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ll: Abstract

Bone is a dynamic tissue that constantly adapts to biomechanical and biochemical stimuli. Imbalances
in the bone remodelling processes underlie skeletal diseases such as osteoporosis and myeloma bone
disease, leading to increased fracture risk. This thesis aimed to develop and utilise in silico

biomechanical models to enhance the understanding of how these diseases affect the bone properties.

A literature review highlighted the limitations in existing in silico biomechanical models of osteoporotic
bone. The current research demonstrated that the micro-finite element (micro-FE) models used to
calculate the strain distribution and, hence, predict the bone properties usually only investigate one
loading condition. It is assumed that any load applied is axial to the bone, and hence, they ignore any
uncertainties in the loading direction and magnitude from experimental measurements. To address
this, a sensitivity analysis of the loading direction on the mechanical properties and strain distributions
within the mouse tibia was conducted. This analysis is crucial for optimising the protocols for in vivo

loading experiments and provides insights into how the loading direction influences bone remodelling.

Furthermore, the literature review revealed a lack of accurate predictions of bone resorption in
biomechanical models coupled with mechanoregulation algorithms. To address this, an exploratory
multi-scale model was developed, integrating validated micro-FE models with a bone cell population
model. This model enabled an investigation of the sensitivity of biochemical stimuli on bone

remodelling over time, providing insights into the model's complexity and potential for simplification.

Finally, a scarcity of micro-FE models based on high-resolution images depicting osteocyte lacunae was
identified. To address this, the tools developed in the previous chapters were adapted to create a
micro-FE model of bone tissue that included osteocyte lacunae. This enabled the investigation of the

effect of osteocyte lacunae on local bone properties in both healthy and myeloma-affected mice.
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The bone remodelling algorithm flow chart (left), used in the study by Cheong et al.
(2020a), showing the generation of the pseudo-micro-CT images and the optimisation
algorithm (in blue-grey) to compute the parameters for bone remodelling. (1) The
remodelling unit lattice. (2) Boundary conditions of the micro-FE model. (3)
Remodelling algorithm with formation limit k and rate of remodelling B (Cheong et
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(A) Flowchart of the bone remodelling simulations used by Lerebours et al. (2016),
taking into account (a) the global mechanical loading, (b) the bone cell population
model, and (c) the bone material and geometry adaptations. The mechanical
components of the model are outlined in red, and the coloured red boxes show the
mechanical stimuli used in the model. The biochemical components of the model are
outlined in blue, and the coloured blue boxes show the biochemical stimuli used in
the model. (B) The multiscale representation of bone, used in the study by Lerebours
et al. (2016), illustrating (1) the organ scale (femur bone geometry), (2) the tissue
scale (midshaft cross section), and (3) the cellular level (representative volume

element of cortical bone). Adapted from Lerebours et al. (2016).......ccceeeeveeeeecercecrennnnns

A flowchart of the bone remodelling model used in the study by Ashrafi et al. (2020)....

Left: Schematic of the in vivo tibial loading model. Right: Overview of the data
collection timeline in C57BL/6 mice, acquired from a previous study (Roberts et al.,
2020). OVX: ovariectomy, OVX+ML: ovariectomy and mechanical loading.
Ovariectomy was performed at age 14 weeks, micro-CT images were taken every two
weeks throughout the duration of the study, treatment window commenced at week
18 and was withdrawn by week 23. Images from weeks 18 and 20 were used in this

study (highlighted in red).......ccceieieeee e e et r e e e es s
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33

3.4

3.5

Flowchart illustrating the main steps of the pipeline to create the micro-FE models
from the micro-CT images and to evaluate the apparent mechanical properties: (from
A to G) micro-CT acquisition, image registration, image segmentation (binarisation),
creation of the micro-FE models, results generation, post-processing of the local

displacements and strains, calculation of failure load and apparent stiffness..................

(a) Three independent unitary load cases (1N in the inferior-superior direction (Fis),
1N in the medio-lateral direction (Fmi), and 1N in the anterior-posterior direction (Fap)
for each mouse at each time point) were used to calculate the failure load along the
different loading directions. (b) Schematic representation of the loading directions as
a function of the two angles 8 and @. The angle from the inferior-superior axis is
describes by 6 and ranges from 0° to 30° in steps of 5°. The angle from the anterior-
posterior axis, going anticlockwise (inferior-superior view) is described by ¢, and
ranges from 0° to 355° in steps of 5°. (c) Example of three loading directions (from

left to right): 6=30°, ©=0°; 8=0°, =0° (i.e., nominal axial case); and 6=30°, ©=180°.......

Heatmaps of the mean values of FL_FE and coefficients of variation (CV) across all
loading directions (6 in range 0-30°, ¢ in range 0-355°) for both groups (OVX and
OVX+ML) and time points (W18 and W20). The red square and arrow highlight the
loading direction for which the maximum FL_FE was found. OVX — ovariectomy,

OVX+ML - ovariectomy and mechanical loading, W18 —week 18, W20 —week 20.........

Heatmaps of the mean normalised failure load (NFL_FE) across all loading directions
(6 in range 5-30°, ¢ in range 0-355°) for both groups (OVX and OVX+ML) and time
points (W18 and W20). The values in grey show the loading directions associated with
FL_FE to be not significantly different to the FL_FE obtained for the nominal axial
loading direction. The yellow square and arrow highlight the loading direction for
which the maximum mean NFL_FE was found. The failure loads have been normalised
by the nominal axial case, hence why the 8 = 0° is omitted. OVX — ovariectomy,

OVX+ML - ovariectomy and mechanical loading, W18 —week 18, W20 —week 20.........
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3.6

3.7

3.8

Minimum principal strain distribution of two representative tibiae (OVX — mouse 3,
OVX+ML — mouse 5) obtained using a load of magnitude 1N at W18 and W20. It
should be noted that at W18 both groups were untreated, so observed differences
are associated mainly with different animals. Left: Load applied along the nominal
axial loading direction (6 =0°, ¢ =0°). Middle: Load applied along the loading direction
associated with the minimum FL_FE (6 = 30°, ¢ = 40°). Right: Load applied along the
loading direction associated with the maximum FL_FE (6 = 10°, ¢ = 210°). OVX —

ovariectomy, OVX+ML — ovariectomy and mechanical loading, W18 — week 18, W20

Internal minimum principal strain distribution of a representative tibia (mouse 5)
within the OVX+ML group, obtained using a load magnitude 1N at W18 and W20. For
each week three loading directions are shown: the load applied along the nominal
axial loading direction (8 = 0°, ¢ = 0°), the load applied along the loading direction
associated with the minimum FL_FE (8 = 30°, ¢ = 40°), and the load applied along the
loading direction associated with the maximum FL_FE (6 = 10°, ¢ = 210°). OVX —
ovariectomy, W18 —week 18, W20 —WEEK 20.......ccoeeeereiereierieriereee e ete et st evevaesans

Left: Heatmap of the absolute difference in mean failure load (absAFLt_FE) between
time points (W18 vs W20) for OVX group for all loading directions (6 in range 0-30°,
¢ in range 0- 355°). Differences are all statistically insignificant (Wilcoxon test, p <
0.05). Right: Heatmap of absAFLt_FE for the OVX+ML group for all loading directions.
All loading directions were statistically significant when the two time points were

compared (Wilcoxon test, p < 0.05). OVX — ovariectomy, W18 — week 18, W20 — week
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4.1

Left: Heatmap of the percentage difference in mean failure load (AFLt_FE) between
time points (W18 vs W20) for OVX group for all loading directions (6 in range 0-30°,
¢ in range 0- 355°). Differences are all statistically insignificant (Wilcoxon test, p <
0.05). Middle: Heatmap of AFLt_FE for OVX+ML group for all loading directions. Right:
Heatmap of the difference between the percentage points between the failure load
across the two groups (OVX vs OVX-ML) (AFLg_FE) for all loading directions. All
loading directions were statistically significant when the two time points were
compared (Wilcoxon test, p < 0.05). The blue square and arrow highlight the loading
direction for which the maximum difference was found. OVX — ovariectomy, OVX+ML

— ovariectomy and mechanical loading, W18 —week 18, W20 — week 20.......................

Heatmaps of the mean values of safety factor (SF) and coefficients of variation (CV,
%) across all loading directions (6 = 0-30°, ¢ = 0-355°) for both groups and time points.
The red square and arrow highlight the loading direction for which the maximum
safety factor was found, and the dashed red areas highlight the loading directions
where the safety factor was between 1 and 1.5 (low safety factor values). OVX —
ovariectomy, OVX+ML — ovariectomy and mechanical loading, W18 — week 18, and

W20 = WEEK 20...cuei ittt ettt sttt s et et et e sae st es e e sbesebseatesbesesbesnsesaseesbensassnseensesstesnnes

Left: Heatmap of the R? values when conducting a linear regression analysis between
the midshaft cortical thickness (Ct.Th) and the predicted failure load (FL_FE), across
all mice in both groups (OVX and OVX+ML) and at both time points (weeks 18 and
20), for all loading directions (8 in range 0-30°, ¢ in range 0-355°). The yellow area
highlights the loading directions which have an R? value which is greater than the R?
value of the nominal axial case (6 = 0°, = 0°). The red square and arrow highlight the
maximum R? value. Right: Heatmap of the normalised range, across all mice in both
groups (OVX and OVX+ML) and at both time points (weeks 18 and 20), for all loading
directions (B in range 0-30°, © iN range 0-355°)......cccciierereereeinree et er e e es e

Location of the region comprising 10-90% of the cropped tibial length...............ccococ.......
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4.5

The frequency plots for strain energy density (SED; mean + standard deviation)
between 0-2 MPa, for the loading directions associated with 6 = 10°, 20°,30° and ¢ =
0-355°, for both groups at both time points. OVX, ovariectomy; OVX+ML, ovariectomy
and mechanical loading; W18, week 18; W20, Week 20.......cccevveveeieeceeceene e se e eeeeens

The frequency plots for strain energy density (SED; mean + standard deviation)
between 0-2 MPa, for the loading directions associated with 6 = 0-30° and ¢ = 0°, 45°,
90°, 135°, for both groups at both time points. OVX, ovariectomy; OVX+ML,

ovariectomy and mechanical loading; W18, week 18; W20, week 20.........ccccccervrrrrvenenne.

The frequency plots for strain energy density (SED; mean % standard deviation)
between 0-2 MPa, for the loading directions associated with the largest changes in
distribution (6 = 0-30° and ¢ = 135°; 8 = 30° and ¢ = 0-355°) compared to the nominal
axial case, for both groups at both time points. OVX, ovariectomy; OVX+ML,

ovariectomy and mechanical loading; W18, week 18; W20, week 20.........ccccceeveeeereenenes

Heatmaps of the mean values of the median 95™-100"" percentile of the SED
(95P_SED) and the coefficient of variation (CV) across all loading directions (6 in range
0-30°, ¢ in range 0-355°) for both groups (OVX and OVX+ML) and time points (W18
and W20). The blue square and arrow highlight the loading direction for which the
minimum 95P_SED was found, and the yellow square and arrow highlight the loading
direction for which the maximum 95P_SED was found. OVX, ovariectomy; OVX+ML,

ovariectomy and mechanical loading; W18, week 18; W20, week 20..........cccceeveveverrernnes
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Heatmaps of the normalised median 95"-100™ percentile of the SED (N95P_SED)
across all loading directions (8 in range 5-30°, ¢ in range 0-355°) for both groups (OVX
and OVX+ML) and time points (W18 and W20). The values in grey show the loading
directions associated with the 95P_SED to be not significantly different to a 95P_SED
obtained for the nominal axial loading direction. The green square and arrow
highlight the loading direction for which the minimum N95P_SED was found, and the
yellow square and arrow highlight the loading direction for which the maximum
95P_SED was found. OVX, ovariectomy; OVX+ML, ovariectomy and mechanical

loading; W18, week 18; W20, WEEK 20.........cceceeeeereeieietietene e ee e st st se e e e raese s s ensanes

Strain energy density (SED) distributions of two representative tibiae (OVX—mouse 2,
OVX+ML-mouse 5) obtained using a load of magnitude 12 N at W18 and W20. It
should be noted that at W18 both groups were untreated, so observed differences
are associated mainly with different animals. Left: Load applied along the nominal
axial loading direction (6 = 0°, ¢ = 0°). Middle: Load applied along the loading
directions associated with the maximum median 95™-100" percentile of the SED
(95P_SED) (6 = 30°, ¢ = 40-45°). Right: Load applied along the loading direction
associated with the minimum 95P_SED (6 = 10°, ¢ = 205°). OVX, ovariectomy;

OVX+ML, ovariectomy and mechanical loading; W18, week 18; W20, week 20..............

The frequency plots for strain energy density (SED; mean t standard deviation)
between 0-2 MPa, for the loading directions associated with the minimum median
95%-100™" percentile of the SED (8 = 10°, ¢ = 205°), the maximum median 95%"-100t"
percentile of the SED (6 = 30°, ¢ = 40-45°), and the nominal axial case (6 = 0°, ¢ =0°),
for both groups at both time points. OVX, ovariectomy; OVX+ML, ovariectomy and
mechanical loading; W18, week 18; W20, WeeK 20..........cceeveeceeceeeceeeeieeeeeeveereeree s
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4.10
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Left: Heatmap of the absolute difference in mean 95P_SED (absA95t_SED) between
time points (W18 vs W20) for OVX group for all loading directions (6 in range 0-30°,
@ in range 0- 355°). Differences are all statistically insignificant (Wilcoxon test, p <
0.05). Right: Heatmap of absA95t SED for the OVX+ML group for all loading
directions. The values in grey show the loading directions associated with non-
significant differences between time points (Wilcoxon test, a = 0.05). OVX -
ovariectomy, OVX+ML — ovariectomy and mechanical loading, W18 — week 18, W20

B =02 A O TR R

Left: Heatmap of the percentage difference in the median 95™-100%" percentile of the
SED (A95t_SED) between time points (W18 vs W20) for the OVX group for all loading
directions (8 in range 0-30°, ¢ in range 0-355°). Differences are all statistically
insignificant (Wilcoxon test, a = 0.05). Middle: Heatmaps of (A95t_SED) between time
points (W18 vs W20) for the OVX+ML group for all loading directions. The values in
grey show the loading directions associated with non-significant differences between
time points (Wilcoxon test, a = 0.05). Right: Heatmaps of the percentage point
differences in A95t_SED for the OVX and OVX+ML groups (A95g_SED) for all loading
directions. Differences are all statistically significant (Mann-Whitney U test, a = 0.05).
The red square and arrow highlight the loading direction for which the smallest
difference was found, and the yellow square and arrow highlight the loading direction
for which the largest difference was found. OVX, ovariectomy; OVX+ML, ovariectomy

and mechanical loading; W18, week 18; W20, week 20.........ccceveeeeveeeceeeeceeceeierieveeenes

Pre-processing pipeline for input into the biomechano-chemo model. (A) Micro-CT
images are taken, (B) Images are registered, (C) Images are segmented using the week
14 threshold, (D) Section of interest is cropped, (E) Cortical pores are automatically
filled and trabeculae are manually removed, (F) Surface coordinates for each slice are
mapped, (G) Surface maps are smoothed, (H) Surface points are sampled, (I) Micro-
finite element (micro-FE) model is generated from the segmented images, (J) Micro-

FE model is run and the strain energy density (SED) is outputted........ccccevvevveveevereniennnes

Location of the section of interest (section 5) within the tibia.........ccccevevvevecicvinenenene..
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53

5.4

5.5

5.6

Pipeline for the biomechano-chemo model. (A) External strain energy density (SED)
results are mapped to the sampled surface points, (B) Initial conditions for the
representative surface elements (RSEs) are assigned, (C) Mechanosensation function
is applied, (D) Bone cell population model is run, and the geometry is updated, (E)

Predicted surfaces are QUEPULLEd.......ccoeiieiecieec et s e e e

Cell type availability across the representative surface elements (RSEs). RSEs on the
periosteum (P?) can only undergo formation (green arrow) and consists of osteoblasts
and bone lining cells. RSEs on the endosteal surface (P) can undergo both formation
(green arrow) and resorption (red arrow) and consists of osteoblasts and

(0 1Y (=To Yol 13 £ RRRT

Strain energy density (SED) distribution across three example slices of the section of
interest (slice 712 refers to the most superior slice in the section of interest, slice 648
represents the mid-slice and slice 584 represents the most inferior slice of the section
of interest). The green crosses signify the location of the minimum SED, and the red

crosses signify the location of the maximum SED..........c.coovvvveeieieceiecerene e

Sigmoidal mechanical H functions: H;ED'DLC represents the upregulation of lining cell
differentiation, H;ED,FOBP represents the upregulation of osteoblast precursor
proliferation, Hggp g, , .\ F€Presents the downregulation of RANKL production, all

with respect to the strain energy density (SED). Each plot shows the sigmoidal H
functions sensitivity with respect to the SED for each of the slices in the section of
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5.7

5.8

5.9

5.10

Cell concentrations for days 1 to 14. The periosteal remodelling is defined by the
number of osteoblast precursors (OBp), active remodelling osteoblasts (OBa;), active
osteoclasts (OCa), OPG, TGF-B, RANKL, OPG-RANKL compounds (OL), and RANK-
RANKL compounds (KL). The endosteal remodelling is defined by the number of active
modelling osteoblasts (OBam). The results show these values over time for the
representative surface elements (P%) which correspond to the maximum strain energy
density (blue line) and the PS which corresponds for the minimum strain energy
density (red line), allowing for the range of the cellular and molecular concentrations
across the slice to be seen. The results are shown for three example slices (slice 712,

BA8 AN B58A)......eeietietieeee ettt ettt et et este st s e et e a et et e s aaeebe et ste e ne e bereere s enaneens

Geometrical changes on the periosteum (An°) and endosteum (AnE) across days 1 to
14. Left: Geometrical changes for three example slices, the black line marks the
location of maximum strain energy density. Right: An® changes for points on the
surfaces which are greater than the voxel size (10.4um) across all slices. The plot

shows the mean * standard deviation of An” and Anf across all slices.........ccceeuveeerene.

Comparisons of the model predictions and the experimental data for bone
adaptation. Three example slices are shown. Model predictions for week 20 (i.e., day
14) are inred, experimental data for week 18 are in a thin black line, and experimental
data for week 20 are in blue. The bone adaptation on the periosteum (n") can be seen
in the centre column, and the bone adaptation for the endosteum (nf) can be seen to
the right. The representative surface elements (RSEs) increase around the perimeter
surface starting from the black line and arrow and increasing clockwise. Points
marked by a pink line denote simulated measurements within +10.4um (i.e., one
voxel) of the experimental results for the three slice examples. The mean * std bone

adaptation across all slices can be seen at the bottom..........ccccveiveveiveevence e

Percentage of points along the periosteum and endosteum which are within 10.4um

(i.e., one voxel) of the experimental reSuUlts...........ccccoeeireeececcrirececeee et e
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6.6

The location of the region of the femora scanned. The region was located 100um
proximally from the distal growth plat and scanned using synchrotron radiation

micro-computed tomography (voxel size: 0.65M)....c.ccvevereruerireeeresinrireeeseserere e ereeanes

Flowchart illustrating the main steps of the pipeline to create the micro-FE models
from the SR-micro-CT images and to evaluate the apparent local mechanical
properties: (A) SR-micro-CT acquisition, (B) region of interest (ROI) extraction and
segmentation (binarisation), (C) calculation of the porosity from the extracted ROI,
(D) micro-FE models, displaced independently in the superior-inferior (SI), medio-
lateral (ML) and anterior-posterior (AP) directions, (E) results generation, post-
processing of the reaction forces (RF), displacements (6L), and lengths of the ROI (L)
to calculate the local mechanical properties ((F) the normalised stiffness and the (G)
degree of anisotropy (DA)). Steps A, B and C were undertaken by my collaborators

(EVANS €1 A1, 2024).....eceeceiereecteee ettt et sre et sea et st et s sbeses et eassbeses s arsebeea et ersetennsereae s

The boxplots for the Naive and Disease groups for the normalised stiffness (N/mm?)
(left) and the porosity (%) (right). The * indicates significance, when tested with the

non-parametric two-tailed Mann-Whitney U test, with a significance level of 0.05........

The boxplots for the Naive and Disease groups for each ROl location within the bone
(anterior, posterior, medial, lateral) for the normalised stiffness (N/mm?) (left) and
the porosity (%) (right). The * indicates significance, when tested with the non-

parametric two-tailed Mann-Whitney U test, with a significance level of 0.05................

The boxplots for the Naive and Disease groups for each ROl location within the bone
(anterior, posterior, medial, lateral) for the degree of anisotropy. The * indicates
significance, when tested with the non-parametric two-tailed Mann-Whitney U test,

With a significance @Vel 0F 0.05........c.ce ittt ettt r et et steetesre s e seans

An example ROI from each of the Naive (top two sets of ROI) and Disease (bottom
two sets of ROI) groups showing the minimum principal strain distributions when the
ROI is loaded in the superior-inferior (Sl), medio-lateral (ML), and the anterior-

POSTEIION (AP) CASES...cvieeeeciecte sttt et et e e ste e st e e e s s et et e e saeebe st ste e sessenbesaesersaeaneane s
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The bar plots for the median number of osteocyte lacunae (left) and the median
volume of the osteocyte lacunae (um3) (right) within the cube ROIs (0.08mm edge)
for both the Naive and Disease groups. The error bar represents the IQR. The *
indicates significance, when tested with the non-parametric two-tailed Mann-

Whitney U test, with a significance level of 0.05........c.ocvcienininerce e

The linear regressions for the (A) normalised stiffness and the porosity for the pooled
Naive and Disease data (green), (B) normalised stiffness and the porosity for the Naive
(blue) and Disease (red) groups, (C) the degree of anisotropy and the porosity for the
pooled Naive and Disease data (green), (D) the degree of anisotropy and the porosity
for the Naive (blue) and Disease (red) groups, (E) the normalised stiffness and the
osteocyte lacunae volume for the pooled Naive and Disease data (green), (F) the
normalised stiffness and the osteocyte lacunae volume are not correlated for either
the Naive or the Disease groups, (G) the degree of anisotropy and the osteocyte
lacunae volume for the pooled Naive and Disease data (green), and (H) the degree of
anisotropy and the osteocyte lacunae volume are not correlated for either the Naive

OF thie DISEASE BIOUPS....cvieeteecreeitieeteterete s et eretesessasebsbessaesssasssabebebe et srsebsbesatesessasseasesatens

The frequency plot showing the variability of the number of osteocyte lacunae among
the ROIs and the variability of the osteocyte lacunae volume among the ROIs, for the

pooled Naive and Disease groups (left), the Naive group (middle) and the Disease

BIOUP (FBNT) ittt ettt et e e testesee st e et beb e st easeasaseetesteseeasssensensasaans

Flowchart illustrating the main steps of the pipeline to create the section 5 micro-FE
models from the micro-CT images: (from A to G) micro-CT acquisition, image
registration, section cropping, image segmentation (binarisation), creation of the
section micro-FE models, results generation, post-processing of the strains and

Y Y <Lt

The cropped micro-CT images of the tibia belonging to the mouse investigated,
showing 80% length of the tibia (beginning the crop from below the proximal growth

plate), the removal of the fibula, and the location of Sections 5and 10............ccccoueuuee..
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Top: The location of the section of interest is depicted alongside the reference system
and a schematic of the boundary conditions. Middle: The table shows the magnitude
of the force and moment components in each axial direction for case 1. Bottom: The
linear regression graphs for case 1, showing the: (A) maximum principal strain; (B)

minimum principal strain; (C) effective strain; and the (D) strain energy density............

Top: The location of the section of interest is depicted alongside the reference system
and a schematic of the boundary conditions. Middle: The table shows the magnitude
of the force and moment components in each axial direction for case 2. Bottom: The
linear regression graphs for case 2, showing the: (A) maximum principal strain; (B)

minimum principal strain; (C) effective strain; and the (D) strain energy density............

