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Abstract

Numerical prediction of osteoporosis evolution is a challenging objective in medicine, particularly when
one desires to account for patient dependency. The use of statistical methods to reconstruct bone
microstructure distribution could be a helpful tool for this prediction, as they are able to provide
different types of microstructures that can be optimized to fit with each patient. An initial bone sample
was obtained from High-resolution X-ray Computed Tomography (HuCT). Its microstructure evolution
in time using a previously developed degradation model was used as the ground truth. Statistical bone
microstructures were reconstructed at different stages of this evolution using two-point correlation
functions (TPCF). A blind search approach is used to find the optimized statistical microstructures, and
the optimized coefficient showed less than 2% TPCF error between the statistical reconstruction and the
degraded model. The statistical models also showed less than 13% error in the corresponding
mechanical properties. The results showed a good correlation between the developed approach and the
ground truth. The method could be extrapolated to account for the physical characterization of patient
dependency to predict bone density loss over time.
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bone density prediction
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1. Introduction

Bone is a living material constantly renewing itself, resulting in the annual renewal of 25% of
trabecular and 3% of cortical bones [1]. Three types of cells, osteoclasts, osteoblasts, and osteocytes are
in charge of bone remodeling. It is generally accepted that osteoclasts and osteoblasts, are mainly
located on the bone surface. In contrast, osteocytes are located within the solid phase of bone and act as
mechanosensors to transmit mechanobiological signals to the osteoblasts and osteoclasts for the bone
remodeling to occur [2-8]. For a person suffering from osteoporosis, besides the changes occurring in
cancellous bone, cortical bone also becomes more porous; consequently, bones become more fragile
and susceptible to fractures [9, 10]. Furthermore, the relationship between the remodeling events,
bone’s porosity, and mechanical strain energy are determinant of the bone fragility during ageing [11].
Biologically speaking, this bone deterioration is different in cortical and trabecular bones. The amount
of volumetric change in mass, density, and volumetric bone mineral density (vBMD) is higher in
trabecular bone [12] and it was showed that osteoporotic bone volume fraction loss in trabecular and
cortical bone of the femoral neck under the same mechanical load is around 16.5% and 9.4%,
respectively [13]. Bone loss is mostly linked to the number and thickness of the bone trabeculae [14],
and the loss ratio is a function of age, sex, and type of the bone.

Bone density degradation occurs in everybody with aging, and frequently results in osteoporosis. It
originates from an inversion of optimum bone cells activity between osteoblast (that will form the
bone) and osteoclasts (that will degrade bone). Above 50 yo, osteoclasts activity becomes higher than
osteoblasts in the bone remodeling equilibrium, decreasing overall bone density and leading to
osteoporosis evolution. It is therefore important to understand this cell activity equilibrium to study
bone density evolution. The interaction between the mechanical load and the biology plays a significant
role in this phenomenon. This mechanobiological relation depends on the mechanical behavior of the
tissue, gaining stiffness with a minimum amount of material as largely described in the literature, see
for example [15-17]. It was studied at multiple length scales starting with the widely known Wolff's
law that defines a structural optimization of the bone microstructure as a function of the applied
mechanical loads [18, 19], followed by Frost and its Mechanostat proposal [20] linking the mechanical
energy to the bone density variation. Bone numerical models are designed based on a
phenomenological relation between cells and their microstructure distribution [21]. However, for
continuum models, which are widely spread in the literature [22-27], scaling the effect of the material
is not often integrated into the structural evolution because of its heterogeneous attributes at the small
scales where the classical continuum theory is not able to describe the material behavior correctly [28].
Recently, Giorgio et al. [29] developed a novel method combining the features of Cosserat’s and Biot’s
models that can affect the deformation equilibrium shapes at the macroscopic level. La Valle and
Massoumi [30] proposed a new formulation of a nonlinear micropolar model that has been also
introduced to measurement the effects of macro-micro relative rotation. Although, at the cellular level,
these effects can be important, the Cauchy continuum theory of the material is not realistic any more as
described in [31-39] since the cells driving the bone structure evolution are unlikely to be
homogeneously distributed. As a result, adequate homogenization methods need to be developed [40-
45]. Some numerical models try to predict the bone remodeling kinematics at the trabecular scale, yet
they are hardly suitable for long-time evolution, mainly due to the fact that patient dependent bone
biology is mainly unknown [46-52]. For this, more detailed coupled mechanical-biological models are
required [53-55].



