response based on
microstructural organization.

3.1.2. Microstructural effects on fracture behavior

The parametric analysis has described that there
is a major variability in fracture response attributed
to microstructural arrangement. The observed ex-
perimental values of fracture loads of single-edge
notched bend specimens were found to be between
207 N and 457 N, thus highlighting the significance
of microstructural heterogeneity on the mechani-
cal performance of the material. From Fig. 2 can
be observed that the result pf specimen with os-
teons preferentially oriented parallel to the axis of
loading showed a 23-31% higher fracture resis-
tance compared to the arrangement with osteons
that are randomly oriented, which supports the well-
established anisotropic properties of cortical bone.

Can be observed from XFEM simulations that
distinct crack propagation mechanisms depend on
microstructural organization:

+ Aligned osteon configurations: Cracks demon-
strated preferential propagation along cement line
interfaces, resulting in significant energy dissipa-
tion through crack deflection and branching

« Disrupted osteon organization: Models exhib-
ited more direct crack paths with reduced energy
absorption capacity

» High porosity regions: Created stress concen-
trations that influenced crack initiation sites and
propagation directions

3.2. Machine learning model development and
training performance

Random Forest as well as Artificial Neural Network
models illustrated outstanding convergence through-
out the training processes. It took approximately 400
trees, at which stage the Random Forest algorithm
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Fig. 3. Machine Learning Training Performance.

Table 6. Cross-validation performance metrics.

Algorithm R2 Score MAE (N) RMSE (N) MAPE (%) Training Time 95% CI Width

Random Forest
Fold 1 0.950 6.2 7.8 1.9 12.3 min +26.8 N
Fold 2 0.954 5.9 7.6 1.8 11.8 min +25.4 N
Fold 3 0.951 6.4 8.0 2.0 12.1 min +27.1 N
Fold 4 0.949 6.0 7.9 1.9 12.0 min +26.2 N
Fold 5 0.953 6.1 7.7 1.8 11.9 min +25.7 N
Mean =+ SD 0.951 +0.002 6.1 £0.2 7.8 +0.2 1.9+0.1 12.0 + 0.2 +26.2 + 0.7

Neural Network
Fold 1 0.829 11.9 14.9 3.7 8.7 min +24.1N
Fold 2 0.834 11.6 14.6 3.6 9.2 min +25.3 N
Fold 3 0.832 11.8 14.8 3.7 8.9 min +23.8 N
Fold 4 0.830 11.7 14.7 3.6 9.1 min +24.7 N
Fold 5 0.831 11.9 14.9 3.8 8.8 min +24.2 N
Mean + SD 0.831 £0.002 11.8+0.1 148+ 0.1 3.7+0.1 8.9 + 0.2 +24.4 + 0.6

had reached a stable out-of-bag error rate, and only
slightly improved thereafter. Similarly, the neural
network training displayed a steady decrease in the
loss throughout 342 epochs before the early-stopping
conditions were applied, which was a demonstration
of successful optimization without incidences of over-
fitting issues.

The convergence of the machine-learning model
training is shown in Fig. 3(A). The out-of-bag er-
ror of the Random Forest reaches the same point
from around 400 trees, which are denoted by a red
dashed line. While Fig. 3(B) training and valida-
tion loss curves of the neural-network curve down
smoothly with 342 epochs, and the early-stopping
parameter, shown as a broken green line, counteracts
over-fitting. The results of the training-performance
analysis revealed the most effective settings of the
hyperparameters: the Random Forest achieves the
OOB error of about 0.0225, and the neural network
demonstrates the consistency between the training
and validation losses, thus proving the solid develop-
ment of the model without any over-fitting features.

3.2.1. Cross-validation performance assessment

Cross-validation procedures confirmed robust gen-
eralization performance across both algorithms, as
shown in Table 6. Five-fold stratified cross-validation
revealed consistent performance metrics with nar-
row confidence intervals, suggesting reliable pre-
dictive capabilities across diverse microstructural
configurations. The Random Forest model demon-
strated superior uncertainty quantification through
ensemble variance estimation, while the neural net-
work achieved marginally higher point prediction
accuracy.

3.3. Predictive accuracy and model comparison

The use of the Random Forest algorithm proved
to be better than the use of the neural network, as
the algorithm agreed very well with XFEM simula-
tion outcomes in the entire range of fracture loads.
Random Forest model was able to produce a (much
better) mean absolute error of 6.1 (10) 0.2 N (1.9)
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Fig. 4. Model prediction accuracy assessment.

Table 7. Comprehensive model performance comparison against XFEM reference.