Top: The location of the section of interest is depicted alongside the reference system
and a schematic of the boundary conditions. Middle: The table shows the magnitude
of the force and moment components in each axial direction for case 1. Bottom: The
linear regression graphs for case 1, showing the: (A) maximum principal strain; (B)
minimum principal strain; (C) effective strain; and the (D) strain energy density in
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Top: The location of the section of interest is depicted alongside the reference system
and a schematic of the boundary conditions. Middle: The table shows the magnitude
of the force and moment components in each axial direction for case 2. Bottom: The
linear regression graphs for case 2, showing the: (A) maximum principal strain; (B)
minimum principal strain; (C) effective strain; and the (D) strain energy density in
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Top: The location of the section of interest is depicted alongside the reference
system. Bottom: A schematic of the boundary conditions for the three unitary force
cases (A, B & C) alongside the frequency plots which show the maximum and
minimum principal strains in Section 5 of the tibia. The black star (*) shows the

maximum value of strain and the black triangle ( A) shows the minimum value of
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Top: The location of the section of interest is depicted alongside the reference
system. Bottom: A schematic of the boundary conditions for the three unitary force
cases (A, B & C) alongside the frequency plots which show the effective strain and the
strain energy density in Section 5 of the tibia. NB: the SED graph has been scaled in
the x-axis to allow for a clearer view of the frequency plot. The black star (*) shows
the maximum value of strain and the black triangle ( A) shows the minimum value of
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Top: The location of the section of interest is depicted alongside the reference
system. Bottom: A schematic of the boundary conditions for the three unitary
moment cases (A, B & C) alongside the frequency plots which show the maximum and
minimum principal strains in Section 5 of the tibia. The black star (*) shows the
maximum value of strain and the black triangle ( A) shows the minimum value of

LY = | o TR

Top: The location of the section of interest is depicted alongside the reference
system. Bottom: A schematic of the boundary conditions for the three unitary
moment cases (A, B & C) alongside the frequency plots which show the effective
strain and the strain energy density in Section 5 of the tibia. NB: the SED graph has
been scaled in the x-axis to allow for a clearer view of the frequency plot. The black
star (*) shows the maximum value of strain and the black triangle (A ) shows the
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Top: The location of the section of interest is depicted alongside the reference system
and a schematic of the boundary conditions. Middle: The table shows the magnitude
of the force and moment components in each axial direction for case 1. Bottom: The
frequency plots which show the (A) maximum and (B) minimum principal strains, (C)
the effective strain and the (D) strain energy density in Section 5 of the tibia. The
black star (*) shows the maximum value of strain and the black triangle (A ) shows

the MINIMUM ValU@ OFf STraiN.....ocuie ettt ettt e eeb e sresae e sa e esbeens
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Top: The location of the section of interest is depicted alongside the reference system
and a schematic of the boundary conditions. Middle: The table shows the magnitude
of the force and moment components in each axial direction for case 2. Bottom: The
frequency plots which show the (A) maximum and (B) minimum principal strains, (C)
the effective strain and the (D) strain energy density in Section 5 of the tibia. The
black star (*) shows the maximum value of strain and the black triangle (A ) shows

the MINIMUM ValU@ OF STraiN......ocvieve et ettt st sr et s st e sae st e sa e seeens

The heatmaps for every comparison between each location (anterior (A), posterior
(P), medial (M), lateral (L)) within the bone within the Naive group (first column),
Disease group (second column), and for the Naive compared to the Disease group
(third column) for the normalised stiffness (first row), porosity (second row), and
degree of anisotropy (third row). The cells are coloured based on their p-value when
tested with the non-parametric two-tailed Mann-Whitney U test (first and second
columns) or with the non-parametric two-tailed Wilcoxon test (third column). The
black represents that no test was done, as intra-location comparisons are irrelevant.
All statistical tests were conducted using a significance level of 0.05..........ccoceeevvecennnns
The boxplots for the Naive and Disease groups for each ROl loaded in each direction
(superior-inferior (SI), medio-lateral (ML), anterior-posterior (AP)) and at each
location (anterior, posterior, medial, lateral) within the bone for the normalised
stiffness (N/mm?). The * indicates significance, when tested with the non-parametric

two-tailed Mann-Whitney U test, with a significance level of 0.05..........c.cccoeveeieieeenenes
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Chapter 1: Introduction and theoretical background

1.1 Introduction

1.1.1 Motivation

Bone diseases, such as osteoporosis and myeloma bone disease (MBD), pose significant challenges to
both individuals and healthcare systems worldwide. These conditions not only diminish individuals'

quality of life but also incur substantial costs for diagnosis, treatment, and fracture management.

Osteoporosis, characterised by reduced bone mass and architectural deterioration, leads to
heightened bone fragility and increased fracture risk (European Foundation for Osteoporosis, 1993). A
2021 report conducted in the United Kingdom (UK) revealed that an estimated 3.8 million individuals
are affected by osteoporosis (Kanis et al., 2021). This condition disproportionately impacts older adults,
with roughly 21.9% of women and 6.7% of men, aged 50 years and older, estimated to have
osteoporosis. The report further highlights the significant public health burden, estimating that one
fragility fracture occurs per minute due to falls from standing height or less (Kanis et al., 2021). These
fractures can lead to individuals being in pain, becoming disabled, and can also contribute to
premature mortality. The cost of osteoporotic fractures in the UK accounted for approximately 2.4%
of healthcare spending, equating to approximately £4.7 billion (Kanis et al., 2022). Furthermore, as the
population in the UK aged 50 or more is predicted to increase by 13.2% between 2019 and 2034, the

number of fragility fractures are likely to increase, increasing the burden on healthcare providers.

Although multiple myeloma, a type of bone marrow cancer affecting around 6,200 individuals in the
UK annually (Northern Ireland Cancer Registry, 2021; Public Health Scotland, 2021; Welsh Cancer
Intelligence and Surveillance Unit, 2022; NHS England, 2023), is itself not a bone disease, an alarming
80-90% of diagnosed patients will develop MBD (Coleman, 1997; Kyle et al.,, 2003). Similar to
osteoporosis, MBD increases the risk of fracture, with affected individuals experiencing a 20% increase
in mortality compared to those without fracture (Saad et al., 2007). Moreover, given that multiple
myeloma is typically diagnosed around the age of 74, it is probable that individuals may already be
living with osteoporosis prior to diagnosis (Turesson et al., 2010). This is particularly concerning
considering that higher multiple myeloma mortality rates were found in post-menopausal women

(Rosko et al., 2018).



Developing a deeper understanding of how these conditions affect bone is paramount for optimising
treatment strategies and thus alleviating the burden on healthcare services. Regulators require new
pharmacological interventions to be tested in animals preclinically before clinical trials, with mouse
models being the most commonly used animal in drug development (Gould et al., 2015). In silico
(computational) models offer a powerful tool for simulating disease and predicting treatment
responses. Not only do in silico models help decrease the time taken for a drug to go from identification
to marketing, but they also reduce the number of animals used in the drug development process
(NC3Rs, 2021). Furthermore, in silico modelling opens avenues for exploring and understanding
phenomena that may be difficult or impossible to investigate experimentally, allowing for rapid

evaluation of various scenarios (Shaker et al., 2021).

The objective of this chapter is to provide an introductory overview on bone, spanning its anatomy
and physiology, and the dynamic processes inherent to bone. Additionally, it aims to present the
skeletal diseases examined within this thesis and their respective interventions, explore the
biomechanical phenomena associated with bone, and discuss the utilisation of mouse models in

preclinical research.

1.1.2 Research aims and objectives

The aim of this project is to develop biomechanical in silico models to enhance the understanding of
how skeletal diseases, such as osteoporosis and MBD, affect the bone properties. This understanding
is critical for improving the ability to predict bone remodelling during treatments for these conditions.

To do this, four objectives have been set:

Objective 1 - To create a biomechanical micro-finite element (micro-FE) model of the mouse
tibia, including both cortical and trabecular bone to investigate the effect of the loading
direction on the bone’s mechanical properties, and use these micro-FE models to investigate
the relationship between the mouse tibia midshaft cortical thickness and the bone strength,

across a range of loading directions.

Objective 2 - To use these micro-FE models to investigate the effect of the loading direction on
the distribution of local mechanical properties such as the strain and strain energy density

within the mouse tibia.

Objective 3 - To combine a section of the micro-FE model with a cellular and molecular level

model to measure the sensitivity of biochemical stimuli on the bone remodelling.



Objective 4 - To create a biomechanical micro-FE model of the mouse femur bone tissue at
high resolution, including the osteocyte lacunae, to investigate the effect of myeloma bone

disease on the bone’s local mechanical properties.

The following sections of this chapter provide an overview of bone, covering its anatomy and
physiology across dimensional scales. This is followed by an outline of the relevant dynamical
processes bone undergoes, a characterisation of the skeletal diseases investigated in this thesis and
their corresponding treatments, the biomechanical processes of bone, and the use of mouse models

in preclinical research.

After this, there are four research chapters, each chapter corresponds to an objective, i.e. Chapter 3
covers Objective 1, Chapter 4 covers Objective 2, Chapter 5 covers Objective 3, and Chapter 6 covers
Objective 4. Each chapter is a stand-alone piece of work, in a publication-style format. Therefore, each
chapter contains an Introduction, Methods, Results, and Discussion section. The last chapter of this
thesis, Chapter 7, serves as a concluding chapter, covering the current limitations of the work
presented in this thesis, the contributions to the field of biomechanics and ending with closing

thoughts.

Following this, four research chapters are presented, each dedicated to a specific objective. Chapter 3
addresses Objective 1, Chapter 4 addresses Objective 2, Chapter 5 addresses Objective 3, and Chapter
6 addresses Objective 4. Each chapter constitutes a standalone piece of work, adopting a publication-

style format, including an Introduction, Materials and Methods, Results, and Discussion section.

The final chapter of this thesis, Chapter 7, serves as a concluding chapter. This chapter addresses the
current limitations of the work presented, highlights the contributions made to the field of

biomechanics, and concludes with final thoughts.

1.2 Bone anatomy & physiology

1.2.1 Introduction to bone

Bone is a remarkable tissue. It not only serves as the structural framework of the body, offering support,
protection, and mobility, but also plays a crucial role in metabolic regulation of the body. Bone provides
biomechanical functions, such as facilitating movement and bearing loads (Betts et al., 2013). For

instance, the femur, the longest bone in the human body, supports the body’s weight and enables



activities such as walking, running, and jumping. Additionally, bone contributes to metabolic regulation
by serving as a reservoir for minerals and fats, storing 99% of the body’s calcium reserves (Bilezikian
et al., 2008) and 85% of its phosphorus (Diem and Lentner, 1970), which are essential for biochemical
processes, such as nerve impulse transmission, muscle contraction and hormone secretion (Blanco

and Blanco, 2022).

Bone is a dynamic tissue, capable of responding to biomechanical and biochemical stimuli. It possesses
the ability to adapt and repair itself, enabling it to withstand mechanical stresses and heal from injuries.
This dynamic nature ensures the maintenance of bone over time. Additionally, bone is characterised
by a highly hierarchical organisation, ranging across length scales. The subsequent sections of this
introduction are structured to progressively explore the hierarchical scales of bone tissue, moving from

the whole body and organ level —to the tissue level — to the cellular and molecular level.

1.2.2 Body and organ level

1.2.2.1 Types of bone

Bone is typically classified into four groups: long, short, flat, and irregular (Betts et al., 2013). Each
bone is tailored to its specific function within the body. Long bones, such as those found in the arms
and legs, support the weight of the body, and facilitate movement. Short bones, such as those found
in within the wrist and ankle, provide strength, stability, and support with small movements. Flat bones,
such as the skull or sternum, have broad surfaces to provide protection. Lastly, irregular bones, such
as the vertebrae, defy categorisation due to their unique shapes. These bones have specialised

functions, for example the vertebrae protect and support the spinal cord.

1.2.2.2 Anatomical terminology

To promote an understanding of the position of these bones and their different components within
the body, it is worth explaining some of the standardised language that has been employed in order
to organise this knowledge. To describe one point in relation to another, for example, the adjectives
proximal and distal are used; the region of the tibia which is closest to the femur is the proximal portion
of the tibia, while the region of the tibia which is closest to the ankle is the distal portion of the tibia.
When describing a point in reference to the front or the back of an entity, the adjectives anterior and
posterior are used; the anterior being towards the front of the body and posterior being towards the
back (Figure 1.1). Finally, medial describes a point towards the midline while lateral describes a point

away from the midline (Figure 1.1).
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Figure 1.1: Anatomical terms: anterior, posterior, lateral, and midline.

1.2.2.3 Morphology of bone at the organ level

Bones exhibit various shapes and sizes, each serving different functions within the body. The four
different groups of bone are categorised by their morphology. Long bones are longer than they are
wide and consist of a long shaft, known as the diaphysis, as well as two heads situated at either end,
called the epiphyses (Figure 1.2). In adult bones, the epiphyseal line lies between the diaphysis and
the epiphysis (Figure 1.2) (Betts et al., 2013). The epiphyseal line is a remnant of the flat plate of hyaline
cartilage that is found in growing bones, known as the epiphyseal plate, which allows for the elongation

of a long bone (Betts et al., 2013).
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Figure 1.2: Anatomy of a long bone, illustrating the diaphysis, the epiphyses, cortical and trabecular

bone, epiphyseal line (growth plate), periosteum and endosteum.

The diaphysis of a long bone has an inner medullary cavity composed of yellow bone marrow (Betts et
al., 2013). The medullary cavity is lined by a thin vascular membrane of connective tissue, known as
the endosteum, and the outer layer of the bone is surrounded by a thin layer of connective tissue,
known as the periosteum (Figure 1.2) (Betts et al., 2013). The epiphyses are surrounded by articular

cartilage, made from hyaline cartilage, which reduces the friction at joint surfaces (Betts et al., 2013).
1.2.3 Tissue level

There are two basic macrostructures of bone: cortical and trabecular bone. While long bones are
composed of both cortical and trabecular bone, the diaphysis of a long bone is composed primarily of
cortical bone (Clarke, 2008). The epiphyses, however, are composed of trabecular bone that is

enclosed by a thin layer of cortical bone (Figure 1.2) (Clarke, 2008).



Cortical bone, also known as compact bone, is a dense connective tissue that makes up approximately
80% of bone mass (Eriksen, 1994). The porosity of the cortical bone is approximately 5-15%, depending
on the location of the tissue (Cowin and Telega, 2003). In humans, the tissue is made up of closely
packed osteons (which are also known as Haversian systems) embedded in interstitial bone (Betts et
al., 2013). At the centre of this system is a Haversian canal that contains blood vessels, nerve fibres,
and lymphatic vessels connected to the periosteal surface (Figures 1.3 & 1.4) (Betts et al., 2013).
Around this, each osteon is organised into thin layers of tissue called lamellae. Located between the
concentric lamellae of the osteon, are small gaps, called lacunae. These are occupied by osteocyte
bone cells (Figures 1.3 & 1.4) (Betts et al., 2013). Between the lacunae, there are small channels known
as canaliculi, that link together the lacunae with the Haversian canal, providing passage for nutrients
and waste through the system’s hard matrix (Betts et al., 2013). This network is known as the lacuna-
canaliculi network (LCN). Volkmann canals interconnect the Haversian canals and the periosteum
(Betts et al., 2013). Usually being oriented transversally to the length of the bone, they allow for blood

vessels to enter bone through the periosteum.

Osteon

Nerve fibre Blood vessel

Haversian canal

Osteocyte

Lamella

Cortical bone

Figure 1.3: Cortical bone structure, illustrating the osteon and its components (blood vessels (in red

and blue), nerve fibre (in yellow), Haversian canal, lamellae, and osteocytes).
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Figure 1.4: (A) Frontal midsection of proximal femur. (B) Trabecular bone. (C) Magnified segment of
trabecular bone. (D) Cortical bone. (E) Magnified segment of cortical bone. Adapted from Gray & Lewis
(1918).

Trabecular bone tissue, also known as cancellous or spongy bone, makes up approximately 20% of
bone mass (Eriksen, 1994). Its porosity varies from around 55-95% depending on the exact location of
the tissue (Cowin and Telega, 2003). The trabecular bone is composed of trabeculae, which are
assembled into a three-dimensional (3D) structure (Figures 1.4 & 1.5), the spaces between them are
filled with red or yellow marrow (Betts et al., 2013). Each trabecula is composed of circular lamellae
(Figure 1.5) (Betts et al., 2013). Similar to cortical bone, the lacune within the trabecular bone are

connected together via the LCN (Figure 1.6).
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Figure 1.5: Trabecular bone structure, illustrating the trabeculae and its components (the lacuna,

osteocytes, lamellae, and canaliculi). Adapted from Betts et al. (2013).



Figure 1.6: 3D X-ray phase nanotomography image showing the bone lacunar-canalicular network

(LCN). Adapted from Yu et al. (2021).

1.2.4 Cellular and molecular level

1.2.4.1 Bone Composition

While the adaptation of bone is undertaken at a cellular and molecular level, it is the composition of
bone that determines the material properties of the extracellular matrix. Bone is composed of an
organic matrix, carbonate-hydroxyapatite, and water (Currey, 2006). The matrix is widely regarded as
the scaffolding of the bone and is known to provide it with its stiffness and strength. However, in order
to understand these properties, it is worth looking at the microstructural level. Here it becomes
possible to observe that 90% of the organic matrix proteins are accounted for through type | collagen
(Currey, 2006), and that this is what allows the bone to undergo tensile stress (Viguet-Carrin et al.,
2006). The organic matrix is mineralised with carbonate-hydroxyapatite, an insoluble form of calcium

and phosphates, that gives the bone its resistance to compression (Le et al., 2018).

1.2.4.2 The bone cells

The bone cells include osteoblasts, osteoclasts, osteocytes, bone lining cells, and their pre-cursors
(Figure 1.7). The function of osteoclasts is to resorb bone. They are derived from monocytes and
macrophages, two types of white blood cells (Betts et al., 2013). Their activity is normally coupled with

osteoblasts, which form new bone tissue. Osteoblasts derive from mesenchymal progenitor stem cells



and can differentiate into either osteocytes or become lining cells (Betts et al., 2013). The exact
function of the bone lining cells is unknown. However, due to their position, it has been suggested that
they act as the gatekeepers of hormonally controlled bone resorption (Streicher et al., 2017).
Additionally, it has been suggested that quiescent bone lining cells along the cortical surface can
convert into active osteoblasts, allowing for them to contribute to bone formation along the surface
of the bone (Ominsky et al., 2015; Matic et al., 2016). After this formation, they can then covert back
into bone lining cells. This continuous reactivation of bone lining cells allows for them to be a major
source of active osteoblasts. Osteocytes function as key mechanosensors: they direct bone
remodelling by sensing the mechanical strain on the bone and recruiting the relevant bone cells (Chen
et al.,, 2015; Prideaux et al., 2016; Robling and Bonewald, 2020; Palumbo and Ferretti, 2021). This is
done through the osteocyte dendrites, which extend outwards from the osteocyte cell body through
the canaliculi, making up the LCN (Wang and Wein, 2022). Therefore, they have a significant role in the
ongoing process of bone remodelling. It is also debated that an additional function of the osteocytes
is to undertake perilacunar remodelling (PLR). This is local bone remodelling, modifying the osteocyte

lacunae (Yee et al., 2019; Evans et al., 2024).
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Figure 1.7: Bone histology images showing the osteoclast, osteoblast, and osteocyte bone cells.

Adapted from Ryan and Premanandan (2017).
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1.2.5 Bone (re)modelling

1.2.5.1 Bone modelling

Bone modelling facilitates bone growth and alterations in bone shape and size (Betts et al., 2013).
Modelling allows for resorption (undertaken by the osteoclasts) and formation (by the osteoblasts) to
occur uncoupled, on different surfaces, and at different rates. For example, during growth, the long
bone increases in diameter. This is done through osteoblasts depositing bone matrix on the periosteal
surface, expanding the bone diameter, while osteoclasts resorb bone on the endosteum surface,
expanding the marrow cavity. Modelling also enables changes in bone architecture in response to
alterations in mechanical loading. For example, the increased mechanical stress experienced by an
athlete's bones during intense physical training stimulates bone modelling, allowing the bone to adapt

to changes in mechanical demands.

1.2.5.2 Bone remodelling

The maintenance of bone is undertaken by bone multicellular units (BMU), which maintain equilibrium
within the bone remodelling process (Raggatt and Partridge, 2010). Bone modelling can be
distinguished from remodelling as the former defines skeletal development and growth, whilst the
latter is the lifelong process by which bone is continuously maintained, allowing for the adaptation of
bone to external biomechanical and biochemical stimuli (Raggatt and Partridge, 2010). It is the
remodelling process of bone that allows it to act as a responsive living tissue, changing in accordance
with biomechanical and biochemical stimuli (Hadjidakis and Androulakis, 2006). This process is
currently classified into five stages: quiescence, activation, resorption, formation, and mineralisation
(Figure 1.8) (Kini and Nandeesh, 2012; Owen and Reilly, 2018). Quiescent bone describes the state of
inactivity when zero net remodelling occurs. The activation stage is triggered by an event, for example,
a microfracture or an imbalance in molecular concentrations within the bone. During this stage,
osteoclast precursors are activated, which allow osteoclasts to be recruited to the site of remodelling.
Resorption begins once the osteoclasts bind to the bone surface and secrete acid. When the
osteoclasts have finished resorbing the bone, they undergo apoptosis (programmed cell death).
Formation occurs when the mature osteoblasts occupy the resorbed cavity and secrete osteoid, an
unmineralised organic tissue, primarily composed of collagen fibres (Betts et al., 2013). This is then
mineralised over time by the osteoblasts. Some of the osteoblasts differentiate into lining cells, some
become trapped in the matrix and differentiate (undergo osteocytogenesis) into osteocytes, while the
rest undergo apoptosis (Raggatt and Partridge, 2010; Kini and Nandeesh, 2012; Owen and Reilly, 2018).

In healthy bone, the resorption and formation stages are paired, and this pairing is orchestrated by the
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BMU (Andersen et al., 2009). The BMU consists of coupled osteoclasts and osteoblasts, which work in

unison to maintain a healthy balance of resorption and formation respectively, thus restoring the

healthy bone (Hadjidakis and Androulakis, 2006).
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Figure 1.8: The bone remodelling process, illustrating the five stages of remodelling: quiescent,

activation, resorption, formation, mineralisation.

1.2.5.3 Bone remodelling pathways

Numerous molecules exist that enable the bone cells to orchestrate bone adaptation (Raggatt and

Partridge, 2010). Among these, the macrophage colony-stimulating factor (M-CSF) molecules and the

receptor activator of nuclear factor kappa-B (RANK)/ the receptor activator of nuclear factor kappa-B

ligand (RANKL) signalling pathway regulates osteoclast formation. RANKL, secreted by osteoblasts,

binds to RANK receptors on osteoclast precursors (Figure 1.9), facilitating the formation of mature

osteoclasts (Lacey et al., 1998). Additionally, osteoprotegerin (OPG), formed in the bone marrow, binds

to RANKL, preventing its interaction with RANK, and hence regulating bone resorption (Hofbauer et al.,

2000).
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Figure 1.9: Overview of the bone remodelling signalling pathways and molecules, illustrating the
signalling pathways: RANK/RANKL/OPG and Wnt/B-catenin/Scl, and the molecules: PTH, M-CSF, TGF-
6 and NO.

The wingless-related integration site (Wnt)/B-catenin signalling pathway (Figure 1.9) is another crucial
regulator of bone adaptation. Activation of this pathway promotes osteogenic differentiation,
proliferation, and activity of mesenchymal stem cells, leading to increased bone formation (Baron and
Rawadi, 2007; Bonewald, 2011). However, this pathway can be inhibited by sclerostin (Scl), which is
secreted by osteocytes. Scl binds to the cell surface of osteoblasts, inhibiting Wnt/B-catenin signalling
and decreasing the activation of osteoblasts (Li et al., 2005; Baron and Rawadi, 2007). Nitric oxide (NO),
released by osteocytes during mechanical loading (Vatsa et al.,, 2007; Bakker et al., 2009), can
upregulate the Wnt/ B-catenin signalling (Du et al., 2013), leading to an increase in osteoblast

differentiation (Jin et al., 2021).