Nowadays, some numerical methods propose to link the bone stiffness and the microstructure
distribution [56-60] and comparisons are made between the mechanical properties such as effective
stiffness tensor, equivalent stresses, and strain energy distributions for the original and reconstructed
models with finite element methods [61, 62]. Famouri et al. [63] applied a new statistical method to
generate optimized microstructure models having low volume fractions. In the current work, we used a
real bone microstructure as an initial condition, and implement a previously developed degradation
model [61] to determine its degradation evolution in time. The generated degraded microstructures are
used as ground truth to implement statistical interpolation and optimized reconstruction of intermediate
microstructures. The objective is to show the capacity of using statistical tools to reconstruct complex
microstructures such as bone in order to extract patients’ variability (dependency) through different
bone trabecular distributions (various clustering scenarii). We show that the statistical approach of
microstructure degradation can correlate well with the ground truth. Part 2 recalls the degradation
models to obtain the bone microstructure evolution in time serving as our reference, followed by the
statistical method to reconstruct the microstructure at different times of evolution. Part 3 details the
results and comparison between the reference model and statistically reconstructed models and Part 4
provides some insight about the usefulness of the proposed method.

2. Method

The real bone sample used in the current work is extracted from [62]. It is used as the initial
configuration of bone microstructure from which our previously defined bone degradation model was
applied [61]. We used this degradation model to predict osteoporotic bone degradation as a function of
time, assuming that it corresponds to the real bone degradation. Hence, it is considered as the ground
truth for the follow-up of osteoporotic bone degradation and serves as a comparison point with the
statistically reconstructed microstructures.

2.1 Modeling bone degradation

We developed a voxel-based model (as per the imaging technique used to acquire the reference model)
to simulate trabecular bone degradation [61]. This model is based on the interaction between bone
marrow and trabecular bone. We used this bone degradation model to simulate osteoporotic bone loss.
Simulations were performed on a microstructure of bone size of 1 cubic mm. The model was created
using the micro-CT of a real bone sample. We hypothesized that degradation starts at the surface of the
solid phase of bone, where osteoclasts are primarily present. The amount of bone surface involved in
the remodeling equations is related to the surface in contact with the bone marrow at the voxel scale.
We used a Particle Swarm Optimization (PSO) optimization algorithm to determine the exchange rate
between bone and bone marrow [61] and obtain microstructure evolution as a function of time.

By using statistical functions, the current objective is to reconstruct interpolated bone microstructures
at different degradation times. The statistically reconstructed microstructures with the closest
mechanical properties and volume fraction compared to the degradation model are optimized through
statistical descriptors. The volume fraction of the initial real reference model was 93%. We run the
degradation model [61] down to a bone volume fraction of 60%. All statistically reconstructed
microstructures with any volume fractions in this range are achievable. For the sake of simplicity, we
decide to show results only for a limited number of densities; specifically, models with 84, 73, and 63



% volume fractions were derived. We then compare the statistically reconstructed models with the
degraded microstructures obtained from [61].

The original experimental bone microstructure and the final degraded microstructure obtained from the
degradation model [61] are shown in Figure 1 together with their mid-thickness cross-sections. These
initial and degraded microstructures will define the ground truth against which the statistical
reconstruction will be compared.

a) Original bone microstructure obtained b) Original bone microstructure obtained
from CT Image (93% volume fraction). from CT Image at mid-thickness.

¢) Simulated degradation with 60% d) Simulated degradation at mid-thickness.
volume fraction.

Figure 1: Bone microstructure distribution before and after degradation from [61].