Performance Metric

Random Forest

Neural Network  Statistical Significance

Accuracy Metrics

R? Coefficient 0.952 + 0.002 0.831 £ 0.002 p < 0.001 (RF superior)
Pearson Correlation 0.980 + 0.001 0.911 £ 0.002 p < 0.001 (RF superior)
Mean Absolute Error 6.1 £0.2N 11.8+ 0.1 N p < 0.001 (RF superior)
Root Mean Square Error 7.8+ 02N 148 £ 0.1 N p < 0.001 (RF superior)
Mean Absolute Percentage Error 1.9 &+ 0.1% 3.7 £0.1% p < 0.001 (RF superior)
Reliability Metrics
Prediction Interval Width +26.2+0.7N +244+06N p > 0.05 (comparable)
Coverage Probability 942 +1.1% 93.8 £ 1.3% p > 0.05 (comparable)
Calibration Score 0.023 £ 0.003 0.031 + 0.004 p < 0.05 (RF superior)

and the R2 of 0.952, which was significantly better
than the neural network, which reported an MAE of
11.8(10) 0.1 N (3.7) and R? of 0.831. In addition, the
Random Forest model offered extensive uncertainty
quantification in the form of the confidence intervals
generated by an ensemble, thus giving useful clinical
decision-support functions.

Fig. 4 — The comprehensive evaluation of the
performance of the models. Fig. 4(A) Random Forest
predictions compared with XFEM reference, very
good correlation (R? = 0.952) with low deviations
from the ideal equal prediction line. While in Fig. 4(B)
Predictive output by the neural network, in contrast
to individual XFEM reference output, reveals a lower
coefficient of determination (R? = 0.831) and, in
general, greater variability. Residual analysis for

Fig. 4(C) Random Forest - which has a well-centred
distribution around zero (MAE 6.1 N) and
Fig. 4(D) neural network - which has larger residuals
(MAE = 11.8 N) and substantial systematic bias
patterns.

3.3.1. Consistency across microstructural regimes

The predictive accuracy of the Random Forest
model was better in many different microstructural
regimes, which indicates strong generalization
[49]. When the algorithm was compared to XFEM
results, it generated high correlation coefficients (r
= 0.980) regardless of the osteon density, porosity,
or orientation distribution. Table 7 juxtaposes the
overall model performance with the results of XFEM.
This consistency suggests that the training and feature
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Fig. 5. Feature importance and sensitivity analysis.

extraction procedures were successful at capturing
fundamental relationships between microstructural
features and mechanical behaviour.

3.4. Feature importance analysis and microstructural
sensitivity

Feature importance analysis revealed osteon ori-
entation as the most influential parameter affecting
fracture load prediction as illustrated in Table 8,
accounting for 30.6% of the Random Forest model
variance, as shown in Fig. 6. This finding aligns
with the established understanding of cortical bone
mechanics, where loading direction relative to mi-
crostructural organization critically determines me-
chanical performance.

Fig. 5 holds a brief overview of the overall feature-
importance and sensitivity analysis. In panel (A), the
results of the two models of the Random Forest and
neural-network rankings are compared and found
to have a high level of concordance, and show that
osteon orientation is the most significant factor.
Panel (B) shows the partial-dependence plots of the
five most significant variables, which show nonlinear
dependence between microstructural measurements
and fracture load. A feature-correlation matrix

Table 8. Comprehensive feature importance rankings.

presented in panel (C) shows that the inter-feature
correlation is low to moderate, thus justifying the
assumption that the model is independent.

A secondary contributing factors analysis found a
variation in hardness to be the second most signif-
icant variable (16.65 importance), ahead of cement
-line strength (15.8 importance) and the connec-
tivity index (13.5 importance). The permutation
importance of the Random Forest and gradient-based
importance of the neural network showed a large ex-
tent of correspondence (r = 0.94) and demonstrated
the strength of the critical microstructural parameters
regardless of the algorithm performance variations.
Moreover, topological aspects, including the connec-
tivity index and tortuosity, also played a predictive
role of 22.0 per cent, indicating the central role of
fracture behavior in a pore-network structure [50].
This finding shows the need for detailed microstruc-
tural characterization in three dimensions, beyond
basic indices of porosity.

3.5. Computational efficiency and clinical translation
potential

The proposed hybrid framework exhibited signif-
icant computational efficiency gains in comparison

Feature RF Importance ~ ANN Combined  Physical
Rank Category Specific Feature (%) Importance (%) Ranking Significance
1 Geometric Osteon Orientation 30.6 + 1.2 30.1 £ 0.9 30.4 + 1.0 Loading alignment
2 Material Hardness Variation 16.6 + 0.8 169+ 1.1 16.8 +£ 0.9 Mechanical heterogeneity
3 Interface Cement Line Strength  15.8 &+ 0.6 15.1 £ 0.7 15.5+ 0.7 Interface integrity
4 Topological ~ Connectivity Index 13.5+ 0.5 13.8 £ 0.6 13.7 £ 0.6  Network architecture
5 Geometric Osteon Density 9.5+ 0.4 9.2+ 0.5 9.4+ 0.4 Remodeling activity
6 Topological  Tortuosity 4.8+0.3 52+0.4 5.0 + 0.4 Path complexity
7 Geometric Osteon Diameter 3.2+0.3 3.1+0.3 3.2+0.3 Size distribution
8 Topological ~ Euler Characteristic 29+0.2 3.1+0.3 3.0+0.3 Topological invariant
9 Material Density Gradient 2.1+0.2 2.6 £0.2 2.4+0.2 Mineralization pattern
10 Geometric Spatial Homogeneity =~ 1.0 + 0.2 0.9+0.2 1.0£0.2 Distribution uniformity
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with classical XFEM simulation methods [51]. The
time taken for fracture load estimation based on ma-
chine learning prediction was approximately 19—23
seconds, which is a 300x speedup and a 23-35x
speedup from full XFEM analysis (2 hr per case). This
development allowed the memory requirements of
Random Forest prediction to be lowered from 28 GB
for XFEM simulation to less than 1.2 GB, making it
feasible for deployment on regular desktop comput-
ing systems.