Moreover, the transforming growth factor type beta (TGF-B) regulates osteoblasts and osteoclasts
(Figure 1.9), by binding to its receptors on the cells (Wu et al., 2016). TGF-B upregulates the

differentiation of osteoblast precursor cells from mesenchymal cells and upregulates the apoptosis of
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osteoclasts (Wu et al., 2016). TGF-B also regulates Wnt activity, downregulating the differentiation of

osteoblast precursors into mature osteoblasts (Wu et al., 2024).

Parathyroid hormone (PTH), produced by the parathyroid glands, regulates calcium metabolism (Fraser
et al., 2004; Silva and Bilezikian, 2015; Martin, 2016). This is largely done through its effect on bone
adaptation. PTH enhances osteoblast differentiation and activity (Figure 1.9), directly impacting bone
formation (Zhao et al., 1999). Additionally, PTH augments the production and secretion of RANKL by
osteoblasts, leading to increased osteoclast differentiation and activity, indirectly influencing bone

resorption (Zhao et al., 1999).

Beyond this extensive network of molecules, there exist other molecules and proteins, such as vitamin
D, oestrogen, and low-density lipoprotein-related receptors 5 and 6 (LRP5/6) that interact with the
bone adaptation process (Crockett et al., 2011; Kenkre and Bassett, 2018; Robling and Bonewald, 2020;
Ren et al., 2021).

1.3 Skeletal diseases and interventions

1.3.1 Osteoporosis

Osteoporosis is a skeletal disease that causes a reduction in bone mineral density (BMD) and mass, a
consequent reduction of bone strength and an increased risk of fracture (Rachner et al., 2011).
According to the World Health Organisation (WHO) criteria, a patient is considered osteoporotic if their
BMD is at least 2.5 standard deviations below the average value of young healthy women (WHO, 1992).
Postmenopausal osteoporosis is the most common form of the condition, making it pertinent to define

osteoporosis based on criteria specific to women (Tournis and Makris, 2018).

In osteoporotic patients, an imbalance is produced in the remodelling process, resulting in the
uncoupling of the osteoclasts and osteoblasts, leading to a decrease in trabecular bone and a decrease
in BMD as bone resorption exceeds bone formation (Figure 1.10). Treatments for osteoporosis include
antiresorptive and bone anabolic treatments. Antiresorptive treatments, such as bisphosphonates
(e.g., Alendronate and Risedronate) and Denosumab, function by targeting the osteoclasts and
suppressing their activity, but do not promote bone formation (Gasser, 2006; Grey, 2007). Denosumab
binds to RANKL, preventing it from binding with RANK receptors on the osteoclast precursors, and

thereby preventing the formation of mature osteoclasts, hence reducing bone resorption (Dore, 2011).
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Figure 1.10: Healthy (top) and osteoporotic (bottom) vertebral bodies. The decrease in trabecular bone

can be seen in the osteoporotic case Ferguson and Steffen (2003).

On the other hand, bone anabolic treatments, such as Teriparatide and Romosozumab, stimulate both
osteoclasts and osteoblasts, with an imbalance towards the latter (Rubin and Bilezikian, 2005; Gasser,
2006; Grey, 2007; Rachner et al., 2011), elevating bone formation (Rubin and Bilezikian, 2005; Gasser,
2006; Grey, 2007). Teriparatide (also known as PTH(1-34), or more commonly PTH) is administered via
injection (Tay et al., 2018). Its response depends on the treatment regime used. If it is administered
continuously (via a pump), then the treatment can have catabolic effects (i.e., bone resorption occurs),
however, it can have an anabolic effect (i.e., bone formation occurs) if intermittently administered
(Frolik et al., 2003; Potter et al., 2005; Trichilo et al., 2019; Lavaill et al., 2020). This is due to the time
that it takes for the PTH to enhance osteoblast differentiation and activity compared to the time it
takes for the osteoblast to increase its production and secretion of RANKL, which increases osteoclast
differentiation and activity (Young et al., 2005; Mekhemar et al., 2024). The latter requires more time,
and hence intermittent administration of PTH may stimulate the osteoblast anabolic activity, while not

triggering the osteoclast catabolic effects (Osagie-Clouard et al., 2017).

Long-term use of bisphosphonates has been associated with atypical stress fractures, reported as >100
in every 100,000 users (Shane et al., 2014). Romosozumab, a relatively new anti-sclerostin treatment,
works by impeding an inhibitor of Wnt signalling and thus enhances the Wnt pathway allowing for an

elevation in osteoblast activity, and increasing bone formation (Li et al., 2005; Baron and Rawadi, 2007;
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Fabre et al., 2020). The long-term use of PTH also presents an issue as it has been associated with an
increase in bone loss (Rubin and Bilezikian, 2005). In light of the drawbacks and limitations of the
current osteoporosis treatments, there is a critical need for the development of new and improved

treatments.

1.3.2 Multiple myeloma & myeloma bone disease

Multiple myeloma (MM) is a type of bone marrow cancer, which comes with life-altering complications
such as MBD. MBD affects between 80-90% of patients during their cancer journey (Coleman, 1997;
Kyle et al., 2003). This is caused by the uncoupling of osteoblasts and osteoclasts, resulting in a loss of
trabecular bone, a decrease in BMD, and the formation of Iytic lesions (Figure 1.11). All of which
increase the patient’s risk of fracture. Patients who experience fracture have an increased mortality
rate of 20% compared to those without fracture (Saad et al., 2009). Current therapies for MBD,
including bisphosphonates and denosumab, commonly used for osteoporosis, target osteoclasts, often
leaving patients who reach remission from their cancer with chronic pain, decreased mobility, and

reduced quality of life due to the bone loss, highlighting the need for new and improved treatments.
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Figure 1.11: Left: CT images of the spine showing a healthy and disease (multiple myeloma) case
(Healthy — Gaillard (2016), Diseased — Yap et al. (2010)). Middle: Lateral radiograph of the skull,
showing the lytic lesions as a result of multiple myeloma (Healy et al., 2011). Right: Anterior-posterior
radiograph of the right humerus, showing lytic lesions and a fracture due to multiple myeloma (Healy
et al.,, 2011). The yellow arrows highlight the loss of trabecular bone, the red arrows highlight the lytic

lesions, and the green arrow highlights the fracture.

1.4 Bone biomechanics

When tackling skeletal diseases, such as osteoporosis and myeloma bone disease, reducing the risk of
fracture for patients is crucial. The propensity for fractures is proportionally related to the bone
strength, emphasising the importance of studying this property. To do this, an understanding of the

bone’s material properties and the current bone adaptation theories are required.

1.4.1 Material properties

Bone is a very complex material to characterise at every dimensional level. It is heterogeneous — that
is, its material properties are not uniform across the bone, but instead depend upon the location within
the bone (Rho et al., 1998). It is anisotropic too, which means that the properties of the bone are
contingent on loading direction (Rho et al., 1998). Bone is viscoelastic and exhibits different mechanical
behaviour depending on the loading rate (Rho et al., 1998). It is also hierarchical, displaying a number

of properties depending on the dimensional level (Rho et al., 1998). Moreover, bone is a dynamic tissue
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and must instead be evaluated and understood as a developing material that changes over time. Its
material properties are dependent not only on spatial qualities, but on temporally variable aspects too,

on the age of the bone and whether there is any bone disease present (Morgan et al., 2018).

1.4.2 Bone remodelling theories

Bone (re)modelling enables the material properties and the shape of the bone to change; an
adaptation that can result from biomechanical and/or biochemical stimuli (Section 1.2.5.3) (Hadjidakis
and Androulakis, 2006). For example, the trabeculae form in the direction of stress and can realign if
the direction of stress changes. The aspect of this phenomenon that relates to the strain within the
bone is characterised by Wolff’s law, which states that bone adaptation is triggered by mechanical
stimuli (Wolff, 1892). A mechanical stimulus could be, for example, exercises such as walking, running,
or jumping. One theory of remodelling suggests that the mechanical stimulus causes a deformation in
the bone matrix, which activates the osteocytes to trigger the remodelling process (Scheiner et al.,
2013). Similarly, another theory of remodelling suggests that when loading the bone, the pressure in
the fluid within the canaliculiincreases. This change in fluid pressure is felt by the osteocytes’ dendrites
(Figure 1.8), and the remodelling process is triggered (Scheiner et al., 2013). For both theories, there
exists a link between the deformation of the matrix and the activation of the osteocytes to start the

remodelling process.

1.4.3 Frost’s mechanostat theory

The bone remodelling process can be expanded upon through Frost’s ‘mechanostat’ theory for bone
adaptation, which takes Wolff’s law further by stating that mechanical stimulus causes bone
adaptation (Frost, 2003). What is vital about mechanostat theory, for our purposes, is that it suggests
that below a certain strain threshold, bone is resorbed and above another threshold, bone is formed
(Figure 1.12). It becomes possible to assert that, when an exercise is conducted which exposes bone
to a greater typical peak mechanical strain, the osteocytes sense the mechanical stimuli and formation
occurs. That is to say that, as strain contributes to bone formation, it becomes possible to utilise
mechanical strain in order to strengthen the bone itself (Skerry et al., 1989; Gluhak-Heinrich et al.,

2003).
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Figure 1.12: A strain-bone adaptation graph representing Frost’s ‘mechanostat’ theory.

1.5 Mouse models
1.5.1 Similarities and differences between mouse and human bone

To effectively utilise mouse models for investigating human skeletal diseases and their treatments, it
is crucial to understand the similarities and differences between murine and human bone. Both exhibit
loss of trabecular bone, thinning of cortical bone, and increased cortical porosity with age (Jilka, 2013).
However, the growth plate in humans mineralises after puberty, preventing any further longitudinal
growth (Reinwald and Burr, 2008), whilst the mouse skeleton continues longitudinal growth after
puberty, albeit at a slower rate than before puberty (Roach et al., 2003; Allen, 2017). In terms of
microstructure, human cortical bone has a complex organisation, made up of Haversian systems, which
are absent in mouse cortical bone (Parfitt, 1994). This means that humans can undergo intra-cortical
remodelling (remodelling within the cortical bone matrix), whilst mouse cortical bone undergo
remodelling on the periosteum and endosteum surfaces. Yet, both humans and mice undergo similar

remodelling of the trabecular bone.
1.5.2 Mouse models for osteoporosis

Due to osteoporosis not occurring naturally in mice (Laib et al., 2001), the ovariectomised mouse
model can be applied for investigations into osteoporosis and related interventions (Waarsing et al.,
2004; Boyd et al., 2006; Roberts et al., 2020). This is because ovariectomy leads to an oestrogen

deficiency, which results in accelerated bone resorption, a phenotype observed in postmenopausal
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osteoporosis (Figure 1.13) (Roberts et al., 2019). The mouse tibia is often used in investigations into
osteoporosis and its related treatments (as seen in the following chapter), as it is a weight-bearing

bone, making it a relevant model for studying osteoporosis in humans.

Figure 1.13: Examples of cross-sections of trabecular bone in the C57BL/6 mouse proximal tibia. Left:
Control (healthy) case. Right: Ovariectomy case (ovariectomy leads to hormonal imbalance that
replicates an accelerated bone resorption phenotype similar to postmenopausal osteoporosis (Section

4)). Adapted from Roberts et al. (2019).

1.5.3 Mouse models for multiple myeloma

Different types of mouse models exist for investigations into MM (Rossi et al., 2018). One example is
the moderately aggressive MM model which takes human myeloma cell lines and injects them
intravenously into mice (Paton-Hough et al., 2019). This is known as a xenograft model. Around 10
weeks post-inoculation, the mice can develop MBD (Figure 1.14). Similar to humans, this results in a

loss of trabecular bone, a decrease in BMD, and the formation of lytic lesions (Evans et al., 2024).

For both diseases, to gain a deeper understanding of the mechanical properties of the bone, different

imaging and computational modelling tools have been developed.
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Figure 1.14: Examples of cross-sections of cortical bone in the NOD scid gamma mouse distal femur.
Left: Control (healthy) case. Right: Myeloma bone disease model case (injection of U266-GFP-luc cells
from a human myeloma patient leads to myeloma bone disease model). Images courtesy of Evans et

al. (2024).
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Chapter 2: Literature review

2.1 Introduction

Skeletal diseases, such as osteoporosis and myeloma bone disease (MBD), significantly impact bone
properties, and hence patient’s quality of life. In silico models offer a valuable tool to investigate bone
adaptation under disease conditions. This chapter reviews existing computational approaches used to
study bone. It will explore methods for acquiring data on bone properties, including high-resolution
imaging techniques used to capture bone geometry and microstructure. Subsequently, it will delve
into the different types of biomechanical models, examining their applications and limitations. This will
be followed by a review of available biochemical models and combined biomechanical and biochemical
models, focusing on their strengths and weaknesses. By the end of the chapter, the existing literature
gaps related to the limitations of the in silico models for skeletal diseases will be identified, and any
new understanding of the diseases and/or related treatments which could result by resolving these
gaps is highlighted. This will provide the context for and justify the specific aims and objectives of this

project, highlighting the need for further development and application of these valuable tools.

2.2 Bone imaging

2.2.1 Micro-Computed Tomography

Micro-computed tomography (micro-CT) is a high-resolution 3D imaging technique used to study the
inner microstructure of samples and is considered the gold standard for assessing the bone
morphology in rodents (Bouxsein et al., 2010). Micro-CT works by emitting X-rays that are transmitted
through the sample and acquired onto a detector in a (two-dimensional) 2D image called a “projection”
(Figure 2.1). Either the sample, or the X-ray source and detector, is rotated, which allows for a

multitude of projections to be captured, which are then reconstructed into a 3D image.

31



Sample

X-rays
e
e Detector
\\_X—ray source if /_

Figure 2.1: A schematic of a micro-computer tomography scanner, illustrating the X-ray source, the X-

rays, the sample and its turntable, and the detector.

A great deal of information can be gleaned from a micro-CT image (Figure 2.2). A grey level is
associated to each voxel (3D pixel) that, if the micro-CT scanner has been calibrated properly, reveals
the local tissue mineral density (TMD) of the sample. Morphometric parameters can also be obtained
in order to describe the microarchitecture of the bone tissue, for example the cortical thickness (Ct.Th)
which describes the average thickness of the cortical bone defined as the distance from the endosteum

to the periosteum (Bouxsein et al., 2010).

Figure 2.2: Examples of micro-CT cross-sections of trabecular (left) and cortical (right) bone from the

BALB/c mice proximal tibiae. Adapted from Oliviero et al. (2019).

While micro-CT scanning allows for in vivo or ex vivo analysis of mouse bones, ex vivo scans offer
significantly higher spatial resolution. In vivo scans require balancing scanning time with image quality

due to ionizing radiation exposure (Oliviero et al., 2017). It has been found that micro-CT scans of the
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whole mouse tibia can be achieved at 10 um voxel size with minimal effects on the bone adaptation
(Oliviero et al., 2019). Regardless of the scanning method, reliable measurements require a spatial
resolution roughly four times larger than the smallest feature of interest (Christiansen, 2016). For
instance, when imaging trabeculae (40-70 um) in the mouse tibia in vivo, a 10 um resolution is

sufficient.

2.2.2 Synchrotron radiation computed tomography

Synchrotron radiation computed tomography (SR-micro-CT) is an advanced imaging technique that
utilises synchrotron light to achieve high resolution images, with a low scanning time compared to
traditional micro-CT (Paul Scherrer Institut, 2019). Synchrotron light is a highly intense and focused
beam generated through the acceleration of electrons to near-light speed within an electron
accelerator. It is produced via the emission of electromagnetic radiation from electrons travelling in
circular orbits under the influence of magnetic fields. As the electrons circulate, the synchrotron light
is concentrated into discrete wavelengths (Paul Scherrer Institut, 2019). The synchrotron light is
tangentially directed away from the course through beamlines towards the sample. These beamlines
allow for the utilisation of different wavelengths. The synchrotron light passes through the sample,
and the interaction between the light and the sample results in attenuation and scattering. Detectors
positioned opposite the sample capture the transmitted synchrotron light, recording its intensity and
spatial distribution. As in micro-CT, the sample is rotated, which allows for a multitude of projections

to be captured, which are then reconstructed into a 3D image.

Two main types of X-ray beams are commonly used for synchrotron imaging: pink beam and
monochromatic beam. Synchrotron imaging with a monochromatic beam tends to be slower
compared to using a pink beam, however, some information such as the TMD can only be obtained
from the grey level when using a monochromatic beam (Meganck et al., 2009). Unlike traditional
micro-CT, synchrotron imaging is usually performed ex vivo. This is due to the high levels of radiation
exposure: the synchrotron X-rays are highly intense and will cause harm to living tissues. On the
contrary, the image resolution can be much higher than traditional micro-CT (Figure 2.3), allowing for
additional morphometric parameters to describe the microarchitecture of the osteocyte lacunae
within the bone tissue (Hemmatian et al., 2021; Evans et al., 2024). These parameters include the
osteocyte lacunae density (Ocy.L/BV), which define the number of osteocyte lacunae with a volume of
bone tissue, and the osteocyte lacunae volume (Ocy.L V), which defines the average or individual

volume of the osteocyte lacunae within the bone tissue.
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Figure 2.3: Examples of the cortical bone in the distal mouse femur, comparing a micro-CT image with
a resolution of 4.3um (middle) and a synchrotron image with a resolution of 0.65um (right). Image

courtesy of Evans et al. (2024).

2.2.3 3D geometrical reconstructions from high-resolution images

Micro-CT and SR-micro-CT imaging, as discussed previously, generates a series of 2D slices of the region
of interest (e.g., the whole bone or a section of the bone). These individual slices, however, only
provide a limited view of the internal structure. To create a comprehensive understanding of the 3D
organisation within the sample, these 2D slices need to be computationally processed and combined.
This process, known as 3D reconstruction, allows for the generation of a digital representation of the
entire 3D object. In the context of bone analysis, this object would be the whole bone structure or the

bone structure of a region of interest.

Several reconstruction algorithms are employed by micro-CT and SR-micro-CT analysis software to
achieve this 3D representation. Common examples include filtered back projection (Bouxsein et al.,

2010) and the Feldkamp algorithm (Feldkamp et al., 1989).

Generating 3D reconstructions from 2D images enables visualisation of the bone sample’s structure,
offering a comprehensive view of the complex trabecular network and cortical shell compared to
analysing individual 2D slices, thus providing a deeper understanding of bone morphology.
Furthermore, quantitative analysis on the bone structure can be done. For example, the trabecular

thickness or porosity can be quantified, or the overall bone volume (Bouxsein et al., 2010).
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2.3 Biomechanical computational models

2.3.1 Models for the prediction of bone mechanical properties

2.3.1.1 Finite element models

Finite element (FE) analysis is a computational modelling method extensively utilised in engineering,
notably in the design processes of structures such as bridges and aeroplane wings, providing their
structural mechanical properties. Generating a FE model typically requires three key inputs: the
object's geometry, material properties, and loading conditions. These inputs define the specific
scenario the model will simulate. The FE model simulations then solve for the resulting displacements,
deformations, and stress and strain distributions throughout the structure, and ultimately, its overall

stiffness and strength.

2.3.1.1.1 Clinical applications of FE models

This methodology has evolved into other applications, such as bone research. For instance, the CT2FE
pipeline (Figure 2.4) (Qasim et al., 2016) proves useful when estimating femoral fracture risks among
osteoporosis patients. CT-based FE models have been used to predict bone properties, estimate
fracture risk, and evaluate the effect of treatments at a certain time point in humans (Bessho et al.,
2007; Keaveny et al., 2007; Zysset et al., 2013; Qasim et al., 2016; Kawabata et al., 2017). These models
have been validated against experimental or clinical data, to improve the credibility of their outcomes
(Zysset et al., 2013; Qasim et al., 2016) and have been shown to be better predictors of bone strength
compared to standard clinical tools, such as CT- or Dual-energy X-ray absorptiometry-based

measurements (Cody et al., 1999).

CT scans Segmentation Meshing Material properties
Figure 2.4: An example of the CT2FE pipeline, showing the CT image, manual segmentation of the
image, meshing to generate the FE model, and the application of the heterogeneous material

properties. Image courtesy of Dr Xinshan Li.
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2.3.1.1.2 Micro-FE models of mouse bone

High-resolution biomedical imaging has allowed for the generation of micro-FE models. In contrast to
traditional CT-based FE models used for clinical applications, high-resolution micro-CT images can be
used to create highly detailed models which also consider the microstructure of the modelled
specimen. The high-resolution of the images allows for the bone tissue to be separated from the
background through a process called segmentation, typically done by using a global threshold. This
threshold is a specific value chosen between the two peaks observed in the TMD frequency plot of the
micro-CT image. These peaks represent the high-density bone tissue and the low-density background.

Each bone voxel can then be converted into a finite element.

Micro-FE models developed in this manner incorporate intricate features such as the trabecular
network and cortical porosities, providing a more comprehensive representation of the bone's
microstructure. This detailed information allows micro-FE simulations to output localised predictions
of bone’s mechanical properties, such as the local stiffness. The following sub-sections show various
approaches which have been used to analyse whole animal bones. They capture the intricate

microstructure, which plays a crucial role in understanding the bone’s local mechanical behaviour.

2.3.1.1.2.1 Micro-FE models of in vivo micro-CT images

The UCT2uFE pipeline (Oliviero et al., 2022) offers a valuable tool for preclinical studies in bone
mechanics. It leverages in vivo micro-CT scans (Figure 2.5), similar to the established CT2FE pipeline
which uses CT images. This approach allows for the non-invasive, longitudinal assessment of the same

mouse tibia over multiple time points, enabling the tracking of changes in bone structure over time.

Mouse Tibia Micro-CT Scan Micro-FE Model

- -+

Figure 2.5: A schematic illustrating the pipeline from tibia to micro-FE model. From left to right: mouse
tibia, micro-CT scan of entire tibia, micro-FE model of 80% length of tibia. Adapted from Oliviero et al.
(2021b).



Here, linear finite element models were used. These models used the principles of scaling and
superposition of the effects to output variables which can be calculated through combinations of
existing model outputs instead of re-running multiple simulations, saving both time and computational
resources (Oliviero et al., 2021b). Scaling techniques enable the adjustment of loading parameters,
such as magnitude or direction, to simulate the effects of varying loading conditions. By systematically
scaling the applied loads, multiple loading scenarios can be investigated without the need for

exhaustive computational simulations.

The pipeline's utility has been demonstrated in evaluating novel treatments for osteoporosis. Roberts
et al. (2023) used the uCT2uFE pipeline to assess the effectiveness of combined PTH and mechanical
loading. Their study found that micro-FE models of the tibia from mice receiving combined therapy
exhibited higher stiffness and strength compared to those receiving either PTH or mechanical loading

alone (Roberts et al., 2023).

However, limitations exist. When applying mechanical loading, experimentally, there is the inherent
assumption of axial loading. However, considering the transmission of the applied load through the
knee and ankle joints, compounded by the potential for the leg to be repositioned within the loading
device during longitudinal studies, uncertainty arises over the true loading direction and the effect
that this may have on bone adaptation. Future refinements of the pipeline could be conducted through

a sensitivity analysis of the loading direction on the effect of the bone’s mechanical properties.

Additionally, while PTH may improve some mechanical properties, studies have shown it can also
increase cortical bone porosity (Meakin et al., 2017). Increased porosity is generally associated with
decreased bone strength (Schneider et al., 2013; Carriero et al.,, 2014b). Capturing these subtle

structural changes requires higher resolution micro-CT scans with a smaller voxel size.

2.3.1.1.2.2 Micro-FE models of SR-micro-CT images

SR-micro-CT, offering superior resolution compared to conventional micro-CT, allows for the creation

of micro-FE models that capture intricate bone microstructures, such as osteocyte lacunae.