2.2 Statistical interpolation

2.2.1 Theory and definition

N-point correlation functions are used to describe multiphase material’s microstructure; for a
multiphase material, the microstructure function is defined as:

q 1 if pisinside phaseq
— 1
*p {O otherwise @)

Here q is the phase and p is the position vector p = (px, py,pz). In this investigation, the media is a
digitized three-dimensional cubic microstructure with a dimension of 1x1x1 mm. In the two-phase
model, the phases are named q and g’ and the grid point is a number between 0 and p-1. By considering
Eqg. (1), one point-correlation function for phase q is defined as:
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Note that the ensemble is averaged, which means that the asymptotic value for the above function is
equivalent  to the corresponding volume fraction for each phase and

Pmax = (Max(px),Max(py),Max(pz)), where Max is the maximum value. Besides, it was shown

that a one-point correlation function could be taken to find the upper and lower bound properties of
heterogeneous microstructure [64]. The two-point correlation function (an example is provided in
Figure 2) is defined below as:

qq’ — 1 Pmax—1 4.9
C2 (S) - Max(px).Max(py).Max(pz) Zp:() xpxp+s (3)

It is the first order of geometrical specifications of a microstructure. s = (Sx,sy,sz) is the vector for

which the TPCF is calculated. Note that TPCF is defined as the relative difference between the voxels’
position vectors since grid points in macroscopic homogeneous media are not absolute.

Figure 2: Representation of Two-Point Correlation
Functions (TPCF) for a two-phase bone
microstructure. Red arrows’ head and tails are
located in white phase. Yellow arrows are in the
black phase. The blue arrows’heads are in the
black and tails are in white phase.
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v, is the volume fraction of phase g and is a constant; hence, there is only one independent TPCF for
any two-phase microstructure. Other limit constraints for any arbitrary phases like m and n are found in
[65] as:

Un if n=m

limg-o c37(5) = {g 15 o+ ™ M E404) ™
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These known limits (from [65]) exist for the values of the two-point correlation functions as s
approaches zero or infinity. Note that these limits are general and must be obeyed for random as well as



non-random (including periodic) microstructures. When it comes to calculating TPCF, one way is to
use the Fast Fourier Transform (FFT) [66, 67] of the microstructure given by

q q Pmax—1 .4 [Zi"( DL Ly b )] aj,iof
— — - M M M — 1
X, = FFT (xp) = 2,00 xpe ax(px) Max(py) Maxp2)/| = | x| etk 9)

Where |X,‘j| is the amplitude, 9,‘3 is the phase of the Fourier transform, and k = (kq, ko, k3) is the
Fourier variable.

Another way to obtain the TPCF directly is to use the equation below from [67].

a4’ = L a),i0 ya'| -6
FFT (Cz (p)) = Max(py) Max(p,) Max(pz) |Xk|e k |Xk |e k (10)

Finally, when g=q’, the equation between FFT of the TPCF and the microstructure function could be
found so the TPCFs for every microstructure can be calculated with:

FFT (c§'()) = L |xa|* (12)

- Max(px)-Max(py).Max(pz)

Next, we used a phase recovery method to predict the microstructure evolution at different times due to
the density variation of the solid and non-solid bone microstructure phases. Using TPCF for
representing the bone microstructure makes this feasible by using an auto-covariance function as
defined in Eq. (12), which is defined for the vector s. It is a linear and scaled function for TPCF,
ranging between 0 and 1 when s varies between s=0 and s=oo, in order.

qq 2
q _ G (9)-vg
) = (12)
A combination of two or more specific auto-covariance functions as Eq. (12) for different
microstructures in different directions enable to obtain a macroscopic homogeneous model (bone
microstructure homogenized at the macroscopic scale) to satisfy the essential condition of Eq. (7) and
Eq. (8). Thus, new microstructures can be determined using these combinations with new calculated
TPCFs.

2.2.2 Microstructure Reconstruction

Producing a microstructure formed on its assigned statistical correlation functions is known as a
reconstruction procedure. The inputs for this method are the TPCFs based on Eq. (12) and Eq. (13)
below. The phase recovery algorithm (initially used for signal processing [68]) is used in this study
based on Eqg. (11). By inserting a set of TPCFs into this equation, the amplitudes of the microstructure
functions are calculated. The phase recovery is made through using Eqg. (9). Hence, the base of the
phase recovery algorithm in each cut section reconstruction is defined by Eqg. (11). Using the TPCFs of
all points of the RVE as input by applying Fast Fourier Series, the xg for all points is calculated.