Fig. 6. The analysis of the computational effec-
tiveness of the hybrid AI-XFEM framework. (A) The
computational time Analysis shows a significant de-
crease, from two hours to the XFEM baseline, 23.4s
in the Random Forest model, and 18.7s in the neu-
ral network model, on a logarithmic time scale.
(B) Comparison of memory needs shows that there
is a substantial drop in requirements of memory,
in this case, 28GB needed by XFEM, 1.2GB needed
by random forest, and 0.8GB needed by the neu-
ral network. Both the trade-off between accuracy
and speed put XFEM in the high accuracy/low-speed
camp, with Random Forest in the optimal range, at
96.0% accuracy with approximately three-hundred
times the speed, and the neural network at 83.1%
accuracy with similar speed. The computational ef-
ficiency improvement and accuracy maintenance at
high levels are recorded in Table 9, and it was found
that the accuracy of the Random Forest model (96.07)
is lower when compared to the XFEM default. This
performance balance suggests significant potential
for clinical translation, where rapid patient-specific

fracture risk assessment requires both computational
efficiency and prediction reliability.

3.6. Model robustness and generalization
assessment

Robustness evaluation through perturbation analy-
sis confirmed stable model performance under realis-
tic input variations. The Random Forest algorithm-
maintained prediction accuracy within acceptable
bounds when subjected to imaging noise levels typ-
ical of clinical CT (£5% feature variation) and uCT
(£2% feature variation) acquisition protocols. The
RF model was also more robust to perturbation of
input, with the R? scores reaching up to 0.90 with
10 percent noise, while the ANN was significantly
more susceptible to performance decay. Generaliza-
tion was tested using hold-out tests on separately
synthesized synthetic microstructures and found that
the RF was capable of dependable performance when
applied to a wide range of configurations outside
those in the training set. Random Forest model was
found to have a correlation coefficient that was
greater than 0.93 when evaluated on microstructural
patterns with extreme combinations of parameters,
which demonstrates successful learning of underlying
structure-property relationships.

Fig. 7: Comprehensive model robustness and gen-
eralization assessment. Generalization performance
across different parameter ranges demonstrates con-
sistent Random Forest reliability with R? > 0.93
across all tested configurations.
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Table 9. Computational performance assessment.

Performance Category/Computational Traditional Random
Requirements XFEM Forest Neural Network Improvement Factor
Analysis Time 2 hours 23.4 + 2.1 sec 18.7 + 1.8 sec 308-385x faster
Memory Usage 28.0 GB 1.2+ 0.1GB 0.8 £ 0.1 GB 23-35x reduction
CPU Cores Required 24-48 cores 1 core 1 core 24-48x reduction
Storage Requirements 2-8 GB per model 45 MB 12 MB 44-667 x reduction
Accuracy Preservation

Reference Standard 100% (by definition) 96.0 &+ 0.2% 83.1 £ 0.2% Minimal degradation (RF)

Prediction Reliability
Clinical Applicability

N/A
Research only

94.2% coverage
Real-time capable

93.8% coverage Quantified uncertainty
Limited applicability —Clinical deployment (RF)

Generalization Performance
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Fig. 7. Model robustness and generalization analysis.

4. Conclusion

The detailed findings indicate the effective design
of a hybrid AI-XFEM framework, which meets the
computational efficiency to support clinical practice
and the prediction accuracy similar to a detailed
physics-based simulation. Key achievements include:

1. Very High Random Forest Accuracy: Random

Forest models have demonstrated 96.0% accu-
racy compared to the XFEM reference, with
the mean absolute percentage error (MAPE) of
1.9%, which is a massive improvement over neu-
ral networks that have 83.1% accuracy and a
MAPE of 3.7%.

Dramatic Computational Speedup: The hybrid
framework provides an analysis that is 308 to
385 times faster, and a 23 to 35 times lower
amount of memory than the traditional XFEM
methods.

3. Strong

Feature Determination: Osteon
orientation (30.6% elative to the mean) was the
most common predictor of fracture risk, and
then hardness variation (16.6 1 relative to the
mean) and cement line strength (15.8 1 relative
to the mean).

. Excellent Generalization: Random Forest models

maintained a correlation coefficient (r) stronger
than 0.93 in very broad microstructural
configurations, and they were also more
resistant to noise.

. Clinical Translation Readiness: The model is

steady in realistic imaging noisy environments,
and quantified measures of uncertainty are
given.

The framework successfully connects the gaps in

the understanding of the mechanistic perspective
with the clinical practice of risk assessment of
fractures in patients that is personalized and takes
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into account the microstructural data on a patient-
by-patient basis, which is traditionally revealed only
in research-grade computational synthesis.
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