To date, only one study exists which shows the use of SR-micro-CT based micro-FE models to study the
effect of the osteocyte lacunae on the strains within the bone matrix (Hemmatian et al., 2021). The
study focused on age-related changes in these strains, revealing how lacunae morphology might affect
bone mechanical properties across different age groups. This was done by using micro-FE models
based on images of the mid-section of the fibula, with a resolution of 0.7um (Figure 2.6). The micro-

FE models of the 0.35mm section of the fibula included the cortical bone matrix, the pericellular matrix
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(the bone matrix immediately around the lacunae) and the osteocyte lacunae. Each were assigned
their own material properties (16 GPa, 40 kPa, and 4.47 kPa, respectively and all a Poisson ratio of 0.3).
This inclusion of the osteocyte lacunae in the micro-FE models, led to a more comprehensive
understanding of the local bone mechanical properties. However, the images were acquired ex vivo,
limiting the investigation to a single time point. Additionally, validating such high-resolution micro-FE

models with experimental data remains an ongoing challenge.

00

Figure 2.6: Left: A representation of the micro-FE model of a midfibula diaphysis with the applied
loading and boundary conditions. Right: The effective strain distribution (EFF mag.) over the micro-FE

model. Adapted from Hemmatian et al. (2021).

It's important to note that studies using this approach are currently limited. While Hemmatian et al.
(2021) focused on age-related changes, further research is needed to explore the use of micro-FE

models from SR-micro-CT across different bone regions, interventions, and disease states.

2.3.1.1.2.3 Validation of micro-FE models based on in vivo micro-CT images of the mouse tibia

2.3.1.1.2.3.1 Validation techniques

The ability to create micro-FE models from in vivo micro-CT scans offers a significant advantage for
preclinical studies in bone mechanics. However, the model outputs need to be validated with

experimental measurements.

Various techniques can be used to obtain these experimental measurements. For example, strain
gauge measurements (Figure 2.7) have previously been used to validate micro-FE models of the mouse
tibia (Stadelmann et al., 2009; Patel et al., 2014; Yang et al., 2014). These studies showed varying
success, with errors ranging from 8-48%. The application of the strain gauge on small bones, such as

those found in the mouse, may cause a local stiffening of the bone (Begonia et al., 2017). Furthermore,

38



strain gauge measurements can only be acquired in a limited number of spatial locations over the bone.
Digital image correlation (DIC) improves upon this limitation by allowing for the evaluation of the
displacement and strain distributions across the surface of the bone (Figure 2.8) (Pereira et al., 2015;
Begonia et al., 2017). The results vary across studies and bones: Begonia et al. (2017) reported errors

ranging from 3-14% in the mouse ulna but higher errors (31-38%) in the mouse radius, highlighting

potential limitations of the technique for certain bone geometries and size.

attached, placed in the loading device (Stadelmann et al., 2009).
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Figure 2.8: An example of a comparison between the contour plots of the longitudinal strains (€,,)
calculated using digital image correlation (DIC) and micro-FE modelling. Adapted from Pereira et al.

(2015).

39



Digital volume correlation (DVC) is another technique which has been used to validate micro-FE models
of the mouse tibia (Oliviero et al., 2018). DVC can be used to compare the deformation of the model
with ex vivo experimental measurements taken from across the whole specimen, allowing for the
calculation of both the internal and the external strains (Figure 2.9). Oliviero et al. (2018) showed that
hexahedral homogenous micro-FE models can predict well the local displacements across the tibia (R? >
0.82), the apparent stiffness (errors of 14 + 11%) and the strength (errors of 9 + 9%). Although DVC
offers a comprehensive validation approach (due to its ability to calculate the 3D deformation and
strain maps throughout the bone structure), careful consideration of factors throughout the pipeline

—from image acquisition to failure criteria — is essential for ensuring model accuracy.

DVvC Displacements

Mouse MicroCT
tibia images

MicroFE Displacements

OPreload —_
B oaded

Figure 2.9: Example of the pipeline used to validate micro-FE models using digital volume correlation
(DVC). Left to right: The sample (mouse tibia) was placed within a loading jig and micro-CT scanned in
an unloaded configuration. The tibia was then loaded and scanned again. The DVC was applied: the
loaded scan was registered to the unloaded scan to calculate the displacement field. The micro-FE
model was generated from the unloaded scan. The displacements outputted by the DVC and the micro-

FE model were compared. Adapted from Oliviero et al. (2018).

2.3.1.1.2.3.2 Factors affecting model accuracy

Several factors may influence the accuracy of these micro-FE models. Each part of the pipeline to

generate such models needs to be examined. Beginning with the process by which the micro-CT images
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are acquired: a compromise between image quality and radiation dose is required. Factors which
increase image quality, such as a decrease in voxel size, and an increase in the number of projections
(number of images taken across the different angles), frame averaging (the number of times each
projection is repeated) and integration time (the time spent on each projection), are related with an
increase in radiation dose. Furthermore, a higher number of scans over time increases the radiation

affects, though they provide temporal information about the bone properties.

Radiation dose has a significant effect on trabecular and cortical morphometric parameters in the
mouse tibia (Klinck et al., 2008; Laperre et al., 2011; Oliviero et al., 2019). Significant reductions in
trabecular bone volume fraction (Th.BV/TV, 8-20%) and trabecular number (Tb.N, 9-16%) have been
found with a scanning protocol associated with a 846 mGy radiation dose (200 ms integration time,
five weekly scans) (Klinck et al., 2008). Similarly, significant reductions in Th.BV/TV (-30%) and Th.N (-
35%) have been found with a scanning protocol associated with a 776 mGy radiation dose (3300 ms
exposure time, three scans every two weeks) (Laperre et al., 2011). Additionally, significant reductions
in Th.BV/TV (20-38%) and increases in trabecular spacing (Tb.Sp, 29-39%) have been found with a
scanning protocol associated with 600 ms integration time, four scans every five days (no radiation
dose was recorded) (Willie et al., 2013). One method to decrease the radiation dose, is to decrease
the integration time. This was investigated by Oliviero et al. (2017), who found that by varying the
integration time from 200 ms to 50 ms, the radiation dose decreased from 513 mGy to 128 mGy. This
had the largest effect on trabecular morphometric parameters (7-28%), whilst lower effects were
found for cortical parameters (1-3%). This information on the effect of integration time allowed for
the development of an appropriate scanning protocol for repeated in vivo micro-CT scans (256 mGy;,
100 ms integration time, 5 scans every two weeks), which found a reduction in Tb.BV/TV (-14.9%) and
Tb.N (-14.2%) and an increase in Tb.Th (+3.3%) and Th.Sp (+11.6%), allowing for the micro-CT scans to

be done on the mouse tibia in vivo, without affecting the bone remodelling (Oliviero et al., 2019).

Next, the image processing steps within the pipeline require operator-dependant methods, such as
image alignment, selection of region of interest, selection of the threshold value used for segmentation,
and hence the reproducibility of these measurements should be assessed. Lu et al. (Lu et al., 2016)
evaluated the reproducibility of the bone mineral content (BMC) in growing C57BL/6 mouse tibia of
eight mice, each scanned four times. They showed that by dividing the tibia into 40 partitions (10
divisions along the longitudinal axis and 4 cross-sections), the BMC could be calculated with precision
errors lower than 3.5% for all partitions. Additionally, Oliviero et al. (2022) evaluated the intra- and
inter-operator reproducibility of several bone parameters (morphometric, densitometric and

mechanical properties). The lowest reproducibility was found for stiffness estimated with micro-FE
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models (precision error = 3.71% intra-operator, 4.09% inter-operator), which was five times lower than
the measured effect of the interventions applied to the mice, and therefore, it was deemed that the
method could measure the variations between interventions adequately. Furthermore, Razi et al.
(2014) evaluated the effect of the longitudinal alignment in FE models of C57BL/6 mouse tibiae. They
varied the orientation of the inferior-superior axis of the tibia between a range of 0-20° and loaded
the model in compression. The local strains varied up to 40% due to the tibial misalignments,

demonstrating the importance of maintaining tibial alignment.

For the modelling parameters, an investigation into the appropriate element shape (hexahedral or
tetrahedral) and material properties (homogenous or heterogenous) concluded that using micro-FE
models with hexahedral homogenous material properties showed best correlations between
experimental and predicted mechanical properties, with lowest errors (apparent stiffness: R? = 0.65,
error: 14 + 8%; apparent strength: R? = 0.48, error: 9 + 6%; normalised stiffness: R? = 0.80, error: 14 +
8%; normalised strength: R? = 0.81, error: 9 + 6%; NB: normalised by total bone mass) (Oliviero et al.,
2021b). The estimation of the bone strength, used the failure criterion defined for the mouse tibia,
proposed by Oliviero et al. (2021a) (based on a previous approach, by Pistoia et al. (2002), for the
human distal radius). This was defined by evaluating multiple failure criteria and selecting the
optimised parameters by minimising the errors with respect to experimental measurements. Razi et
al. (2014) conducted sensitivity analyses on the effect of the boundary conditions and mesh
refinement on the strains predicted by micro-FE models of the mouse tibia. The boundary conditions
were found to have the largest effect on the local strains, increasing the longitudinal strains by up to
150% compared to strain gauge measurements. This highlighted the importance of the choice in the
boundary conditions used in such models. Furthermore, Cheong et al. (2021a) investigated the effect
of the loading conditions on the mouse tibia. The effects of physiological, axial, and combined loads
on bone adaptation using micro-FE models were evaluated. Strain distributions varied significantly
between the loading conditions. However, the overall accuracy of bone remodelling predictions was
similar. All predicted densitometric properties were significantly different between the axial and the
combined loading conditions. Therefore, the loading conditions of such models should be well defined

to accurately predict densitometric properties of the mouse tibia.

These combined studies demonstrate the importance in the selection of scanning parameters, image
pre-processing steps, and modelling parameters to create accurate micro-FE models. Furthermore, the
validity of the pipeline which creates micro-FE models based on in vivo micro-CT scans for the mouse
tibia under compressive loading has been presented (Oliviero et al., 2017, 2018, 2019, 2021a, 2021b,
2022).
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2.3.1.2 Beam theory

Similar to FE analysis, Euler-Bernoulli beam theory (BT) can be used to determine strains within a bone.
BT has been used in bone adaptation studies to estimate stresses, strains, and the strain energy density
(SED) in both mice and human samples (Buenzli et al., 2013; Lerebours et al., 2016; Trichilo, 2018;
Pickering et al., 2022). In comparison to FE analysis, the time taken for analysis in BT studies is notably
shorter. However, modelling of an axial loading scenario may not be accurate regarding SED estimates,
as it relies upon the assumption that there are no shear strains present. Furthermore, BT requires the
complex geometry of bone to be assumed to be slender beams (Figure 2.10). In the case of the tibia,
BT may not capture the geometry as well as a FE model, due to the curvature and changes in cross-

sectional area of the bone. Table 2.1 shows the advantages and disadvantages of FE modelling and BT.
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Figure 2.10: Beam theory is used to compute the normal force (N) and bending moments (M,, M,,) at

a cross-section of the mouse tibia, which is used to compute the strains, stresses, or strain energy

density across the mouse tibia.
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Table 2.1: The advantages and disadvantages of finite element (FE) modelling and beam theory (BT)

methods for calculating the local mechanical properties of bone.

Finite element models (FE) models Beam theory (BT)

Advantages e Can handle a wide range of Involves well-defined equations and
geometries, materials, and loading requires minimal computational
conditions. It can also account for resources. This makes it a quick and
complex interactions between efficient approach.
different parts of a structure.

e Can capture micro-structural
deformations, especially when
using refined meshes.

Disadvantages @ Requires specialised software and Assumes the bone is a slender
expertise for setting up the model, beam and experiences small
defining material properties, and deflections. It cannot account for
interpreting the results. complex geometries, non-uniform

e Running FE simulations can be loads, or material nonlinearities.

computationally expensive,

especially for complex models.

Assumes that no shear strains are

present.

Studies by Miller et al. (2024a, 2024b) use BT to provide valuable insights into the mechanisms
underlying cortical bone adaptation in response to mechanical loading and/or PTH. Miller et al. (2024b)
explored the link between the load magnitude and the adaptive response around the periosteum of
the tibia at a cross-section level. By quantifying cortical thickness changes, a quasi-linear relationship
between load magnitude and bone formation was shown, highlighting the importance of considering
local adaptive responses compared to global metrics (Miller et al., 2024b). Miller et al. (2024a) focused
on the coupled effect of combined PTH and mechanical loading treatments within two cross-sections
of the tibia — a slice located at 37% of the tibial length (0% equated to the proximal end and 100%
equated to the distal end of the tibia) and a slice located at 50% of the tibial length. The findings
highlighted the non-uniform and region-specific nature of cortical thickness changes in response to
treatments, emphasising the importance of understanding their interaction for optimising bone

formation strategies (Miller et al., 2024a). Although these studies contribute to the understanding of
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cortical bone adaptation mechanisms, they are all based on cross-sectional images of the mouse tibia,
the results cannot be generalised across the tibia. Furthermore, due to the cross-sectional analysis,

information may be missed, such as the effect of shear strains from the applied loads.

2.3.2 Computational models for predicting bone adaptation over time

2.3.2.1 Mechanoregulation models for predicting bone adaptation

Bone adaptation is the dynamic process by which bone models and remodels itself in response to
mechanical stimuli. This allows the bone to maintain its internal structure and density in response to
biomechanical or biochemical stimuli. Mechanoregulation models aim to predict this adaptation

process by incorporating these mechanical stimuli into computational frameworks.

2.3.2.1.1 Mechanical stimuli

While the exact mechanisms of bone remodelling are still being unravelled, two main theories explain
the initiation of mechanically induced bone remodelling (see Section 1.4.2 for more details). One
theory suggests that mechanical stimulus directly deforms the bone matrix. Osteocytes, embedded in
the matrix, sense these deformations and trigger bone remodelling (Scheiner et al., 2013). The second
theory proposes that the mechanical stimulus alters the fluid pressure within the lacunae canalicular
network (LCN). Osteocytes within this network sense changes in fluid pressure and initiate bone

remodelling accordingly (Scheiner et al., 2013).

Both theories are triggered by mechanical stimuli, which can be represented in various ways within
computational models of bone adaptation. Models which focus on the direct deformation of the bone
matrix often utilise parameters such as longitudinal stress or strain (Pereira et al., 2015; Pickering et
al., 2021; Miller et al., 2024a), principal strains (Pereira et al., 2015; Birkhold et al., 2016; Cheong et al.,
2020a), effective strain (Marques et al., 2023), or SED (Adachi et al., 2009; Scheiner et al., 2013; Pereira
et al., 2015; Carriero et al., 2018; Trichilo, 2018; Cheong et al., 2020a, 2020b; Scheuren et al., 2020;
Cheong et al., 2021a; Marques et al., 2023). Models which focus on fluid dynamics within the LCN
might incorporate parameters such as fluid flow (Tan et al., 2007; Adachi et al., 2009; Pereira et al.,
2015; Scheiner et al., 2016; Carriero et al., 2018). There is no clear consensus as to which stimuli best
predicts bone remodelling. Some studies suggest that through combining multiple stimuli, a more
accurate prediction of bone adaptation may be achieved (Cheong et al., 2020a, 2020b). However, strain

calculations remain essential for the model due to the dependence of flow on channel deformation.
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2.3.2.1.2 Mechanoregulation models of human bone

There exist some initial attempts to that used of FE models in conjunction with Wolff's Law (bone
remodels in response to stress) to predict bone adaptation in humans (Tsubota et al., 2009; Boyle and
Kim, 2011). A promising avenue for human bone remodelling lies in the potential of poroelastic and
micromechanical theories. Scheiner et al. (2016) explored the application of these theories within a
multiscale mechanobiological model of bone remodelling (Figure 2.11). These theories offer the ability
to model bone as a hierarchical material with porosities of various sizes at different scales,
incorporating microstructural features such as pore shape and volume. This approach has the potential
to provide a more comprehensive understanding of bone mechanics and remodelling compared to
traditional models. However, it is hard to validate the outputs of such bone remodelling models and

therefore comparisons have been done in mice using ex vivo micro-CT (Boyle and Kim, 2011).

macroscopic bone material
(cortical or trabecular)

vascular pores (fiu)

extravascular bone matrix (foxya)

bone organ

extralacunar bone
matrix (fexise)

lacunae (fiu)

extravascular bone matrix

Figure 2.11: Micromechanical representation of cortical bone, based on a poromicromechanical model
(a model which contains microstructural features, for determining the mechanical interactions

between pore pressures and stresses acting on the porous bone) (Scheiner et al., 2016).

2.3.2.1.3 Preclinical applications of mechanoregulation models

A combination of micro-FE models and mechanoregulation algorithms, predominantly based on Frost’s
‘mechanostat’ theory, have been created for the prediction of bone adaptation over time. The micro-
FE model gives the strain distribution over the area of interest and the mechanoregulation algorithm
relates the strain distribution to the bone adaptation. The relation of these two concepts is based on

combinations of the rates of remodelling (formation and resorption, independently) and the
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thresholds of adaptation. Experimental studies are increasingly revealing a continuous response to
mechanical stimuli, negating the idea of a ‘lazy zone’ where remodelling does not occur, and that the
rates of remodelling can both be described linearly (De Souza et al., 2005; Sugiyama et al., 2012;
Schulte et al., 2013a; Razi et al., 2015a; Cheong et al., 2020a). Additionally, existing models typically
apply uniform thresholds for remodelling across the bone, assuming a constant response to

mechanical stimuli within all regions.

The murine model has been adopted within much preclinical research relating to bone disease. Within
bone remodelling studies, the mouse tibia or caudal vertebra, in an axial loading configuration, are

often used.

2.3.2.1.3.1 Mechanoregulation models of the mouse tibia

Cheong et al. (2020a) developed a mechanistic model to predict bone adaptation over time. This model
was based on an iterative process (Figure 2.12) which combined a micro-CT based micro-FE model with
a mechanoregulation algorithm. The micro-FE model had hexahedral elements with isotropic
homogenous material properties and has been previously validated (Oliviero et al., 2018, 2021b). The
mechanoregulation algorithm assumed the same linear rate of remodelling for both formation and
resorption. This rate and threshold of remodelling was calculated for each mouse by optimising the
volumetric second moment between the experimental scans at the next time point and the predicted
bone, and was applied across the whole bone i.e., mechanosensation (distribution of the osteocytes)
was not included in this model. A sensitivity analysis conducted on the inclusion of a ‘lazy zone’

concluded that it did not significantly improve the predictions of bone adaptation.
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Figure 2.12: The bone remodelling algorithm flow chart (left), used in the study by Cheong et al. (2020a),

Change in TMD

showing the generation of the pseudo-micro-CT images and the optimisation algorithm (in blue-grey)
to compute the parameters for bone remodelling. (1) The remodelling unit lattice. (2) Boundary
conditions of the micro-FE model. (3) Remodelling algorithm with formation limit k and rate of

remodelling B (Cheong et al., 2020a).

No statistically significant differences were observed between the experimentally measured and
model-predicted densitometric properties (bone volume, bone volume fraction (BV/TV), BMC, and the
bone mineral density (BMD)). However, the highest errors in densitometric properties were located at
the proximal end, which could be due to the amount of remodelling differing from the rest of the bone
as this region is composed of mainly trabecular bone. A spatial match between the model and
experimental results found that 59% of the predicted voxels matched with the experimental sites in
formation. Moreover, it was higher on the periosteal than the endosteal surface. The model captured
a spatial match of 47% of the predicted voxels for resorption. Although the model was able to predict
regions of formation of above 70% on both the periosteal and endosteal surfaces, it also under
predicted regions of resorption by over 85%. This underprediction in resorption may be due to the

algorithm being unable to predict bone adaptation driven by biochemical stimuli.
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Multiple parametric studies were conducted. Comparisons of predictions based on two different
mechanical stimuli, SED and maximum principal strain, showed that although the choice of the
stimulus did not affect the shape of the errors in predicting densitometric properties, SED captured
better the formation. Maximum principal strain captured resorption better, but this was at the expense
of formation. It was also shown that subject-specific remodelling thresholds and rates decreased the
densitometric errors compared to averaged population values, highlighting the advantage of subject-

specific parameters.

Furthermore, the mechanoregulation model was later applied to investigate the effect of passive
mechanical loading on the mouse tibia (Cheong et al., 2021a). The mechanoregulation parameters
were optimised for a different group of mice, which provided different remodelling rates for formation
and resorption. Predictions of the densitometric properties were calculated separately for models
loaded with a 12 N load, a daily physiologically relevant load, and a combination of both these loads.
The combined loading densitometric properties were most similar to the experimental data,
highlighting the importance of including the daily physiological load when investigating the bone’s

adaptive response to passive mechanical loading.

This mechanoregulation model has since been applied to multiple sets of mice to investigate the effect
of mechanical loading, PTH, and combinations of mechanical loading and PTH in ovariectomised mice,
over time (Cheong et al., 2020b, 2021b). These studies have shown a linear bone formation response
to load-induced changes, which, as expected, was higher during mechanical loading than during
ovariectomy. However, the results also showed that resorption was independent of strain at the organ
level, alluding to the fact that resorption may be regulated locally or biologically determined (Cheong
et al., 2020b). Furthermore, the model was applied to investigate the efficacy of combined mechanical
loading and PTH treatments. This showed that the proximal region of the tibia had the greatest gain
from positive interactions of combined therapies. Periosteal formation greatly benefited from
combined treatments, especially in the proximal region, highlighting the positive benefits of the
combined treatments (Cheong et al., 2021b). This study serves as an example of how such models can
be used to optimise dosage and treatment duration in preclinical mouse studies. For example, these
models could be used to investigate the effects of different dosages, optimal treatment timing, the
efficacy of combined therapies, or to identify the most effective treatment windows to maximise bone

remodelling.
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2.3.2.1.3.2 Mechanoregulation models of the mouse caudal vertebra

Combinations of micro-FE and mechanoregulation models have also been applied to the trabecular
bone in the mouse caudal vertebra to non-invasively investigate the effects of osteoporosis and related

interventions (Schulte et al., 2013a, 2013b; Scheuren et al., 2020; Marques et al., 2023).

The study by Schulte et al. (2013b) validates a computational model for predicting bone adaptation
using in vivo micro-CT data. This model incorporates a local mechanical feedback loop, optimising bone
remodelling rates for improved accuracy. Tuning resulted in a prediction error ranging from 2.39% to
8.44% for bone morphometric parameters (BV/TV and Tb.Sp, respectively) under mechanical loading.
This demonstrates the model's ability to capture bone formation trends, particularly the spatial
distribution with an accuracy of 55.4% (a voxel-based comparison was used between experimental and
model predictions) (Figure 2.13). However, the model's accuracy for bone loss scenarios remained
lower, with a maximum error of 12.1% in BV/TV observed during simulations of ovariectomy-induced
bone loss. This suggests the model might be better suited for predicting bone formation under loading
conditions. Interestingly, the local mechanical feedback loop appears to play a role in capturing the
slowdown of bone loss observed after a certain point, potentially by predicting increased bone
formation when bone mass becomes critically low. It is important to note that the model's accuracy in
predicting the spatial distribution of bone resorption remains limited, reaching only 47.6% for

ovariectomy simulations.

formed
m resorbed

Simulation Experiment

Figure 2.13: Visual comparison of the spatial distribution between in silico (left) and in vivo (right)
models of bone adaptation within the trabecular bone in the mouse caudal vertebra (Schulte et al.,

2013b).

Marques et al. (2023) investigated the relationship between mechanical loading frequency and bone
remodelling parameters using in vivo micro-CT data of the mouse vertebrae. They estimated

remodelling velocity curves from the micro-CT images. These curves were then fitted with
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mathematical functions, allowing for the extraction of key parameters such as the remodelling rates.
The study revealed a logarithmic dependence of these remodelling parameters on loading frequency,
suggesting a more nuanced response of bone adaptation to mechanical stimuli than previously

understood.