One of the main difficulties in the proposed objective of microstructure reconstruction is finding the
adequate statistical distribution that will be the closest to the real one (in terms of geometrical
distribution and mechanical properties). For this, a blind search is developed in order to find optimized
coefficients for the statistical reconstruction. It is assumed that ;7' and £7* are two different
autocovariance functions that linked to the first and last measurement point (two different times) of



osteoporosis evolution, respectively. Because the sum of the coefficients of two phases should be equal
to one to satisfy equations (7) and (8), the auto-covariance of the combined microstructure is :

£1() = B + (1 - Sy (13)

B is considered a series of discrete values increased by small intervals, yet we are looking for an
optimized value, which gives us optimum mechanical properties compared to the degraded
microstructure obtained from [61]. It should be noted that Eq. (13) satisfies conditions (7) and (8).
B could be any number between 0 and 1. Each number results in a specific TPCF and, consequently, a
new bone microstructure model is created.

Using the procedure below, the optimum value of 8 can be found:

1. Presume B any constant number between 0 and 1

2. Merge the auto-covariance TPCFs from the initial bone microstructure and degraded one so that
f,1(s) can be calculated.

3. From the inverse of Eq. (12), a new TPCF is found and is used as input data of step 4

Reconstruct the model with a two-phase recovery method

5. Find the smallest error between all the iterations compared with the degradation model of [61]
explained in paragraph 2.2

6. Finally, the optimum g is found

>

The steps for the two-phase recovery are shown below in Figure 3.

At the first iteration, a primary random microstructure ( plte) is generated. The Fast Fourier
Transform for this microstructure function is calculated ( X!, ) through Eq. (9). Next, the phases of

the FFT are preserved, but their modulus (| X plte |) is replaced with the square root of the Ck ref

multiplied by p or | prefl using Eq. (11). The inverse of the Fourier transform of |X ref|e‘9k ite S
taken from the inverse of Eg. (9) and assumed to be the new X p ire TOr the next iteration. Then, applying
constraints in the real space to the obtained X!, by rounding its value, the obtained microstructure in
this step is used as an input for the initial iteration back in the loop.

After the last iteration, the error between the TPCFs of the obtained microstructure and c7% . should be

2ref
calculated with:

Error =

L S=Pmax—1 ‘Cg lte(s) Cz ref(s)‘ (14)
Max(py).Max(py).Max(pz) <'S=0 5 ref(s)

If the convergence criteria of error is satisfied, the algorithm will stop and the X
considered as the final reconstructed microstructure.

X!, of that step is



(TPCF of initial and degraded microstructure, Eq. (1 l))

v
( Auto-covariance of above value, Eq. (12) )

S > B=01+0.1

A4
(HO=p"+a-pg" -Eaa) )
v
chq(s)mf of the combined microstructure which is computed via Eq. (12) and (13))

v
Calculate the amplitude of [X ! | based on Eq. (11)

i=1[0..9] T
I Guess randomly the initial distribution of X;}' ite

v

Take FFT of microstructure function and determine \Xif

v

\ and retain phases unchanged

v
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Calculate the inverse FFT of \ermf\e‘ekite to reach the new X;"_
ite

¥

Apply constraints pertained to the microstructure function on X;" it

|
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ite
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€rTor

Calculated error based on comparing
ng (S)Tef and ng (S) ite

Acceptable error

< Inverse of Eq. (12) gives ¢ ?(s) optimized — Final reconstructed microstructure )

Figure 3: Phase recovery flowchart used for the reconstruction of trabecular bone microstructures

2.3 Effective mechanical properties

For a highly contrasted media like cortical bone, composed of a solid phase with high elastic modulus
and a “void” phase with low elastic modulus, the effective properties can be determined easily from the
finite element model as described in [61]. We assume that the bone behavior is linear elastic with an
effective Young's modulus a function of the bone volume fraction based on Hounsfield scale [61]. It is



supposed to represent a realistic evaluation of a patient's bone strength. Initial and degraded bone
samples at different steps were exported to the ABAQUS software to calculate effective elastic
modulus. Mechanical loading was applied in the X, Y and Z directions of the bone microstructure and
constrained on the opposite face (see Figure 4). Finally, effective mechanical properties were obtained.