However, a limitation of using the caudal vertebrae in such studies is that they cannot be investigated
under physiological loading conditions, limiting their applicability to real-world scenarios. This is
because the physiological loading pattern in the mouse tail is not fully understood. The unknown
mechanical stimuli the caudal vertebrae are exposed to makes it difficult to interpret how the observed
remodelling response under applied loads translates to other weight-bearing bones that experience

distinct physiological loading conditions.

Mechanoregulation models have emerged as valuable tools for investigating bone adaptation and
predicting its response to various stimuli. Studies utilising the mouse tibia and caudal vertebra have
provided insights into the effects of mechanical loading, PTH treatment, and osteoporosis on bone
remodelling. These models offer advantages such as non-invasive investigation and the ability to
optimise treatment regimes in preclinical studies. However, the challenge remains in capturing all

biological factors influencing bone remodelling.

2.4 Cell & molecular level models

2.4.1 Bone cell population models

Bone cell population models (BCPMs) are typically represented as a system of ordinary differential
equations (ODEs). The ODEs aim to capture the biological phenomena that is involved in bone
adaptation. Instead of having a mechanical stimulus, in the same way as the models seen above, these
models incorporate the biochemical aspects which affect bone remodelling. Pivonka et al. (2008) built
upon the work of Lemaire et al. (2004) and formulated an extended bone-cell dynamics model. The
system of ODEs (Egs. 2.1, 2.2 & 2.3) represent the behaviour of the BMUs during bone resorption and
formation by modelling the changes of each cell population: osteoblast precursors (OBp), active
osteoblasts (OBa), and active osteoclasts (OCa). These changes in cell populations are constructed by

the differentiation rates (D) and removal of cells through apoptosis rates (A4) within the corresponding

molecule

act/rep,cert) are also included to model

lineage. Additionally, activator and repressor functions (7

transforming growth factor beta (TGF-f) and RANKL binding with their receptors (Lemaire et al.,
2004; Pivonka et al., 2008).
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dOBp TGF- TGF—
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dt rep,0Bp
(2.1)
dOBa TGF—
—— = Dosp " 0Bp- Trer oy — Aopa - OBa
(2.2)
dOCa TGF—
dt = Docp " OCp - ng?t],VOKCLp —Apca " 0Ca- nact,OC[fl
(2.3)

Furthermore, an equation representing the change of bone volume over time is shown below (Eq. 2.4)
which links the cell numbers obtained from Egs. 2.1, 2.2 & 2.3 to changes in bone volume (BV).
dBV —

7 = —kreSOCa + kformOBa

(2.4)

where 0Ca(t) = 0Ca(t) — 0Ca(ty), OBa = OBa(t) — OBa(ty), and ks and kforp are the

relative bone resorption and formation rates, respectively (Pivonka et al., 2008).

The above model incorporates the RANK/RANKL/OPG signalling pathway and the regulating action of
TGF-(, but neglects the role of the Wnt/B-catenin/Scl signalling pathway. This was incorporated by
Martin et al. (2019) by extending Eq. 2.1, as shown in Eq. 2.5 below. The additional term includes new
variables representing the proliferation rate (P) of the osteoblast precursor cells in response to the
concentration of Scl and an activator function to model Wnt binding with its receptors (Martin et al.,
2019).

dOBp TGF- TGF-
dt = Dopy T[act,OBi - DOBP "OBp- T[rep,OBl; + POBP "OBp- T[C%?,%BP

(2.5)

The inclusion of both the RANK/RANKL/OPG and Wnt/B-catenin/Scl signalling pathways allows for the
indirect modelling of the catabolic and anabolic effect of mechanical loading on the bone (more details

in Section 2.5.1). However, the influence of the lining cells on bone remodelling has still been neglected.
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These cell population models have been combined with pharmacokinetic/pharmacodynamic (PK/PD)
models to investigate the effect of osteoporosis treatments such as romosozumab (Martin et al., 2020),
denosumab (Scheiner et al., 2014; Martinez-Reina and Pivonka, 2019; Martinez-Reina et al., 2021) and
PTH (teriparatide) (Trichilo et al., 2019; Lavaill et al.,, 2020). PK/PD modelling combines
pharmacological and mathematical approaches to analyse how a drug is absorbed, distributed,
metabolised, and excreted by the body (pharmacokinetics, PK) and how these processes relate to the

drug's effects on the body (pharmacodynamics, PD).

A sigmoidal H function is used to capture the non-linear effects of PTH on cellular activity and is shown
in generic form in Egs. 2.6 and 2.7 (Lavaill et al., 2020). The function either upregulates (H*) or

downregulates (H ™) actions with respect to an increase in stimulus L.

(a; = pj)- LY
5]. + LYi
(2.6)
H- - (aj = pj)- LY
Sj + LYJ
(2.7)

where a is the minimum effective response, p is the maximum effective response, & is the homeostatic
value and vy is the response steepness. These parameters are specific to the affected process j (e.g.,

osteoblast apoptosis) and must be optimised per implementation of the H function.

Trichilo’s et al. (2019) development of the step-function within the PK/PD model allowed for the
representation of the on/off response of drug dosages which allowed for the investigation into
different administrations of drug injections. The comparisons of this study against experimental data

of PTH permitted the accurate investigation into different administrations of drug injections.

A major limitation of these cell population models lies in their reliance on a representative volume
element (RVE): a region where cell concentrations are assumed to be uniform. The spatial resolution
of the model's predictions is inherently limited by the size of the RVE. For example, if the RVE
encompasses a large portion of bone tissue, the model may not accurately capture localised variations
in bone adaptation, such as those occurring at the level of individual trabeculae. Conversely, if the RVE

is too small, it may not be able to accommodate a sufficient number of cells for meaningful analysis.
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2.4.2 Agent-based models

Agent-based models (ABMs) have been used to investigate bone remodelling and associated
pathologies such as osteoporosis and its treatments (Paoletti et al., 2012; Schutte, 2012; Liu et al.,
2015; Truesdell and Saunders, 2019). These models explore the intricate interplay between
biomechanical and biochemical stimuli, within a single cell. These single cell models can be combined,
which increases the model’s complexity: cells can each be modelled as a single agent, with signalling

pathways modelled to regulate the cell behaviour (Boaretti et al., 2023; Kendall et al., 2023).

However, it is essential to acknowledge that the accuracy of ABMs heavily relies on the input
parameters and the underlying assumptions made about cellular behaviour. Parameters can be
determined experimentally, obtained from existing literature, or assumed. These assumed parameters
can be optimised, for example, through the comparison of in silico and in vivo data (Boaretti et al.,
2023). Model validation against experimental data is crucial to establish the reliability of ABM
predictions (Paoletti et al., 2012). Although this is not currently presented in all ABM studies (Boaretti
et al., 2023; Kendall et al., 2023).

While ABMs offer a high degree of detail, through the discrete modelling of cells, their computational
demands limit their application to large-scale bone adaptation studies over time. Despite their
limitations, ABMs remain a valuable tool for exploring bone biology at a microscopic level. Future
advancements in computational power and model refinement may expand the applicability of ABMs

to larger-scale bone modelling.

2.5 Combined approaches

In the current literature there are a limited number of models (Table 2.2) that aim to take a combined
biomechanical and biochemical approach to simulate bone remodelling. The approach varies
according to the authors. Most frequently, the biochemical aspect is modelled by a bone cell
population model, represented by a system of ODEs, which is then combined, in some manner, with a
mechanical stimulus. Table 2.2 provides an overview of the studies that have used a combined
biomechanical and biochemical approach to simulate bone remodelling. As can be seen from the table,

this is a limited number of studies.
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Table 2.2: An overview of the studies included in this literature review that use a combined biomechanical and biochemical approach to simulate bone
remodelling. For each study the approach, species and site the model is based on, the disease and intervention, and the advantages and disadvantages of each

model is listed.

Reference Approach Species & Disease & Advantages Disadvantages

Anatomical Site Intervention

Ashrafi et al. (2020) FE + BCPM Human proximal Mechanical Considers two mechanical stimuli: Lack of validation against
femur loading strain and micro-damage experimental data
Total hip Includes a preliminary extension to  Limited in number of pathways/
replacement the model: the inclusion of molecules which are affected by
describing the bone as an the mechanical stimulus e.g., no
anisotropic material Whnt or nitric oxide modelled

No specific mechano-sensing
model considered, i.e., assumed
that the number and location of

osteocytes is uniform

Lerebours et al. BT + BCPM Human midshaft Osteoporosis Outputs site specific bone loss Assumes periosteal surface is fixed

(2016) femur
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Mechanical

Utilises a localised mechanical

No validation against experimental

disuse stimulus (microscopic and tissue data
level stress/strains used)
Assumes constant activity
BT assumes no shear strains are
present
Pastrama et al. Poromicromech  Human proximal Mechanical Represents the hierarchical Validation for rat model relies on
(2018) anics + BCPM femur + mouse  loading organisation of bone tissue similar mechanical sensitivity and
tibia cell activity between rats and mice
Pore pressure as mechanical
stimulus Mechanosensation not taken into
account physiologically
Pivonka et al. Micromechanics Human cortical  Mechanical Model considers various stages of Limited understanding and
(2013) + BCPM + trabecular loading + osteoblast and osteoclast inclusion of pre-osteoblast

bone

pharmacological

Osteoporosis

56

development, allowing for a more
detailed representation of cellular

regulation

Improves upon previous bone cell

population models through the

proliferation (sclerostin)



inclusion of a mechanical stimulus

(SED)

Scheiner et al.

(2013)

Micromechanics

+ BCPM

Mouse femur

Mechanical
loading +

pharmacological

Alignment of results with previous

findings

Inclusion of the effect of

microcracks

Limited understanding and
inclusion of pre-osteoblast

proliferation (sclerostin)
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2.5.1 Micromechanics & BCPMs

A cell population model has been coupled with a micromechanical model of bone stiffness through a
SED-based feedback loop (Pivonka et al., 2013; Scheiner et al., 2013). Both models included “pre-
osteoblast proliferation,” later known to be the response to the concentration of Scl, which made the
coupling of the ODEs to a mechanical stimulus possible. This was later built upon through the inclusion
of Wnt signalling (and its interactions with Scl) and nitric oxide. This modelled the effect of mechanical
loading and showed that they could calibrate the anabolic and catabolic regulatory mechanisms so

that they were mutually exclusive (Martin et al., 2019).

2.5.2 Beam theory & BCPMs

A combination of BT and micromechanics can be used to determine the tissue-scale and the
microscopic strain distributions (Lerebours et al., 2016). This information allows for the SED to be
incorporated into the cell population model. Bone remodelling can change the microstructural
parameters, inducing changes in the load distribution. The geometrical feedback was, therefore,
included in the cell population model (Figure 2.14). The model outputs site specific bone loss. However,
it assumes the periosteal surface is fixed and the model outputs have not been validated against
experimental data. Furthermore, the analysis is based on BT assumptions. This means that the model

inherently excludes shear strains and treats the tibia as a slender beam.
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Figure 2.14: (A) Flowchart of the bone remodelling simulations used by Lerebours et al. (2016), taking
into account (a) the global mechanical loading, (b) the bone cell population model, and (c) the bone
material and geometry adaptations. The mechanical components of the model are outlined in red, and
the coloured red boxes show the mechanical stimuli used in the model. The biochemical components
of the model are outlined in blue, and the coloured blue boxes show the biochemical stimuli used in the
model. (B) The multiscale representation of bone, used in the study by Lerebours et al. (2016),
illustrating (1) the organ scale (femur bone geometry), (2) the tissue scale (midshaft cross section), and
(3) the cellular level (representative volume element of cortical bone). Adapted from Lerebours et al.

(2016).

2.5.3 FE & BCPMs

Both pore pressure (Pastrama et al., 2018) and strain-dependent mechanical stimuli (Ashrafi et al.,
2020) have been used in combination with cell population models. Pastrama et al. (2018) created a
poromicromechanical model which was coupled with a cell population model. Within their model,
they included pore space-specific terms, considered concentration changes of cells, and investigated
factors that are contained in the pore fluid due to porosity changes. By incorporating mechanical

stimuli at multiple scales, they reached a good agreement (a difference of 10-11%) between model
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predicted extravascular bone matrix volume fraction and experimental results from Laib et al. (2000).
Although their model is able to be applied to both human and rodent bone, it has only been validated
against experimental data collected from the trabecular proximal tibiae of tail-suspended rats (Laib et
al., 2000). This method of validation involved assuming that the mechanical sensitivity and the cell
activities are the same between mice and rats. Additionally, the inclusion of structural analysis of bone

at the organ scale is neglected in this study.

Ashrafi et al. (2020) created a mechano-chemo-biological model (Figure 2.15) by combining a FE model
with a cell population model. They considered concentration changes of cells, the effects of strains on
the bonding-unbonding rate of RANK/RANKL/OPG receptor-ligand reactions, and microdamage to
control the mechanical stimulus (Ashrafi et al., 2020). They applied the model to the human femur and
attempted to validate their model by comparing results against previous models. However, the

sufficient lack of experimental data prevented a proper validation from being conducted.
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Figure 2.15: A flowchart of the bone remodelling model used in the study by Ashrafi et al. (2020).
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2.6 Gaps in the literature

Throughout this literature review, numerous gaps within the body of models described have presented
themselves. Firstly, the review revealed that the biomechanical micro-FE models usually only
investigate one loading condition, assuming that any load applied is axial to the bone and hence
ignoring the uncertainties in the loading direction and magnitude from the experimental
measurements (physiological loads and/ or the in vivo tibia loading model) (Oliviero et al., 2021b). In
this thesis this gap will be addressed by conducting a sensitivity analysis of the loading direction on
the prediction of the mechanical properties (apparent strength and stiffness) (Objective 1, Chapter 3)
and strain distributions (Objective 2, Chapter 4) of the mouse tibia. The importance of controlling this
loading direction will be further demonstrated through the relationship between the mouse tibia
midshaft cortical thickness and the bone strength, across the investigated range of loading directions
(Objective 1, Chapter 3). Evaluating the effect of the loading direction on the strain distributions

provides a link to the bone remodelling.

However, we have seen that the biomechanical models alone cannot accurately predict bone changes
over time. The mechanoregulation models presented in the literature are limited in their predictions
of resorption (Cheong et al., 2020a, 2020b). Therefore, there has been some initial attempts to
combine biomechanical models with biochemical models, with varying approaches and limitations
(Pivonka et al., 2013; Scheiner et al., 2013; Lerebours et al., 2016; Pastrama et al., 2018; Ashrafi et al.,
2020). Those studies which used the BT approach to calculate their strain distributions were also
subjected to the BT assumptions — the exclusion of shear strain components and modelling the tibia
as a slender beam (Lerebours et al., 2016). The resulting predicted strain distributions, therefore, may
not be as accurate as they would have been using another technique. Therefore, this gap will be
addressed through an exploratory study, which utilises combinations of validated micro-FE models and
a BCPM model to create a multiscale biomechano-chemo model for bone adaptation over time and
use this model to measure the sensitivity of biochemical stimuli on the bone remodelling (Objective 3,

Chapter 5).

Finally, there is a limited amount of literature on micro-FE models based on high-resolution images,
which show the osteocyte lacunae. To address this gap, the tools developed when fulfilling Objectives
1 and 2 will be adapted, to create a micro-FE model of the bone tissue, investigating the effect of the

osteocyte lacunae on the local bone stiffness (Objective 4, Chapter 6).
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Chapter 3: The loading direction dramatically affects the mechanical

properties of the mouse tibia

The main body of this chapter is based on the peer-reviewed and published research article:

Farage-O’Reilly S.M., Cheong V.S., Pickering E., Pivonka P., Bellantuono I., Kadirkamanathan V. and
Dall’Ara E., 2024. The loading direction dramatically affects the mechanical properties of the mouse
tibia. Frontiers in Bioengineering and Biotechnology, 12, p.1335955.
https://doi.org/10.3389/fbioe.2024.1335955

The contents of this chapter investigate the effect of the loading direction on the mechanical
properties of the mouse tibia, when using the in vivo tibial loading model. The study investigates 504
different loading directions through the use of micro-CT based micro-FE models. The models were
based on two groups of mice: a group which were ovariectomised, to simulate post-menopausal
osteoporosis, and a group which underwent mechanical loading after ovariectomy. It was shown that
the loading direction significantly impacts the failure load within the mouse tibia. The chapter goes on
to show that the cortical thickness is better related to the failure load at a different loading direction

than at the nominal axial case.
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Abstract

Introduction: The in vivo tibial loading mouse model has been extensively used to evaluate bone
adaptation in the tibia after mechanical loading treatment. However, there is a prevailing assumption
that the load is applied axially to the tibia. Additionally, the tibia midshaft structural property, cortical
thickness (Ct.Th), is a good predictor of the failure load (R%: 84.5%, p < 0.001), numerically predicted in
C57BL/6 mice which have undergone ovariectomy and subsequently been treated with related
interventions (Roberts et al., 2023). The aim of this in silico study was to evaluate how much the
apparent mechanical properties of the mouse tibia are affected by the loading direction and to
investigate if the midshaft Ct.Th is better related to the failure load at a different loading direction to
the nominal axial case, by using a validated micro-finite element (micro-FE) model of mice which have

been ovariectomised and exposed to external mechanical loading over a two-week period.

Methods: Longitudinal micro-computed tomography (micro-CT) images were taken of the tibiae of
eleven ovariectomised mice at ages 18 and 20 weeks. Six of the mice underwent a mechanical loading
treatment at age 19 weeks. Micro-FE models were generated, based on the segmented micro-CT
images. Three models using unitary loads were linearly combined to simulate a range of loading
directions, generated as a function of the angle from the inferior-superior axis (6, 0°-30° range, 5°
steps) and the angle from the anterior-posterior axis (¢, 0°: anterior axis, positive anticlockwise
(inferior-superior view), 0°=355° range, 5° steps). The minimum principal strain was calculated and
used to estimate the failure load, by linearly scaling the strain until 10% of the nodes reached the
critical strain level of -14,420 ue. The apparent bone stiffness was calculated as the ratio between the
axial applied force and the average displacement along the longitudinal direction, for the loaded nodes.

A linear regression was carried out between the Ct.Th and the failure load at each loading direction.

Results: The results demonstrated a high sensitivity of the mouse tibia to the loading direction across
all groups and time points. Higher failure loads were found for several loading directions (6 = 10°, ¢
205°-210°) than for the nominal axial case (6 = 0°, & = 0°), highlighting adaptation of the bone for
loading directions far from the nominal axial one. The midshaft Ct.Th was a modest to good predictor
of the failure load across all loading directions (R*-range: 67.8-87.9%, all p < 0.001). For the loading
conditions 6 = 5°, ¢ = 215-280° and 8 = 10°, ¢ = 225-290°, the R? values were all greater than that of
the nominal axial case, with the maximum occurring at 8 = 5°, ¢ = 240°. Above 8 = 10°, the R? values

were generally smaller than that of the nominal axial case.

Conclusion: These results suggest that the loading direction significantly impacts the failure load of the
mouse tibia. Thus, the magnitude and direction of the applied load should be well controlled during

the experiments. Specifically, the loading range must be controlled within a 6 value of 10°, if the failure
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load is to be predicted from the midshaft Ct.Th. Beyond this, the midshaft Ct.Th loses its predictive

ability.
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3.1 Introduction

Bone is a dynamic tissue that adapts over time due to biomechanical and biochemical stimuli (Martin
et al., 1998; Frost, 2003; Bonewald, 2011). It is the balance between these adaptations which keeps
bone healthy, through bone cells which continuously maintain and remodel the bone tissue. However,
musculoskeletal diseases, such as osteoporosis, can disrupt this balance. Osteoporosis affects bone
remodelling, reducing the bone mineral density (BMD) by reducing the number or thickness of
trabeculae, reducing the cortical thickness, increasing the cortical porosity and/or decreasing the local
mineralisation and consequently the tissue mineral density (TMD). These changes deteriorate the
mechanical properties, leading to a decrease in bone strength, and hence, an increase in fracture risk

(Birkhold et al., 2014; Razi et al., 2015a; Roberts et al., 2019).

Various treatments exist for osteoporosis, including antiresorptive treatments (targeting osteoclasts,
i.e., bone resorbing cells) or bone anabolic treatments (targeting both osteoclasts and osteoblasts, i.e.,
bone forming cells). However, these treatments have side effects, for example, long term use of
bisphosphonates (antiresorptive drugs) is associated with atypical femoral fractures (Shane et al.,
2014). On the other hand, anabolic treatments such as Parathyroid Hormone (PTH) are associated with
poor cost effectiveness (Yeam et al., 2018). Therefore, new and improved treatments for osteoporotic
patients are needed. New treatments must be tested in animals preclinically before being assessed in
clinical trials, with the mouse model being the most commonly used animal model in drug
development (Gould et al., 2015). Osteoporosis treatments are usually tested in adult mice after
ovariectomy, a model of oestrogen deficiency that induces accelerated bone resorption and with a
phenotype similar to that observed in postmenopausal osteoporotic patients (Bouxsein et al., 2005;
Roberts et al., 2019). Mechanical loading affects bone adaptation responses (Frost, 2003). Low levels
of mechanical loading (including complete unloading) can cause bone resorption, whilst high levels of
mechanical loading can stimulate bone formation, hence, increasing bone density and bone strength
(Frost, 2003). As a result, mechanical loading in the form of exercise has been suggested as an anabolic
treatment against osteoporotic fractures (Martelli et al., 2020; Du et al., 2021; O’Rourke et al., 2021).
Additionally, mouse models have been used to study the combined effects of mechanical loading and
pharmacological treatments on bone remodelling and mechanical properties (Levchuk et al., 2014;

Scheuren et al., 2020).

Several rodent models are available to evaluate the effect of mechanical loading on the bone in a
controlled way (Nepal et al., 2023). Among them, the in vivo tibial loading model has been extensively
used to evaluate bone adaptation in the tibia after the application of external mechanical loads

through the knee and the ankle joints, aiming at loading the tibia predominantly along its axial
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direction. This model has been used to investigate bone adaptation in various ways, such as: in disuse
models (Moustafa et al., 2012); under different peak loads, by mimicking impact exercises (De Souza
et al., 2005; Sugiyama et al., 2010; Main et al., 2020; Miller et al., 2021); varying loading type (static vs
static and dynamic) (Sugiyama et al., 2010); and varying the load frequency (Holguin et al., 2013; Yang
et al., 2017). Furthermore, this model has been used to investigate bone changes over time (Lynch et
al., 2011; Birkhold et al., 2014; Melville et al., 2014; Razi et al., 2015a, 2015b; Roberts et al., 2020),
showing that mechanical loading generally led to increased bone formation and improved some

aspects of bone architecture.

Although the in vivo tibial loading model is widely used, there is a prevailing assumption that the load
is applied axially to the tibia. However, considering the transmission of the applied load through the
knee and ankle joints, compounded by the potential for the leg to be repositioned within the loading
device during longitudinal studies, uncertainty arises over the true loading direction and the effect
that this may have on bone adaptation. Digital image correlation measurements have highlighted the
sensitivity of the mouse tibia superficial strain as a function of the loading conditions (Carriero et al.,
2014). Moreover, a previous study that used digital volume correlation (DVC) showed that
repositioning of the bone when using the in vivo tibial loading model affected the internal strain
distribution across the tibia, inducing areas of higher strain, particularly at the distal end of the bone

(Giorgi and Dall’Ara, 2018).

The gold standard for evaluating the effect of mechanical loading and combined treatments on bone
densitometric and morphometric properties is using ex vivo or in vivo micro-computed tomography
(micro-CT) (Bouxsein et al., 2010). Recently, micro-CT based micro-finite element (micro-FE) models
have been developed to non-invasively evaluate the mechanical properties of bone. Micro-FE models
not only have the potential to dramatically reduce and partially replace the use of mice in skeletal
research (Viceconti and Dall’Ara, 2019), but also to evaluate the sensitivity of different parameters on
the biomechanical properties of the bone; something that could not be achieved with experiments.
Nevertheless, prior to their application in preclinical studies, the models should be validated against
biomechanical experiments. Recent validation studies showed that hexahedral homogeneous micro-
FE models can accurately predict local displacements (R? > 0.82, against displacements measured with
DVC), apparent stiffness (errors of 14 + 11%), and failure load (errors of 9 £ 9%) (Oliviero et al., 2018).
Following that study, an optimisation of the failure criterion in the mouse tibia was conducted.
Hexahedral homogeneous micro-FE models were found to accurately predict normalised stiffness (R?
=0.80, error of 14 + 8%) and normalised failure load (R? = 0.81, errors of 9 + 6%) (Oliviero et al., 2021a).
Different material properties (homogenous and heterogeneous) and different mesh types (hexahedral

and tetrahedral) were also investigated. The micro-FE models with homogeneous material properties
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and hexahedral meshes were found to be the best predictors of the tibial mechanical properties. In
fact, heterogeneous material properties based on the local or average values of TMD calculated from
the micro-CT images did not improve the predictive ability of the micro-FE models (Oliviero et al.,
2021b). This pipeline has previously been used to predict mechanical properties of the bone from the
structural properties (Oliviero et al., 2021a; Roberts et al., 2023). It has been shown that the tibia
midshaft structural property, cortical thickness (Ct.Th [um]), is not a good predictor of the failure load
(R?:22%, p = 0.035) in pooled data of BALB/c and C57BL/6 mice ages of 16 and 24 weeks, half of which
had been ovariectomised (Oliviero et al., 2021a). However, the Ct.Th is a good predictor of the failure
load (R%: 84.5%, p < 0.001) in pooled data of C57BL/6 mice between the ages of 18-24 weeks, which
have been ovariectomised and some have subsequently been treated with mechanical loading, PTH,

or a combination of mechanical loading and PTH (Roberts et al., 2023).

Additionally, strain gauges have been used to compare local experimental strain measurements to the
predictions of micro-FE models within the same locations (Stadelmann et al., 2009; Patel et al., 2014;
Yang et al., 2014; Razi et al., 2015b). The accuracy of the micro-FE models for the estimation of the
local strains varied (0.40 < R? < 0.99, errors between 5-20%). It should be considered that several
factors contribute to the comparison between experimental and computational strain assessments,
including the number and location of strain gauges, differences in the ages of the mice used, and

variations in micro-FE input parameters.

Micro-FE models combined with strain gauges placed on the lateral, posterior and antero-medial
surfaces of the bone have been used to inversely identify the point of application of the external load.
It was found that the load location varied among mice, and the strains in the tibia were highly sensitive
to the load location (Pickering et al., 2021). Micro-FE models have also been used to investigate the
loading conditions when predicting bone adaptation during application of the in vivo tibial loading
model, highlighting the importance of the load direction (i.e., the magnitude of the three Cartesian
components of the load), through the inclusion of both the external axial load and the daily
physiological axial and transverse loads (Cheong et al., 2021a). Nevertheless, the extent to which the
mechanical properties of the mouse tibia are affected by the loading direction associated with the

tibial loading model is still unknown.

The aim of this study was to evaluate how much the apparent mechanical properties of the mouse
tibia are affected by the loading direction and to investigate if the midshaft Ct.Th is better related to
the failure load at a different loading direction to the nominal axial case, by using a validated micro-FE

model, of ovariectomised mice subjected to external mechanical loading over a two-week period.
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3.2 Materials and methods

3.2.1 Experimental in vivo data

The experimental data used in this study were acquired from a previous study by Roberts et al. (2020),
wherein it was determined that a sample size of six mice per group was sufficient to attain 80%
statistical power, considering morphometric parameters such as trabecular bone volume fraction and
cortical thickness. Eleven female C57BL/6 mice from two separate generations were subjected to
ovariectomy at age 14 weeks (Figure 3.1). Every other week, from week 14 to 24, the body weight of
each mouse was recorded (Table 3.1), and in vivo micro-CT images were taken of the right tibiae, while
the mice were anesthetised (VivaCT80, Scanco Medical Briitisellen, Switzerland). The scanning
protocol used (55 kVp, 145 pA, 10.4 um isotropic voxel size, 32 mm field of view, 100 ms integration
time and 1500/750 samples/projections) allowed for minimal effects of radiation on the tibia whilst
still allowing for scanning of the whole bone at high resolution (Oliviero et al., 2017, 2019). The images
were reconstructed using a third-order polynomial beam hardening correction algorithm based on a

1200 mgHA/cm3 wedge phantom, which was provided by the manufacturer.

Bone loss due to ovariectomy Treatment window Withdrawal
NAEEEEEEE BT ‘_’205 f 20 o | sl 2

w1405 00 1 (S R | B
\ O\ OVX | ucT | et | ucr | {CT et L uct
M OVX+ML | uCT | et | eT uct |l er L uct

l - mechanical loading treatment (12N peak load, 40 cycles/day, 3 days/week on alternate days)

Figure 3.1: Left: Schematic of the in vivo tibial loading model. Right: Overview of the data collection
timeline in C57BL/6 mice, acquired from a previous study (Roberts et al., 2020). OVX: ovariectomy,
OVX+ML: ovariectomy and mechanical loading. Ovariectomy was performed at age 14 weeks, micro-
CT images were taken every two weeks throughout the duration of the study, treatment window
commenced at week 18 and was withdrawn by week 23. Images from weeks 18 and 20 were used in

this study (highlighted in red).
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Weight (g)
Group Mouse
w14 W16 W18 W20 w22 W24
1 18 20 22 22 24 28
2 20 22 22 24 26 26
i 3 20 24 24 26 28 28
5 16 18 22 22 26 26
6 20 24 22 26 28 30
mean+SD | 18.8+1.789 | 21.6+2.608|224+0.894|240+2.000|264+1673|27.6+1673
1 20 24 214 21.3 21.8 -
2 20 22 222 20.1 20.2 -
8 18 22 20.2 18.9 19.8 -
OVX+ML 4 20 22 20.1 18.1 18.4 -
5 20 24 21.8 21 22 -
6 22 24 24.2 23.6 22.6 -
mean + SD | 20.0+ 1.265| 23.0+1.095 | 21.7 + 1.510 | 20.5+ 1.948 | 20.8 + 1.600 -

Table 3.1: The individual and grouped (mean * SD) mouse weights in grams, reported for both groups
and time points. SD — standard deviation, OVX — ovariectomy, OVX+ML — ovariectomy and mechanical
loading, W14 — week 14, W16 — week 16, W18 — week 18, W20 — week 20, W22 — week 22 and W24 —
week 24.

In this study the micro-CT images acquired both for the ovariectomised mice (OVX group, N=5) and for
mice ovariectomised and subsequently subjected to external mechanical loading (OVX+ML group, N=6)
were considered. Only images acquired at weeks 18 and 20 were used, as this period exhibited the
largest differences in bone remodelling (Cheong et al., 2020a). Briefly, mice in the OVX+ML group
underwent external mechanical loading treatment at weeks 19 and 21, while anesthetised, using the
in vivo tibial loading model (Figure 3.1). Each right tibia was fixed in between two soft caps and
mechanically loaded using a 12 N peak load (2 N static preload superimposed with a 10 N high-strain
dynamic load at a rate of 160,000 N/s (maximal nominal speed of the machine), 40 cycles/day, 3
days/week on alternate days; ElectroForce BioDynamics 5100, TA instruments, USA). The applied
nominal load was assumed to be along the axial direction of the tibia. This procedure has been shown
to induce cortical and trabecular lamellar bone adaptation without inducing micro-damage (De Souza
et al., 2005). All the procedures were performed under a British Home Office licence (PPL 40/3499 and
PF61050A3), were in compliance with the Animal (Scientific Procedures) Act 1986 and were reviewed

and approved by the local Research Ethics Committee of The University of Sheffield (Sheffield, UK).

3.2.2 Image processing and micro-FE models

The main steps of the image processing, creation of the micro-FE models, and post-processing to
calculate the apparent mechanical properties of each tibia are reported in Figure 3.2. The modelling

pipeline has been previously validated for predictions of apparent structural properties using
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compressive tests (Oliviero et al., 2021b) and prediction of local displacements using DVC (Oliviero et

al., 2018).

C D E F G
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image registration element model processing & apparent
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-~

) ‘

€ €
3D micro-CT Image Finite Results
registration element model

Figure 3.2: Flowchart illustrating the main steps of the pipeline to create the micro-FE models from the
micro-CT images and to evaluate the apparent mechanical properties: (from A to G) micro-CT
acquisition, image registration, image segmentation (binarisation), creation of the micro-FE models,
results generation, post-processing of the local displacements and strains, calculation of failure load

and apparent stiffness.

To align the micro-CT images across the time points, one reference tibia was roughly aligned such that
the axis of the bone was aligned to the z-axis of the image, and the sagittal plane bisected the midpoint
of the line joining the centres of the articular surfaces of the medial and lateral condyles (Lu et al.,
2016). This orientation is referred to as the “nominal axial” orientation within this study. The images
were then rigidly registered to the reference image taken at week 14 (Amira 6.3.0, Thermo Fisher
Scientific, France), as detailed in Lu et al. (2016, 2017). After alighment, the fibula was virtually
removed from all the images and the images were cropped from the slice below the proximal growth
plate towards the distal end of the tibia, resulting in 80% of the total tibia length (MATLAB, 2018A, The
MathWorks Inc., Natick MA, USA) (Cheong et al., 2020b, 2021b). This procedure was associated with
reproducibility errors in estimating local bone mineral content (BMC) lower than 4.25% (Oliviero et al.,
2022). The midshaft Ct.Th for the mice were calculated by Roberts et al. (2023), as the same mice were

used in this study. Briefly, a 1 mm thick region was centred at the tibial 50% of the tibia bone length,
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and the region of interest was manually marked and the midshaft Ct.Th was computed (CT Analyser

v1.18.4.0, Skyscan-Bruker, Kontich, Belgium).

The images were segmented by applying a single-level threshold, defined as the midpoint between
the background and bone peaks of the grey value histogram of the images (Oliviero et al., 2018;
Cheong et al., 2021b). All segmented images were converted into micro-FE models by converting each
bone voxel into a finite element (linear 8-node hexahedral elements). Larger elements were not used
as they would not enable a proper description of the geometry of the trabecular bone in the proximal
portion of the tibia (average trabecular thickness of approximately 45 um (Roberts et al., 2020)).
Tetrahedral elements were not found to improve the prediction of the bone mechanical properties
(Oliviero et al., 2021b). Each model contained approximately 10 million nodes and 9 million elements.
Isotropic, homogeneous, linear elastic material properties were used (E = 14.8 GPa, v = 0.3), which is
in line with previous validation studies which showed good agreement with experimental
measurements (Oliviero et al., 2018, 2021a, 2021b). The boundary conditions were set to simulate the
in vivo tibial loading model: the nodes in the proximal end were fully constrained, and the nodes in
the distal end were connected via kinematic coupling to a control node which was located at the
centroid of the distal surface with a small offset in the superior direction. This was done to avoid over-
constraining the tibia (Cheong et al., 2020a). Three independent unitary load cases (Figure 3.3) were
applied along the inferior-superior, medio-lateral or anterior-posterior directions for each mouse at
each time point. The minimum principal strain was calculated at the nodes. All input files for the
models were generated using MATLAB. The models were solved in Abaqus 2018 (Dassault Systémes

Simulia, RI, USA) using the University of Sheffield High Performance Computing Clusters (ShARC).
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Figure 3.3: (a) Three independent unitary load cases (1N in the inferior-superior direction (F;s), 1N in
the medio-lateral direction (Fumi), and 1N in the anterior-posterior direction (Fap) for each mouse at each
time point) were used to calculate the failure load along the different loading directions. (b) Schematic
representation of the loading directions as a function of the two angles & and ¢. The angle from the
inferior-superior axis is describes by & and ranges from 0° to 30° in steps of 5°. The angle from the
anterior-posterior axis, going anticlockwise (inferior-superior view) is described by ¢, and ranges from
0° to 355° in steps of 5°. (c) Example of three loading directions (from left to right): 9=30°, $=0°; 9=0°,
¢=0° (i.e., nominal axial case); and 9=30°, p=180".
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3.2.3 Post processing

Due to the linear nature of the models, scaling and superposition of the effects were used to combine
the results from the unitary load models during post-processing. This scaling and superposition were
tested for two loading conditions (Case 1: a force of 18.9N at an angle of 6 = 45°, ¢ = 45°i.e. 12 N
applied along each Cartesian direction; Case 2: a moment of 1 Nm in each Cartesian direction), in two
section models of the tibia (a proximal section and a midshaft section). The results of the maximum
and minimum principal strains, the effective strain, and the strain energy density (SED) obtained from
the section model run with the specific loading conditions (direction and magnitude) were compared
against the results obtained from scaling and superimposing the outputs of the unitary section models
by conducting a linear regression analysis. For more details on the testing of the scaling and

superposition, please see Appendix A).

These methods were then applied to the whole bone model to calculate the minimum principal strain
for a resultant of 1 N with different combinations of loading directions (Egs. 3.1 — 3.4). Calculations
were performed as a function of the angle from the inferior-superior axis (6, 0-30° range, 5° steps) and
the angle from the anterior-posterior axis (¢, 0°: anterior axis, positive anticlockwise (inferior-superior

view), 0-355° range, 5° steps) (Figure 3.3).

emin = F[emin] + F [entha] + F47 [,

(3.1)

6.¢

where, g,/ is the minimum principal strain value calculated in each node for the loading direction

defined by the angles 8 and ¢, el-..., eML and &/F are the minimum principal strain values calculated

in each node for each of the three unitary cases, and F'S , FML  and FAP are scaling coefficients, such

that:
FIS = Fcos 6
(3.2)
FML = Fsin 0 sin ¢
(3.3)
FAP = Fsin 0 cos ¢
(3.4)

where, F is the applied force in the model, i.e., F =1 N.
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The bone strength (failure load; FL_FE, N) for each loading direction (Figure 3.2 F&G) was estimated
using a previously validated modelling pipeline (Oliviero et al., 2021a). The bone was assumed to fail
when 10% of the nodes of the model reached a critical third principal strain value equal to -14,420 ue
(Oliviero et al., 2021a). Therefore, the tenth percentile value of the minimum principal strain was
calculated and used to rescale the applied unitary load in order to calculate the failure load (Egs. 3.5 —

3.6).

Let X = {xq, X3, ..., X, } be the ordered set of minimum principal strain values, where n is the number

of nodes in the micro-FE model.

FL_FE = ﬂ X
- X, X 10°
(3.5)
where, F is the force applied to the micro-FE model (in this case 1N) and
k = [0.1n]
(3.6)

i.e., k is the smallest integer greater than or equal to 10% of n.

To enable comparison across loading directions, the FL_FE for each loading direction was normalised
(NFL_FE, %) by the FL_FE calculated for the nominal axial loading direction (8 = 0°, ¢ = 0°) for each

mouse at each time point (Eq. 3.7).

0.6 FL_FE®% — FI, FE®0
NFL_FE®® = FLFE0 x 100

(3.7)

where, NFL_FE®? is the normalised failure load at the loading direction defined by & and ¢, with
respect to the nominal axial case, FL_FE®? is the failure load at the loading direction defined by &
and ¢, and FL_FE®? is the failure load of the nominal axial case. Note: If a loading direction has a
positive NFL_FE then the FL_FE of that loading direction is higher than the nominal axial case, and a

negative NFL_FE refers to a FL_FE which is lower than the nominal axial case.

To evaluate the effect of the time point (week 18 vs week 20), and of the group (OVX vs OVX+ML), the
following quantities were calculated for all loading directions (6 in range 0-30°, ¢ in range 0-355°): the
absolute difference in failure load (absAFLt_FE, N) between the time points (week 18 vs week 20) for

OVX and OVX+ML groups, percentage differences in failure load (AFLt_FE, %) between time points
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(week 18 vs week 20) for OVX and OVX+ML groups (Eg. 3.8), and the percentage points (difference
between the percentage changes) of the failure load (AFLg_FE, %pt) from week 18 to week 20
calculated between the two groups (OVX vs OVX+ML).

FL_FESS — FL FED?

AFLt FE®% = W18 « 100

0.6
FL_FEQ?.

(3.8)

where, AFLt_ FE?® is the percentage difference in failure load between time points at the loading

direction defined by ¢ and ¢, FL_FE‘Z,'(f8 and FL_FE‘Z,'(Zp0 are the failure loads at week 18 and week 20,

respectively at the same loading direction (defined by & and ¢).

A safety factor (SF) was calculated for each loading direction by dividing the calculated FL_FE by the
applied load in the in vivo tibial loading model (12 N). This was to identify the loading directions for

which the tibia was at risk of fracture.

The apparent bone stiffness (S_FE, N/mm) was calculated as the ratio between the axial applied force
(i.e., when 6 = 0°) and the average displacement along the longitudinal direction calculated for the

loaded nodes.

3.2.4 Statistical analysis

The mean, standard deviation (SD) and coefficient of variation (CV) of the apparent bone stiffness was
calculated for the nominal axial loading direction for each group of mice, at each time point. The mean,
SD and CV of the bone strengths were calculated for each loading direction for each group of mice, at

each time point.

Non-parametric tests were chosen due to the results not being normally distributed (Shapiro-Wilks
test) and the small sample size. The difference in stiffness between time points was assessed using the
non-parametric two-tailed Wilcoxon test. The difference in mean stiffness between groups was
assessed using the non-parametric two-tailed Mann-Whitney U test. The effect of the loading direction
on the strength between time points was assessed using the non-parametric two-tailed Wilcoxon test.
The effect of the loading direction on the mean strength between groups was assessed using the non-
parametric two-tailed Mann-Whitney U test, as was the comparison between the nominal axial loading
direction and every other loading direction. The statistical significance level was set at a = 0.05 for all

tests.
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The FL_FE for every mouse in both groups and both time points were pooled for each loading direction
(N=22). The p-value was computed to check if the midshaft Ct.Th and the FL_FE were correlated for
each loading direction. The null hypothesis was that the coefficient of determination (R? value)
between the two variables was not statistically different from zero. If the null hypothesis was rejected,
the R? value and the equation of the linear regression line were calculated for the regression analysis
corresponding to that loading direction. The range of the failure load across the pooled data, for each
loading direction, was calculated and normalised by the mean strength for that loading direction i.e.,
the normalised range for a loading direction was calculated as the difference between the maximum
and minimum values of the pooled failure loads for that loading direction, divided by the mean pooled
failure load for that loading direction, and multiplied by 100 to obtain the normalised range (MATLAB,
2023A, The MathWorks Inc., Natick MA, USA).

3.3 Results

In total, 504 loading directions were evaluated for each mouse, for both mouse groups (OVX and

OVX+ML) and for two time points (week 18 and week 20) (Table 3.2).
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Table 3.2: For both groups and time points: loading directions associated with the minimum (8 = 30°, ¢ = 30-50°) and maximum failure loads (& = 10°, ¢ = 205-
210°), mean minimum and maximum failure loads (FL_FE), and mean apparent stiffness (S_FE) calculated for the nominal axial direction (8 =0°, ¢ =0°). SD —

standard deviation, OVX — ovariectomy, OVX+ML — ovariectomy and mechanical loading, W18 — week 18, and W20 — week 20.

Loading direction for Minimum FL_FE  Loading direction for = Maximum FL_FE S_FE (mean +

minimum FL_FE (6, (mean + SD) [N] maximum FL_FE (6, (mean + SD) [N] SD) [N/mm]

range of ¢) [] range of ¢) [']
OVX-W18 30, [30-45] 12.6 £ 0.772 10, [205-210] ‘ 657 + 478 2432 + 271
OVX-W20 30, [35-45] 12.5 £ 0.691 10, [205-210] ‘ 66.3 + 4.40 237.0 + 22.8
OVX + ML-WIS 30, [40-45] | 13.3 + 0.606 | 10, [205-210] ‘ 69.5 + 2.15  m37es0
OVX_ML-W20 | 30, [45-50] | 15.1 + 0.659 | 10, [205-210] | 780 + 3.34 2930+ 154

SD, standard deviation; OVX, ovariectomy; OVX + ML, ovariectomy and mechanical loading; W18, week 18; and W20, week 20.

86



The apparent bone stiffness (S_FE) in the OVX group was not significantly different between week 18
(243.2 £ 27.1 N/mm) and week 20 (237.0 £ 22.8 N/mm; p = 0.188). The S_FE in the OVX+ML group at
week 18 (273.7 £ 8.0 N/mm) was significantly different from the S_FE at week 20 (293.0 + 15.4 N/mm,
p = 0.031). The difference in the change of S_FE from week 18 to 20 was significantly higher for the
OVX+ML (7.03 = 2.66%) group compared to the OVX group (-2.55 + 3.70%, p = 0.009).

Large variation in the failure load (FL_FE) of the mouse tibiae across the tested loading directions was
observed (Figure 3.4). Similar trends were found across all groups and time points. For the OVX group,
at week 18, the FL_FE ranged from 12.6 N (6 = 30°, ¢ = 30-45°) to 65.7 N (6 = 10°, ¢ = 205-210°). At
week 20, the FL_FE within the OVX group ranged from 12.5 N (6 = 30°, ¢ = 35-45°) to 66.3 N (6 = 10°,
¢ = 205-210°). For the OVX+ML group at week 18, the FL_FE ranged from 13.3 N (6 = 30°, ¢ = 40-45°)
to 69.5 N (6 = 10°, ¢ = 205-210°). At week 20, the FL_FE in the OVX+ML group increased and ranged
from 15.1 N (6 = 30°, ¢ = 45-50°) to 78.0 N (similar angle for maximum FL_FE as for week 18; 6 = 10°,
¢ =205-210°). The CV for the FL_FE for all groups and time points ranged between 2.49% and 8.54%,

with the OVX group generally having larger coefficients of variation than the OVX+ML group.
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Figure 3.4: Heatmaps of the mean values of FL_FE and coefficients of variation (CV) across all loading
directions (& in range 0-30°, ¢ in range 0-355°) for both groups (OVX and OVX+ML) and time points
(W18 and W20). The red square and arrow highlight the loading direction for which the maximum
FL_FE was found. OVX —ovariectomy, OVX+ML — ovariectomy and mechanical loading, W18 —week 18,
W20 - week 20.
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Similar trends were found for the normalised failure load (NFL_FE) across all groups and time points
(Figure 3.5). NFL_FE nearly doubled for loading directions with 8 approximately 10° and ¢ between
205 and 210°.
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Figure 3.5: Heatmaps of the mean normalised failure load (NFL_FE) across all loading directions (& in
range 5-30°, ¢ in range 0-355°) for both groups (OVX and OVX+ML) and time points (W18 and W20).
The values in grey show the loading directions associated with FL_FE to be not significantly different to
the FL_FE obtained for the nominal axial loading direction. The yellow square and arrow highlight the
loading direction for which the maximum mean NFL_FE was found. The failure loads have been
normalised by the nominal axial case, hence why the & = 0° is omitted. OVX — ovariectomy, OVX+ML —

ovariectomy and mechanical loading, W18 — week 18, W20 — week 20.

Typical distributions of the minimum principal strain obtained for loads along the nominal axial loading

direction (6 = 0°, ¢ = 0°), and in the direction associated with the maximum FL_FE, are reported in

89



Figure 3.6. For both the nominal axial loading direction and the loading direction associated with the
minimum FL_FE and NFL_FE, high absolute values of the minimum principal strain were localised in
the medial distal and lateral portions of the tibia. High strains were found proximally to the distal
tibiofibular junction in the posterior portion of the bone, across all groups and time points. Lower
strains were found at the anterior crest for all groups and time points. Additionally, for the loading
direction associated with maximum FL_FE and NFL_FE, high absolute values of the minimum principal
strain were also localised in the medial proximal portion of the tibia. As expected, small differences
were found for models at week 18 between the two groups (both groups scanned before treatment
started), and significant differences induced by the mechanical loading could be observed at week 20.
Typical internal distributions of the minimum principal strain calculated for models loaded along the
nominal axial loading direction (8 =0°, ¢ = 0°), along the direction associated with the minimum FL_FE,
and along the direction associated with the maximum FL_FE, are reported in Figure 3.7. High absolute
values of the minimum principal strain bridge the periosteal and endosteal surfaces of the cortical

bone, for these three loading directions.