Figure 4: Schematic model of bone sample including forces and
boundary conditions for FEM. Constant distributed force is
applied on one side where the opposite side is fixed. The three
directions x, y, and z are calculated

3. Results

3.1 Interpolation

The TPCFs of the best-reconstructed models for each g are compared with the TPCF of the
degradation model generated from [61] with the same volume fraction. The TPCF error between the
two cases is given by :

Error = 1 Zs=p—1 |ng (S) final reconstructed model_cgq(s)numerical model| (15)

Max(px).Max(py).Max(pz) 5=0

qq
€5 (Snumerical model

The best g is chosen for each specific volume fraction. Figures 5a to 5¢ show the comparison between
the degraded microstructure (time evolution from [61]) and reconstructed cases (at a given time of
evolution from the statistical reconstruction) for the volume fraction of 74%.

The optimized parameter 8 in Eq. (13) should be chosen between 0 and 1 to satisfy the conditions (7)
and (8). The initial value is fixed to be 0.1. After reconstructing the microstructure pertained to the
mentioned coefficient, § is increased up to the maximum value of 1 by increment of 0.1. For each
reconstructed microstructure, the g parameter is optimized with regard to a minimized error. This is
done in turn for each microstructure evolution (time increment). All statistical microstructures matrices
are then compared with the degraded model derived from the previous method described in 2-3 [61].
The closest statistical case to the degraded model is chosen. The errors from Eqg. (15) are calculated and
presented in Table 1 with the optimized g giving the lowest averaged errors for each specific volume
fraction.

To better address the quality of the reconstructed microstructures through the precise evaluation of the
S parameter and error developed with each of its values, we used 100*100*100 voxel matrix generated
from their respective TPCF. We compared the degraded bone from [61] and statistical reconstruction
for 63% volume fraction. Their voxel formations (Figure 6) are obtained using a MATLAB code.
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a) Random statistical
reconstruction reconstruction

b) Optimized statistical

c) Degraded bone from [61]

Figure 6: Matrix with 100*100*100 voxels having 63% volume fraction



The reconstructed models and the degraded model with their corresponding volume fraction are
presented in Figure 7 for different volume fractions 84%, 73%, and 63%.

Vol. fraction Statistical Degraded from [61]

84%

73%

63%

Figure 7: Left- Statically reconstructed microstructures, Right- Degraded microstructures from [61].

3.2 Mechanical characterization

Young modulus, strains, and stresses in the main directions x, y, and z, are obtained by using the Finite
Element Method, ABAQUS CAE software. For each voxel, the elastic modulus is derived as a function
of the local voxel bone density. We extracted macroscopic Hooke’s Law from averaging the overall
sample. The results for the load in the x-direction are presented in Figure 8.
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Two other optimized statistical bone microstructures were reconstructed with 73% and 84% volume
fractions. Homogenized macroscopic stiffness coefficients (i.e. Young modulus) were extracted for the
validation of the reconstruction process, assuming the material (solid bone phase) mechanical behavior
was linear elastic with a Young modulus E = 15 GPa (average value for cortical bone) and Poisson’s

ratio is 0.3.

The degraded model presented values of Young modulus between 8.53 GPa and 14.5 GPa. Values
obtained from the reconstructed microstructures varied between 9.85 GPa and 15.5 GPa. The errors
developed from the microstructures variations for the Young modulus varied from 10% for the
maximum Young modulus of 15.5 GPa up to a value of 14% for a Young modulus of 12.4 GPa.
Results are reported in Table 2.

Volume Fraction Young Modulus (GPa) | Error (%)
93% initial 145 -
84% | Degraded 13.8 -

73% | Degraded
Table 2: Modulus of elasticity in specific
63% | Degraded ) directions for the degraded and
statistical bone microstructures.

60% | Degraded 7.79 -

4. Discussion

The comparison of the obtained TPCFs values in the three directions x, y and z (Figure 5) shows good
correlation with two directions being almost identical (y and z) and one close (x). This means that the
proposed statistical reconstruction method was able to provide very similar microstructure distribution
as compared to the reference case. This is validated by the error value on the beta coefficient in Table
1. For an initial volume fraction of 93% down to 73% degradation, the error remains small (under 1%).
When porosity increases (volume fraction of 63%), the error has increased up to 1.7%. We can observe