Nominal axial loading case Minimum FL_FE case Maximum FL_FE case
(6=0°, $=0°) (6=30°, $=40°) (6=10°, $=210°)
OVX OVX+ML OVX OVX+ML OoVvX OVX+ML
Proximal
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Figure 3.6: Minimum principal strain distribution of two representative tibiae (OVX — mouse 3, OVX+ML

— -300

W20

-600

— mouse 5) obtained using a load of magnitude 1N at W18 and W20. It should be noted that at W18
both groups were untreated, so observed differences are associated mainly with different animals. Left:
Load applied along the nominal axial loading direction (& = 0°, ¢ = 0°). Middle: Load applied along the
loading direction associated with the minimum FL_FE (8 = 30°, ¢ = 40°). Right: Load applied along the
loading direction associated with the maximum FL_FE (= 10°, ¢ = 210°). OVX — ovariectomy, OVX+ML

—ovariectomy and mechanical loading, W18 — week 18, W20 — week 20.
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Figure 3.7: Internal minimum principal strain distribution of a representative tibia (mouse 5) within the
OVX+ML group, obtained using a load magnitude 1 N at W18 and W20. For each week three loading
directions are shown: the load applied along the nominal axial loading direction (§ = 0°, ¢ = 0°), the
load applied along the loading direction associated with the minimum FL_FE (8 = 30°, ¢ =40°), and the
load applied along the loading direction associated with the maximum FL_FE (8 = 10°, ¢ = 210°). OVX
—ovariectomy, W18 — week 18, W20 — week 20.
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For the OVX group, the FL_FE between weeks 18 and 20, both absolute difference and percentage
difference (absAFLt_FE and AFLt_FE, respectively) were not significantly different for any loading
direction (maximum absolute difference 0.80 N (Figure 3.8), maximum absolute percentage difference
1.7% (Figure 3.9), p > 0.05). For the OVX+ML group, the FL_FE increased significantly between weeks
18 and 20 (p < 0.031) with absAFLt_FE between 1.6 N (6 = 30°, ¢ = 70°) and 8.6 N (8 = 10°, ¢ = 210°)
and AFLt_FE between 5.4% (6 = 15°, ¢ = 190°) and 16.0% (6 = 10°, ¢ = 305°). Percentage point
differences between AFLt_FE for the OVX and the OVX+ML groups were significant for any loading
direction (p < 0.004), with AFLg_FE ranging between 6.2% (6 = 15°, ¢ = 190°) and 14.6% (6 = 10°, ¢ =
310°) (Figure 3.9).
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Figure 3.8: Left: Heatmap of the absolute difference in mean failure load (absAFLt_FE) between time
points (W18 vs W20) for OVX group for all loading directions (& in range 0-30°, ¢ in range 0- 355°).
Differences are all statistically insignificant (Wilcoxon test, p < 0.05). Right: Heatmap of absAFLt_FE for
the OVX+ML group for all loading directions. All loading directions were statistically significant when
the two time points were compared (Wilcoxon test, p < 0.05). OVX — ovariectomy, OVX+ML —

ovariectomy and mechanical loading, W18 — week 18, W20 — week 20.
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Figure 3.9: Left: Heatmap of the percentage difference in mean failure load (AFLt_FE) between time points (W18 vs W20) for OVX group for all loading directions
(& in range 0-30°, ¢ in range 0- 355°). Differences are all statistically insignificant (Wilcoxon test, p < 0.05). Middle: Heatmap of AFLt_FE for OVX+ML group for
all loading directions. Right: Heatmap of the difference between the percentage points between the failure load across the two groups (OVX vs OVX-ML)
(AFLg_FE) for all loading directions. All loading directions were statistically significant when the two time points were compared (Wilcoxon test, p < 0.05). The

blue square and arrow highlight the loading direction for which the maximum difference was found. OVX —ovariectomy, OVX+ML — ovariectomy and mechanical

loading, W18 — week 18, W20 — week 20.
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The safety factor (SF) across all loading directions ranged from approximately 1 (in most cases for 0 =
30° and ¢ between 35° and 50°) to 5-6 (6 = 10°, ¢ between 195° and 215°), in all groups and time

points (Figure 3.10).
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Figure 3.10: Heatmaps of the mean values of safety factor (SF) and coefficients of variation (CV, %)
across all loading directions (§ = 0-30°, ¢ = 0-355°) for both groups and time points. The red square
and arrow highlight the loading direction for which the maximum safety factor was found, and the
dashed red areas highlight the loading directions where the safety factor was between 1 and 1.5 (low
safety factor values). OVX — ovariectomy, OVX+ML — ovariectomy and mechanical loading, W18 — week

18, and W20 — week 20.
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In the pooled data (OVX, OVX+ML, W18, W20) the midshaft Ct.Th was a modest to good predictor of
the failure load across all loading directions (R%-range: 67.8-87.9%, all p < 0.001) (Figure 3.11). For the
loading conditions 8 = 5°, ¢ = 215-280° and 8 = 10°, ¢ = 225-290°, the R? values were all greater than
that of the nominal axial case, with the maximum occurring at 8 = 5°, ¢ = 240°. Above 6 = 10°, the R?
values were generally smaller than that of the nominal axial case. The normalised range (the range of
the failure load across the pooled data, normalised by the mean failure load for that loading direction)
(Figure 3.11) ranged from 23.3 — 39.5%, with the maximum occurring at 6 = 30°, ¢ = 105° and the
minimum occurring at 6 = 15°, ¢ = 195°. For the nominal axial case, the normalised range was 33.3%.
Above 6 = 10°, and ¢ = 150°, the normalised range values were generally smaller than that of the

nominal axial case.
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Figure 3.11: Left: Heatmap of the R? values when conducting a linear regression analysis between the
midshaft cortical thickness (Ct.Th) and the predicted failure load (FL_FE), across all mice in both groups
(OVX and OVX+ML) and at both time points (weeks 18 and 20), for all loading directions (& in range 0O-
30°, ¢ in range 0-355°). The yellow area highlights the loading directions which have an R? value which
is greater than the R? value of the nominal axial case (9 = 0°, ¢ = 0°). The red square and arrow highlight
the maximum R? value. Right: Heatmap of the normalised range, across all mice in both groups (OVX
and OVX+ML) and at both time points (weeks 18 and 20), for all loading directions (& in range 0-30°, ¢
in range 0-355°).
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3.4 Discussion

The overall goal of the study was to investigate the effect of the loading direction on the apparent
mechanical properties of the mouse tibia and to evaluate how the apparent mechanical properties are

sensitive to the load after the treatment with external mechanical loading.

Using validated micro-CT based micro-FE models, the apparent mechanical properties of the tibiae
under different loading directions were calculated. The change over time of the apparent stiffness of
the bone was higher for the OVX+ML group than the OVX group. A previous study, in which the
experimental axial stiffness was measured from the load-displacement curves, showed the stiffness of
C57BL/6 mice at ages 16 and 24 weeks to be in the range 188-307 N/mm for ovariectomised mice and
in the range 234-366 N/mm for ovariectomised mice treated with PTH (Oliviero et al., 2021b). The high
variability could be due to the heterogeneous effect of ovariectomy and PTH, but could also be due to
experimental variables such as the bone alignment and fixation in the testing machine. Nevertheless,
even though the age range of the mice in that study was larger (weeks 16-24) than that of this study
(weeks 18-20) and the treatments vary between the two studies, the apparent stiffness values

obtained in this study fit within the range of previously reported experimental stiffness values.

The values of the failure load for the different loading directions showed that the bone is stronger for
a different loading direction to the nominal axial case (8 = 0°, ¢ = 0°), with the maximum occurring at
0 equal to 10° and ¢ equal to 205° or 210°, suggesting that the bone is optimised for this loading
direction, ignoring any contribution of the fibula. The loading direction for which the tibia-fibula
component (lower leg) is loaded in vivo is not currently known. It could be assumed that the loading
direction associated with the maximum failure load is the component of the knee force that loads the
tibia. The fibula is located roughly at a ¢ angle between 170° and 220°; including the fibula in the
model may change the loading direction associated with the maximum failure load as the fibula may
share some of the load and reduce the deformation of the tibia if loaded along these directions. The
low coefficients of variation (range: 2.5-8.5%) associated with the FL_FE estimations at each loading
direction per time point, per group, could be due to small intrinsic differences between mice and could
suggest the reproducibility of the results, in line with the low errors associated with the generation of
the micro-FE models, as recently reported by Oliviero et al. (2022). The mouse tibia has been shown
to be very sensitive to the loading direction, with some loading directions resulting in a FL_FE ranging
from half to double that of the nominal axial case. This result expands on those of a previous study,
which showed that small variations of the load direction (effect of transverse load due to physiological
loading on top of axial external mechanical loading) affect the local deformation and strain energy

density (Cheong et al., 2021a). This result highlights the importance of controlling the loading direction
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when using the in vivo tibial loading model; a problem already demonstrated in a repositioning study
for the in vivo tibial loading model (Giorgi and Dall’Ara, 2018) and in a misalignment study for the
rodent tail loading model (Goff et al., 2014). The loading direction during this kind of experiment could
be partially accounted for by integrating a tri-axial load cell in the experimental setup or using
advanced 3D printed loading caps. It should be noted that the variability of the loading direction could
be critical when developing multiscale models to predict bone adaptation driven by
mechanoregulation (Pereira et al., 2015; Cheong et al., 2020b, 2021b), and accounting for it may

improve the accuracy of the predictions.

It should also be noted that the safety factor calculated in this study identified the loading directions
with 6 = 30° as critically close to 1, and therefore at risk of bone failure during the in vivo tibial loading
experiments (Figure 3.10), a problem which has been previously reported (Yang et al., 2017). While
further studies should be performed to understand the load sharing between the different
musculoskeletal components of the mouse leg, this risk should be considered to maximise animal
welfare during the experimental studies. Furthermore, the risks of inducing bone fractures during the
tests would be reduced by incorporating features in the loading rigs that minimise potential

misalignment errors, ensuring that they stay below 20° with respect to the longitudinal axis of the tibia.

When making comparisons between time points for the OVX group, the differences in FL_FE were
within the limits of the inter-operator reproducibility error of the FE pipeline (precision error below
1.96%) (Oliviero et al., 2022), and in fact were not statistically different. This result confirms that the
potential changes in bone geometry, trabecular bone volume fraction and cortical porosity (calculated
for each of the ten longitudinal partitions of the tibia), and microstructure due to ovariectomy and
growth between week 18 and week 20 do not affect the failure load, as previously reported by Roberts
et al. (2019). However, this study extends the findings by confirming that this is valid for several loading
directions. On the contrary, for the OVX+ML group, a statistically significant difference between the
time points for all loading directions was found, with an increase of FL_FE between 5.4% and 16.0%
(1.6 — 8.6 N). This was also confirmed by comparing longitudinally the OVX and OVX+ML groups, which
highlighted differences in longitudinal changes of failure load between 6.2% and 14.6%. These results
confirmed that the changes in morphometric and densitometric properties of the trabecular and
cortical bone induced by the external mechanical loading (Roberts et al., 2020) translate into changes
to the FL_FE for the different loading directions included in this study. Furthermore, the direction of
the optimal load remains relatively constant (within 5°) across groups and time points (Figure 3.4). This
result suggests that the mechanical loading increases the tibia FL_FE for all loading directions. However,
when longitudinally comparing the two groups (OVX and OVX+ML), the largest difference was found

for different loading directions (Figure 3.9), suggesting that the external mechanical loading may
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induce bone remodelling that leads to an improvement in FL_FE at non-optimised locations.
Furthermore, the absolute difference in the failure load between weeks 18 and 20 (Figure 3.8) suggests
that this improvement is heterogeneous across loading directions. Nevertheless, the orientation of the

optimal load remains similar across the two considered time points.

The relationship between the midshaft Ct.Th and the FL_FE, predicted across various loading directions,
was investigated. This was in order to see the potential usage of the Ct.Th as a surrogate of the FL_FE
at different loading directions. It was found that for loading directions with a 8 value greater than 10°,
the predictions of FL_FE by using the midshaft Ct.Th are not accurate. As the 0 value increased from
10-30°, the range of ¢ values which resulted in poor R? values increased. For angles with a 8 value
greater than 10°, more bending is induced to the tibia. Given that the tibia is optimised for compressive
loads, where Ct.Th significantly contributes to load-bearing, the increasing influence of bending at
loading directions which correlate with higher 0 values likely explains this reduced predictive accuracy.
The maximum value of FL_FE across all loading directions was found at 8 = 10°, ¢ = 205-210°. The R?
value corresponding to these loading directions (R?: 83.1-84.9%) were within 3% of the R? value of the
nominal axial case (R%: 85.4%). It was also found that for the loading directions 6 = 5°, ¢ = 215-280°
and 8 = 10°, ¢ = 225-290°, the R? values were all greater than that of the nominal axial case. This
suggests that the loading direction the mouse tibia is mainly subjected to during physiological activities

may be within this range.

The main limitation of the study is that the model of the tibio-fibular complex has been simplified.
Firstly, the fibula has not been included in the model. It is known that small differences in repositioning
can lead to large transverse loads at the knee and ankle, which induce bending in the tibia (Giorgi and
Dall’Ara, 2018). This is modelled by increasing 8, which results in an increase in the transverse loads,
and this would in part be transferred through the fibula (Prasad et al., 2010; Cheong et al., 2021a).
However, the inclusion of the fibula in the model would induce further assumptions, as the tibiofibular
joint material properties are currently not known. Additionally, the growth plate has not been included
in the model. The main reason for this design choice is that currently little is known about the material
properties of the growth plate. Nevertheless, this feature is likely to affect the transmission of the load
in the proximal portion of the tibia, and may therefore affect the local deformation, and consequently
the failure load, differently for the different loading directions. It remains to be demonstrated to what
extent the contribution of the fibula, proximal tibio-fibular joint, and soft tissues around the two bones,

would affect the deformation of the tibia.

In conclusion, this study has highlighted the importance of the loading direction on the failure load of

the mouse tibia. The results of this study will be important to optimise the protocols for in vivo tibial
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loading experiments on mice. Moreover, external mechanical loading has been found to increase the
bone strength across all loading directions, providing more insights on the effect of this intervention

on the bone’s apparent mechanical properties.
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Chapter 4: Quantifying the local strain energy density distribution in

the mouse tibia: the critical role of the loading direction

This chapter is based on the following manuscript in preparation:

Quantifying the local strain energy density distribution in the mouse tibia: the critical role of the

loading direction

Farage-O’Reilly, S.M., Cheong, V.S., Pickering, E., Pivonka, P., Bellantuono, I., Kadirkamanathan, V.
and Dall’Ara, E.

To be submitted to Biomechanics and Modeling in Mechanobiology.

The contents of this chapter investigate the effect of the loading direction on the strain energy density
(SED) distributions across the mouse tibia, when using the in vivo tibial loading model. The study
investigates all the 504 different loading directions studied in chapter 3, through the use of micro-CT
based micro-FE models. The models were based on two groups of mice: a group which were
ovariectomised, to simulate post-menopausal osteoporosis, and a group which underwent mechanical
loading after ovariectomy. It was shown that the loading direction changes the SED distribution across
the mouse tibia. The highest SED values changed significantly, varying from half to double the amount
seen when the load was applied directly along the bone's axis. These high SED values were found
across the posterior side and at the distal portion of the tibia. This finding is important as the SED is

considered as the main driver of mechanoregulated bone remodelling.
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Abstract

Introduction: The in vivo tibial loading mouse model has been extensively used to evaluate bone
adaptation in the tibia after mechanical loading. However, there is a prevailing assumption that the
load is applied axially to the tibia. Mechanoregulated bone remodelling models often utilises strain
energy density (SED) as an input parameter to predict bone adaptation, though other mechanical
stimuli, such as principal strains can also be used. The aim of this study was to quantify the effect of
the loading direction on the SED distribution within the mouse tibia, by using validated micro-FE
models of mice which have been ovariectomised and exposed to external mechanical loading over a

two-week period.

Methods: Longitudinal micro-computed tomography (micro-CT) images were taken of the tibiae of
eleven ovariectomised mice at ages 18 and 20 weeks. Six of the mice underwent mechanical loading
treatment at age 19 weeks. Micro-FE models were generated, based on the segmented micro-CT
images. Three models using unitary loads were linearly combined to simulate a range of loading
directions, generated as a function of the angle from the inferior-superior axis (6, 0°-30° range, 5°
steps) and the angle from the anterior-posterior axis (¢, 0°: anterior axis, positive anticlockwise,
(inferior-superior view), 0°=355° range, 5° steps). The SED was calculated and the median 95"-100%"

percentile of the SED was obtained (95P_SED).

Results: The results demonstrated a high sensitivity of the mouse tibia to the loading direction across
all groups and time points. Lower values of the 95P_SED were found for several loading directions (0
=10°, ¢ = 205-210°) than for the nominal axial case (6 = 0°, ¢ = 0°). Higher values of the 95P_SED were
found at different loading directions (6 = 30°, ¢ = 35-50°) to the nominal axial case. These results stress

the high sensitivity to the loading direction.

Conclusion: These results demonstrate that the loading direction significantly impacts the SED
distribution across the mouse tibia. Thus, the magnitude and direction of the applied load should be
well controlled during the experiments and taken into account in predictive models of bone adaptation
using mechanoregulation theories. For example, the findings suggest that in order to decrease the risk
of local micro-damage the value of 6 should be kept below 15° and the value of ¢ should be in the
range 175° and 245°. Conversely, higher values of 6 and specific values of ¢ would lead to high values

of local SED that may lead to an increase in mechanoregulated bone formation.
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4.1 Introduction

Bone is a constantly changing tissue, adapting to the demands placed upon it. This adaptation is driven
by a complex interplay of both biomechanical and biochemical factors (Bonewald, 2011; Martin et al.,
2019). One of the key theories explaining the biomechanical influence on bone adaptation is Frost's
‘mechanostat’ theory (Frost, 2003). This proposes that bone tissue responds and adapts to the level
of mechanical strain it experiences. When subjected to appropriate levels of strain, bone responds by
initiating a process called mechanoregulated bone remodelling. This adaptation of the bone is
undertaken by the bone cells: osteocytes sense the mechanical stimulus, osteoblasts add bone where
needed (for values of strain above a remodelling threshold and below bone yield), and osteoclasts
remove bone where it is not needed (for values of strain below a certain threshold). Understanding
and utilising the principles of this ‘mechanostat’ theory hold significant potential for promoting bone

formation and preventing or treating skeletal diseases such as osteoporosis.

Ovariectomised mice are the most common experimental model for simulating postmenopausal
osteoporosis caused by an oestrogen deficiency, which triggers accelerated bone resorption (Bouxsein
et al., 2005; Roberts et al., 2019). Investigations into the effect of external mechanical loading on
mouse bones (which can induce appropriate strain levels for bone adaptation) using axial loading
models have been conducted. This loading model, first introduced by De Souza (2005) for the mouse
tibia, has become a widely adopted approach in investigations of bone adaptation. In the past 15 years,
it has been utilised in at least 58 studies involving the tibia (Meakin et al., 2014; Nepal et al., 2023).
Moreover, this model has been applied to other murine anatomical sites, including the ulna (at least
10 studies) and caudal vertebra (at least 8 studies) (Nepal et al., 2023)). However, the majority of these
studies investigate the effect of loading on the morphometric parameters, such as the cortical
thickness and trabecular number, or the structural mechanical properties, such as the stiffness and
strength of the bone (Nepal et al., 2023). Yet, information on the strain and strain energy density (SED)
distributions across the bone can provide useful insights to predict mechanoregulated bone adaptation.
These strains can be recorded experimentally through the use of strain gauges in portions of the
external surface of the bone (Sugiyama et al., 2008; Moustafa et al., 2009, 2012; Stadelmann et al.,
20009; Li et al., 2013; Patel et al., 2014; Yang et al., 2014; Norman et al., 2015; Razi et al., 2015), digital
image correlation (DIC) on the external surface of the bone (Carriero et al., 2014; Begonia et al., 2017)
and digital volume correlation (DVC) within the bone loaded in a stepwise manner (Giorgi and Dall’Ara,
2018; Oliviero et al., 2018). Strain gauges can be used to measure local strain values of the bone during
loading, either ex vivo or in vivo (although, if done in vivo, applications of the strain gauges is extremely

invasive). However, they only output strains in limited locations on the bone surface. Additionally, they

108



have been associated with stiffening effects due to their relative size compared to the mouse bone
(Begonia et al., 2017). In comparison, DIC outputs the strain distribution across the surface of the bone.
This technique is sensitive to different parameters required for calculating the strain distribution, such
as speckle size and density (Carriero et al., 2014). Additionally, due to the nature of the technique, it
must be conducted ex vivo. DVC offers a more detailed output of the strain distribution, measuring
both internal (with higher accuracy) and surface (with lower accuracy) strains. Again, this technique
must be carried out ex vivo. To mitigate these limitations, in silico (computational) models can be used
to provide an alternative method for predicting the strains across the internal and surface of the mouse

bone under loading (Birkhold et al., 2016; Carriero et al., 2018; Cheong et al., 2020a, 2021a, 2021b).

Micro-computed tomography (micro-CT) based micro-finite element (micro-FE) models allow for the
non-invasive prediction of the strain distribution across the mouse bone when externally mechanically
loaded (Razi et al., 2014; Yang et al., 2014; Birkhold et al., 2016; Cheong et al., 2021b, 2021a; Roberts
et al., 2023). They also allow for an evaluation of the sensitivity of different parameters on the
biomechanical properties of the bone, where it was found that the loading direction has a significant
impact on the bone’s failure load (Farage-O’Reilly et al., 2024); something that could not be achieved
with experiments. Nevertheless, to ensure their accuracy and reliability in preclinical settings, these
models require validation against experimental data. The displacement and mechanical properties
(stiffness and failure load) of the mouse tibia under compression were accurately predicted by
hexahedral homogeneous micro-finite element (micro-FE) models, as demonstrated in previous

studies (Oliviero et al., 2018, 2021).

These models have been integrated with mechanoregulation algorithms, based on the SED outputs of
the micro-FE models, to predict local bone adaptation (Schulte et al., 2013; Levchuk et al., 2014;
Pereira et al., 2015; Carriero et al., 2018; Cheong et al., 2020a, 2021a). These models have been applied
to investigate the effect of individual and combined treatments for osteoporosis, specifically
parathyroid hormone (PTH) and external mechanical loading, applied using the in vivo tibial loading
model (Cheong et al., 2020b, 2021b). When compared to longitudinal in vivo micro-CT images, the
models were shown to predict bone formation well (a spatial match of above 59% on both the
periosteal and endosteal surfaces) but did not capture resorption well (a spatial match of 47% of the
predicted voxels) (Cheong et al., 2020a). Additionally, this model was used to identify the strain energy
density (SED) as the most suitable mechanical stimulus for driving that mechanoregulation algorithm.
However, this finding, and the overall model outputs, depend on the correctness of the underlying

assumptions used to generate the models.
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A key assumption commonly made in studies simulating the loading direction experimentally induced
by the in vivo tibial loading model is that the load is applied axially to the bone. However, the load is
applied through the knee and ankle joints, introducing uncertainty to the direction of the force applied
to the tibia. Furthermore, as this procedure is repeated several times, repositioning may also have an
effect on the local bone strains (Giorgi and Dall’Ara, 2018). Recent research suggests that the loading
direction can significantly impact the bone's mechanical properties (Farage-O’Reilly et al., 2024). The
predicted failure load ranged from half to double of that of the assumed axial case, depending on the
loading direction. Nevertheless, it is still unknown how the loading direction affects the local
mechanical properties of the mouse tibia, which would impact the mechanoregulated bone adaptation.
Therefore, the aim of this study was to quantify the effect of the loading direction on the SED
distribution within the mouse tibia, by using a validated micro-FE model of mice which have been

ovariectomised and exposed to external mechanical loading over a two-week period.