this effect on the distributed microstructure of Figure 6. The constructed model contains connections,
holes, and fossae similarly to the real bone, but the morphology is different. This will of course
influence the structural evolution in time. Since cells biological response is highly dependent on the
local bone microstructure distribution and the corresponding local mechanical forces applied to this
local microstructure, the local bone density evolution will be impacted. However, the two proposed
methodologies (being phase degradation [61] or statistical reconstruction) are unable to provide an
exact match with the real bone microstructure degradation as both degradation scenarii are different
from real bone. Hence, variations will develop between the different cases. Nevertheless, these
variations remain small as presented in the results section, but as the microstructure distribution has a
large impact on the bone mechanobiology (as per the patient dependency aspects), this remains to be
studied more deeply at a later stage. Nonetheless, the geometry of the optimized matrix (Figure 6b)
resembles the degraded bone (Figure 6c¢). By considering TPCFs of the degraded bone model (Figure
6¢) and the random one (Figure 6a), the error is 8.68% which is about five times bigger than compared
to the reconstructed one (Figure 6b). We can assess here that when comparing the random statistical
distribution with the reference case, an error as small as 8.68% is already large for a proper
mechanobiological modeling (even at the continuous macroscopic scale). Hence, obtaining the proper
microstructure remains a desirable objective. For the optimized statistical reconstruction at 63%
volume fraction of Figure 6b and Figure 6¢, we obtained an error of 1.74%. This enabled to have a
much closer distribution to the reference case. The degraded, reconstructed and random models are all
percolated in all directions and the difference is mainly related to the difference in their morphology.
With lower volume fraction, the error would continue to increase with their percolation connections.

The observation is made on Figure 7 that higher volume fraction enables better reconstruction results
and as the volume fraction decreases, the error increases proportionally. For the hereby proposed
method, to improve the model precision, we could use smaller values of £ intervals by step of 0.1
during analyses to find better optimized microstructure. As the porosity increases with decreasing
volume fraction for each proposed method (statistical and degraded), this porosity remains
heterogeneously distributed. In fine, both methods are not completely adequate to model the bone
degradation. Although the degradation method resembles better the bone structure, it degrades the bone
in a homogeneous manner everywhere on the solid bone surface leaving solid bone islands which are
not biologically realistic. On the other hand, the statistical bone structure has better compatible physical
characteristics compared to real bone, but without a proper microstructure distribution. Again, bone
remodeling is cell biology driven, and since cells activity depends on their physical environment, the
local bone microstructure distribution influences specifically the bone degradation evolution. The exact
mechanobiological coupling between cell activity and local bone microstructure distribution being to
this day unknown, it is not possible to foresee which is the best proposed model ; the degradation
model having a closer bone like microstructure but with a poorer degradation process, or the statistical
model having a less bone like distribution but with better mechanical characteristics. However, since
most predictive numerical bone remodeling model are mechanically driven at the meso and macro
scale, we observe that the statistical model would respond better to this input. This effect needs to be
investigated further.

The results of effective mechanical properties show, as expected, a decrease in Young’s modulus with
a decrease in volume fraction. Noticeably, the error in the stiffness evaluation is variable for the
different cases, but it remains reasonably small and shows good quality of the reconstruction procedure



even when the volume fraction is decreasing. This tends to show from the mechanobiological point of
view that developing a predictive macroscopic model based only on equivalent stiffness is far from
being enough. This shows that with equivalent stiffness, the bone microstructure distribution can be
very different. Nonetheless, all reconstructed cases show a higher stiffness than the original cases. This
may be due to the concentration distribution of the voxels in the x-direction, as the reconstruction
procedure shows variability with the exact degraded microstructures. This needs to be investigated at a
later stage

5. Conclusion

An initial bone microstructure was obtained from high-resolution X-ray computed tomography images.
The osteoporotic evolution was simulated from a degradation model based on existing literature and
several degraded microstructures were extracted at different times with different volume fractions. We
used statistical reconstruction to find optimum microstructures that correspond to the degraded scenario
and evaluated the usefulness of the microstructure distribution influence from an optimized coefficient
beta that can provide various microstructure distributions at a given volume fraction. By interpolating
between the time evolutions, the Young’s modulus and Poisson ratio of any intermediate volume
fractions were obtained. This can be related, but not solely as it also depends on the microstructure
distribution, to the patient dependent osteoporosis evolution as measured by standard bone density
measurements. Future works include integrating two-point correlation cluster function to improve the
accuracy of the statistical interpolation for quality of the bone microstructure reconstruction and the
study of the relationship between reconstructed microstructure and beta parameter.
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