4.2 Materials and methods

4.2.1 Experimental in vivo data

The same experimental data was used as in Chapter 3. Imaging data was acquired from a previous
study by Roberts et al. (2020) where eleven female C57BL/6 mice were ovariectomised at age 14 weeks
(Figure 3.1) and the right tibiae of the mice were scanned every other week, from week 14 to 24, using
in vivo micro-CT (VivaCT80, Scanco Medical Britisellen, Switzerland). The scanning protocol has been
previously defined by Oliviero et al. (2017), to allow for the scanning of the whole bone at a high
resolution, with minimal effects of radiation (scanning parameters: 55 kVp, 145 pA, 10.4 um isotropic
voxel size, 32 mm field of view, 100 ms integration time and 1500/750 samples/projections). The
images were reconstructed using a third-order polynomial beam hardening correction algorithm based

on a 1200 mgHA/cm?® wedge phantom, which was provided by the manufacturer.

In this study the micro-CT images acquired at weeks 18 and 20 for both for the ovariectomised mice
(OVX group, N=5) and for mice ovariectomised and subsequently subjected to external mechanical
loading (OVX+ML group, N=6) were used. This external mechanical loading was applied using the in

vivo tibial loading model, at weeks 19 and 21 (Figure 3.1).

Each right tibia was secured between two soft caps and subjected to a mechanically loading regime.
The regime consisted of a peak load of 12 N, comprising of a static preload of 2 N followed by a dynamic

load of 10 N. The dynamic load was applied at a high-strain rate of 160,000 N/s (reaching the machines
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maximum nominal speed) for 40 cycles per day, repeated three times per week on alternate days
(ElectroForce BioDynamics 5100, TA instruments, USA). The applied nominal load was assumed to be
along the axial direction of the tibia. This established protocol has been shown to induce adaptations
in both cortical and trabecular lamellar bone without inducing micro-damage (De Souza et al., 2005).
All the experimental procedures complied with the UK Animals (Scientific Procedures) Act 1986 and

were approved by the local Research Ethics Committee of the University of Sheffield.

4.2.2 Image processing and micro-FE models

This study utilises the same validated modelling approach detailed in Chapter 3 (Figure 3.2). The sole
modification to the model involves adjusting the boundary conditions: the load magnitude is scaled

from 1 N to 12 N to simulate the load used in the in vivo tibial loading model (Roberts et al., 2020).

4.2.3 Post processing

The principals of superposition of the effects and scaling were employed during post-processing, due
to the linearity of the models (Figure 3.2 F). This allowed for the unitary load models generated in
Chapter 3 to be combined to output the SED distributions for the resultant load of 12 N acting within
a code of uncertainty (Chapter 3, Equations 1-4, where F = 12 N). This cone was defined in function of
the angle from the inferior-superior axis (6, 0-30° range, 5° steps) and the angle from the anterior-
posterior axis (¢, 0°: anterior axis, positive anticlockwise (inferior-superior view), 0-355° range, 5° steps)

(Figure 3.3).

The frequency plots for the SED values across the tibia were plotted for each loading direction, for 10-
90% of the cropped tibial length (to exclude any effects due to the boundary conditions) (Figure 4.1).
Based on the mechanostat theory, bone formation is anticipated in response to the higher range of
SED values experienced by the tibia, in particular in the OVX+ML group, as due to the mechanical
loading these values are likely to exceed the bone formation threshold (Frost, 2003; Cheong et al.,
2021b). Therefore, the median of the 95"-100™ percentiles of the SED (95P_SED, MPa) were
investigated further. This approach was used to evaluate the highest level of SED for each model,
removing isolated SED peaks in the distributions which are likely artifacts of local stress-strain
concentrations. These concentrations may be due to local issues with the geometry or mesh. The
95P_SED was calculated as the median of the top 5% SED values for each mouse at each loading
direction, to consider all the points without being dependent on the peaks. (Note that this is not
equivalent to the 97.5th percentile due to the non-symmetric distribution of the data.) These medians
were then averaged across mice within each group and time point to obtain the group-level 95P_SED.

To enable comparison across loading directions, the 95P_SED for each loading direction was
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normalised (N95P_SED, %) by the 95P_SED calculated for the nominal axial loading direction (& = 0°,

¢ = 0°) for each mouse at each time point (Eq. 4.1).

6. 95P_SED®® —95p SEDO?0
N95P_SED®® = 95P SEDO x 100

(4.1)

where, N95P_SED9'¢ is the normalised median of the 95th-100th percentiles of the SED at the
loading direction defined by @ and ¢, with respect to the nominal axial case, 95P_SED?%? is the
median of the 95th-100th percentiles of the SED at the loading direction defined by ¢ and ¢, and
95P_SED®0 is the median of the 95th-100th percentiles of the SED of the nominal axial case. Note: If
a loading direction has a positive N95P_SED then the 95P_SED of that loading direction is higher than
the nominal axial case, and a negative N95P_SED refers to a 95P_SED which is lower than the nominal

axial case.

_____________

\ 10-90% of
the cropped
tibial length

Figure 4.1: Location of the region comprising 10-90% of the cropped tibial length.

To evaluate the effect of the time point (week 18 vs week 20), and of the group (OVX vs OVX+ML), the
following quantities were calculated for all loading directions (8 in range 0-30°, ¢ in range 0-355°): the
absolute difference in the 95P_SED (absA95t_SED, MPa) between the time points (week 18 vs week
20) for OVX and OVX+ML groups, percentage differences in the 95P_SED (A95Pt_SED, %) between time
points (week 18 vs week 20) for OVX and OVX+ML groups, and the percentage point difference from
week 18 to 20 calculated between the two groups (OVX vs OVX+ML) (A95Pg_SED, %pt).
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4.2 .4 Statistical analysis

The mean, standard deviation (SD) and coefficient of variation (CV) of the 95P_SED was calculated for

the nominal axial loading direction for each group of mice, at each time point.

Non-parametric tests were chosen due to the results not being normally distributed (Shapiro-Wilks
test) and the small sample size. The effect of the loading direction on the 95P_SED between time points
(A95Pt_SED) was assessed independently, using the non-parametric two-tailed Wilcoxon test. The
effect of the loading direction on the 95P_SED between groups (A95Pg_SED) was assessed using the
non-parametric two-tailed Mann-Whitney U test, as was the comparison between the nominal axial
loading direction and every other loading direction (N95P_SED). The statistical significance level was

set at o = 0.05 for all tests.

4.3 Results

In total, 504 loading directions were evaluated for each mouse in both mouse groups (OVX and

OVX+ML) and for the two time points (week 18 and week 20).

When comparing between loading directions, large variation in the SED distribution across the mouse
tibia were observed. As 0 increased (i.e., as the angle from the inferior-superior axis increased), the
SED distribution deviated from the nominal axial case: the SED consistently increased, for all values of
o (Figure 4.2). This was a consistent trend across all groups and time points. However, the change in
SED distribution fluctuated as ¢ increased (Figure 4.3). This fluctuation was dependent on the specific
loading direction, with the lowest SED fluctuation observed at loading directions associated with ¢ =
45° and the largest SED fluctuation observed at loading directions associated with ¢ = 135°. The SED
distribution for the loading directions applied in the anterior-posterior (¢ = 0°) and medial-lateral (¢ =
90°) directions were similar and were distributed between the range of those applied at ¢ =45° and ¢

= 135°. This pattern was consistent across groups and time points.
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Figure 4.2: The frequency plots for strain energy density (SED; mean * standard deviation) between 0-
2 MPa, for the loading directions associated with & = 10°, 20°, 30° and ¢ = 0-355°, for both groups at
both time points. OVX, ovariectomy; OVX+ML, ovariectomy and mechanical loading; W18, week 18;

W20, week 20.
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Figure 4.3: The frequency plots for strain energy density (SED; mean + standard deviation) between 0-2 MPa, for the loading directions associated with ¢ = 0-
30°and ¢ = 0°, 45°, 90°, 135°, for both groups at both time points. OVX, ovariectomy,; OVX+ML, ovariectomy and mechanical loading; W18, week 18; W20,
week 20.
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The largest changes in the SED distribution were found for loading directions 6 = 0-30°, ¢ = 135° and
6 = 30°, = 0-355° (Figure 4.4). The change in the distributions for both sets of loading directions (a
change in 6 compared to a change in ¢) were similar: the SED was sensitive to both 6 and ¢ in their

considered ranges (6 = 0-30° and ¢ = 0-355°). Again, this pattern was consistent across groups and

time points.

116



0 = 0°-30°, ¢ = 135° @ = 30°, ¢ = 0°-355°

= < 15
2 —o=0° 2
< 9 =50 <
> —8=10° >
© e —8=15° e
= [} 0 = 20° v 10
; = —8=25° =
1 @ —0 = 30° o
X e w I
> k] o [
=2 I g o
T I
€ £
S S
oz Z ol .
2 0 0.5 1 1.5 2
SED (MPa)

OVX-W20
Nomalised Frequency (%)
Nomalised Frequency (%)

0 0.5 1 15 2 0 0.5 1 15 2

SED (MPa) SED (MPa)
15 15§
= ‘ —e=0°
¢ =45°
— \ —¢=90°
— \ —¢ = 135°

PDPDO DD D
[T T T T
WNN RO
ouowo o o
© 0000

OVX+ML-W18
Nomalised Frequency (%)
Nomalised Frequency (%)

0 0.5 1 1.5 2 0 0.5 1 1.5 2

SED (MPa) SED (MPa)

~ 15 ~ 15[

) —8=0° IS \ —¢=0°
(=) - 9=5° < \ ¢ =45°
~N > —0=10° > \ —¢ =90°
; 2 —6 =15° 2 \ —¢=135°
. o 10 0 = 20° 9] ¢ = 180°
o 3 | —8 =25° =) —¢ = 225°
s o —8=130° g —¢ = 270°
T a = —¢=315°
b o °
5|8 ° &
o © ©

£ £

(ZD 0 —= = §

0 0.5 1 1.5 2 0 0.5 1 1.5 2

SED (MPa) SED (MPa)

Figure 4.4: The frequency plots for strain energy density (SED; mean + standard deviation) between
0-2 MPa, for the loading directions associated with the largest changes in distribution (8 = 0-30° and
¢ =135° 9 =30°and ¢ = 0-355°) compared to the nominal axial case, for both groups at both time
points. OVX, ovariectomy; OVX+ML, ovariectomy and mechanical loading; W18, week 18, W20, week
20.

The minimum and maximum values of the median of the 95™-100" percentiles of the SED (95P_SED)

were calculated, and their associated loading directions are reported in Table 4.1. The minimum
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95P_SED (Figure 4.5, highlighted by the blue arrow) was found at 8 = 10°, ¢ = 205° for the both the
OVX and OVX+ML groups at both time points. The maximum 95P_SED (Figure 4.5, highlighted by the
yellow arrow) was found at 8 = 30°, ¢ = 40° for the OVX group at both time points and at 6 =30°, ¢ =
45° for the OVX+ML group at both time points. The 95P_SED ranged from 0.08-4.79 MPa for the OVX-
W18 group, 0.08-4.70 MPa for the OVX-W20 group, 0.07-4.44 MPa for the OVX+ML-W18 group, 0.06-
3.52 MPa for the OVX+ML-W20 group. All the groups and time points show similar patterns. However,
OVX+ML-W20 exhibited a lower 95P_SED compared to the other groups and time points. The CV
ranged from 10.00-21.78% for the OVX-W18 group, from 9.03-18.79% for the OVX-W20 group, from
4.44-11.34% for the OVX+ML-W18 group, and from 5.41-11.18% for the OVX+ML-W20 group. There
was greater variation in the OVX group compared to the OVX+ML group. Furthermore, week 20 had

marginally lower variability than week 18.

Loading Loading
direction for Minimum direction for Maximum
minimum 95P SED maximum 95P SED
95Pp SED(B, (meanzxzSD) 95P SED(8, (meanzSD)
range of ¢) [MPa] range of ¢) [MPa]
[°] [°]
OVX-W18 10, 205 0.08 £0.02 30, 35-45 4.79 +£0.60
OVX-W20 10, 205 0.08 £0.02 30, 35-45 4.70+£0.50
OVX+ML-W18 | 10, 205-210 0.07 £0.01 30, 40-50 4.44 +0.30
OVX+ML-W20 | 10, 205-210 0.06 £ 0.01 30, 45-50 3.52+0.31

Table 4.1: For both groups and time points: the loading directions associated with the minimum ($ =
10°, ¢ = 205-210°) and maximum (8 = 30°, ¢ = 35-50°) median 95"-100" percentile of the SED
(95P_SED), and the corresponding mean + standard deviation (SD). It should be noted that at W18 both
groups were untreated, so observed differences are associated mainly with different animals (the
differences between OVX-W18 and OVX+ML-W18 for the maximum and minimum 95P_SED are both
not significant (p > 0.05). OVX, ovariectomy; OVX+ML, ovariectomy and mechanical loading; W18,
week 18; W20, week 20.
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Figure 4.5: Heatmaps of the mean values of the median 95™-100" percentile of the SED (95P_SED) and
the coefficient of variation (CV) across all loading directions (¢ in range 0-30°, ¢ in range 0-355°) for
both groups (OVX and OVX+ML) and time points (W18 and W20). The blue square and arrow highlight
the loading direction for which the minimum 95P_SED was found, and the yellow square and arrow
highlight the loading direction for which the maximum 95P_SED was found. OVX, ovariectomy;
OVX+ML, ovariectomy and mechanical loading; W18, week 18, W20, week 20.
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The 95P_SED normalised for each loading direction (N95P_SED) ranged from half to double of that of
the nominal axial case (Figure 4.6). Similar trends were found to the 95P_SED: the maximum N95P_SED
was at 8 = 10°, ¢ = 205° for all groups and time points. The minimum N95P_SED was at the loading
direction 8 = 30°, ¢ = 40° for the OVX group and at 6 = 30°, ¢ = 45° for the OVX+ML group. For all
groups and time points, loading directions less than 8 = 15° and ¢ = 175-245°, a reduction in the

N95P_SED was found compared to the nominal axial case.
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Figure 4.6: Heatmaps of the normalised median 95%-100" percentile of the SED (N95P_SED) across all
loading directions (& in range 5-30°, ¢ in range 0-355°) for both groups (OVX and OVX+ML) and time
points (W18 and W20). The values in grey show the loading directions associated with a 95P_SED to
be not significantly different to the 95P_SED obtained for the nominal axial loading direction. The green
square and arrow highlight the loading direction for which the minimum N95P_SED was found, and
the yellow square and arrow highlight the loading direction for which the maximum 95P_SED was
found. OVX, ovariectomy; OVX+MlL, ovariectomy and mechanical loading; W18, week 18; W20, week
20.
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Typical distributions of the SED obtained for loads along the nominal axial loading direction (8 = 0°, ¢
=0°), and in the direction associated with the maximum and the minimum 95P_SED, are reported in
Figure 4.7. The loading direction associated with the minimum 95P_SED (6 = 10°, ¢ = 205°) had a higher
frequency of values close to 0 MPa compared to the nominal axial case (Figure 4.7 Minimum 95P_SED
case). This was confirmed by the SED frequency plots (Figure 4.8). Similarly, the loading directions
associated with the maximum 95P_SED (6 = 30°, ¢ = 40-45°) had higher SED values compared to the
nominal axial case (Figure 4.7 Maximum 95P_SED case). This was also confirmed by the SED frequency
plots, which show a higher frequency of larger SED values than the nominal axial case (Figure 4.8). For
the nominal axial loading direction, high values of the SED were found mainly in the distal portion of
the tibia and across the posterior side of the tibia. These SED values were higher in the maximum
95P_SED case and lower in the minimum 95P_SED case. Lower SED values were found at the anterior
crest for all groups and time points. However, the anterior crest SED was increased in the maximum
95P_SED case, compared to the nominal axial case. High SED values were found proximally to the distal
tibiofibular junction in the posterior portion of the bone, across all groups and time points. As expected,
small differences were found for models at week 18 between the two groups (both groups untreated),

and larger differences induced by the mechanical loading could be observed at week 20.
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Figure 4.7: Strain energy density (SED) distributions of two representative tibiae (OVX—-mouse 2,

OVX+ML—mouse 5) obtained using a load of magnitude 12 N at W18 and W20. It should be noted that
at W18 both groups were untreated, so observed differences are associated mainly with different
animals. Left: Load applied along the nominal axial loading direction (8 = 0°, ¢p = 0°). Middle: Load
applied along the loading directions associated with the maximum median 95%-100" percentile of the
SED (95P_SED) (9 = 30°, ¢p = 40-45°). Right: Load applied along the loading direction associated with
the minimum 95P_SED (& = 10°, ¢p = 205°). OVX, ovariectomy; OVX+MlL, ovariectomy and mechanical
loading; W18, week 18; W20, week 20.
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Figure 4.8: The frequency plots for strain energy density (SED; mean # standard deviation) between
0-2 MPa, for the loading directions associated with the minimum median 95"-100" percentile of the
SED (8 = 10°, ¢ = 205°), the maximum median 95%-100" percentile of the SED (8 = 30°, ¢ = 40-45°),
and the nominal axial case (8 = 0°, ¢p = 0°), for both groups at both time points. OVX, ovariectomy;

OVX+ML, ovariectomy and mechanical loading; W18, week 18; W20, week 20.

For the OVX group, the 95P_SED between weeks 18 and 20, both absolute difference and percentage
difference (absA95t_SED and A95t_SED, respectively) were not significantly different for any loading
direction (maximum absolute difference 0.12 MPa (Figure 4.9), maximum absolute percentage
difference 4.24% (Figure 4.10), p > 0.05). For the OVX+ML group, the 95P_SED decreased significantly
between weeks 18 and 20 for majority of the loading directions, not including the nominal axial case.
The range of the OVX+ML absA95t_SED was between -0.92 MPa (6 = 30°, ¢ = 40°) and -0.01 MPa (6 =
15°, ¢ = 210°). While the A95t_SED range was between -25.62% (6 = 5°, ¢ = 245°) and -9.81% (6 = 15°,
¢ =195°) (Figure 4.10). Percentage point differences between A95t_SED for the OVX and the OVX+ML
groups were significant for every loading direction (p < 0.030), with A95g_SED ranging between -22.46%
(6=5° ¢ =255°) and -10.83% (6 = 15°, ¢ = 190°) (Figure 4.10).
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Figure 4.9: Left: Heatmap of the absolute difference in mean 95P_SED (absA95t SED) between time
points (W18 vs W20) for OVX group for all loading directions (& in range 0-30°, ¢ in range 0- 355°).
Differences are all statistically insignificant (Wilcoxon test, p < 0.05). Right: Heatmap of absA95t SED
for the OVX+ML group for all loading directions. The values in grey show the loading directions
associated with non-significant differences between time points (Wilcoxon test, a = 0.05). OVX —

ovariectomy, OVX+ML — ovariectomy and mechanical loading, W18 — week 18, W20 — week 20.
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Figure 4.10: Left: Heatmap of the percentage difference in the median 95%-100" percentile of the SED (A95t_SED) between time points (W18 vs W20) for the
OVX group for all loading directions (& in range 0-30°, ¢ in range 0-355°). Differences are all statistically insignificant (Wilcoxon test, a = 0.05). Middle:
Heatmaps of (A95t_SED) between time points (W18 vs W20) for the OVX+ML group for all loading directions. The values in grey show the loading directions
associated with non-significant differences between time points (Wilcoxon test, a = 0.05). Right: Heatmaps of the percentage point differences in A95t_SED
for the OVX and OVX+ML groups (A95g_SED) for all loading directions. Differences are all statistically significant (Mann-Whitney U test, a = 0.05). The red
square and arrow highlight the loading direction for which the smallest difference was found, and the yellow square and arrow highlight the loading direction

for which the largest difference was found. OVX, ovariectomy; OVX+ML, ovariectomy and mechanical loading; W18, week 18; W20, week 20.

125



4.4 Discussion

The purpose of this study was to quantify the effect of the loading direction on the SED distribution
within the mouse tibia after applying external mechanical loading. Using validated micro-CT based

micro-FE models, the SED distributions across the tibiae were calculated for different loading directions.

The frequency plots showed that the SED experienced by the bone is sensitive to both a change in the
load direction in the inferior-superior direction (defined by 6) and a change in the load direction in the
anterior-posterior and medial-lateral directions (defined by ¢). The loads investigated fell within a cone
of uncertainty centred at the assumed nominal axial loading direction (6 = 0°, ¢ = 0°; 8 ranged from 0-
30° and ¢ from 0-355°, where the foot would be oriented along ¢ = 0°). As O increased, larger
transverse loads were applied to the model, resulting in an increase of higher SED values compared to
the nominal axial case. The difference caused by a change in ¢ determined the direction of the
transverse load. Inclusion of the fibula in the model is expected to result in lower SED values for loading
directions which have larger transverse load components, as suggested by Yang et al. (2014). However,
further investigation is needed to quantify the extent to which the fibula contributes to mitigating high
tibial SED values.

The SED distributions across the tibiae for the nominal axial case were in line with those from a
previous study, which applied the same load magnitude (Cheong et al., 2021a). Furthermore, similar
SED distributions were found to those in another study, which applied physiological loads to the tibia
(linearly scaling the SED values results in a comparable range for the nominal axial case) (Cheong et al.,
2020b). Additionally, the high SED values, found proximally to the distal tibiofibular junction, in the
posterior portion of the bone for all groups and time points, are consistent with reported experimental
bone formation after mechanical loading (Sugiyama et al., 2012; Roberts et al., 2020). Furthermore,
formation was predicted in this location by a mechanoregulation model (Cheong et al., 2020b). As
expected, the values of the maximum 95P_SED for the different loading directions showed that the
bone experiences higher SED values when loaded in the direction occurring at 8 equal to 30° and ¢
equal to 35-50°. Employing the principles of the ‘mechanostat’ theory, these results suggest that the
bone may undergo more formation if loaded at in this direction compared to the nominal axial case
(Frost, 2003). Higher strains are associated with increased woven bone formation (Sugiyama et al.,
2012). However, as the bone experiences higher SED values, it is also more likely to fracture when
loaded in this direction, compared to the nominal axial case. This is in line with a recent study
performed within the group, which showed that the failure load of the mouse tibia was lowest for a
load in the direction occurring at 6 equal to 30° and ¢ equal to 30-50° (Farage-O’Reilly et al., 2024).

The loading directions corresponding to the maximum SED values fall within this range. Therefore,
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although loading directions associated with 8 equal to 30° and ¢ equal to 30-50° may induce more
bone formation, it is not advised to load the bone in this direction due to the predicted failure load, or

if the bone does not yield, the induction of micro-damage.

Conversely, the loading directions associated with the minimum 95P_SED occur when 6 equal to 10°
and ¢ equal to 205-210°. These results are in line with the previously mentioned study, which showed
that the loading direction associated with the lowest failure load was also 8 equal to 10° and ¢ equal
to 205-210° (Farage-O’Reilly et al., 2024). Due to this reduction in high SED values, it could be assumed
that less mechanoregulated bone formation could be occurring if loaded in this direction compared to
the nominal axial case. This could be because the bone is optimised for this loading direction: given
that the fibula's typical orientation is at a ¢ angle ranging from 170° to 220°. The standard deviations
for each loading direction between 0-2 MPa are low for every loading direction. This highlights the
reproducibility of the results and could suggest a good registration between tibiae, although does not
guarantee it. Poor registration would likely result in greater variation in results due to misalignment of
the loading directions. However, the coefficient of variation for the 95P_SED ranges from 4.44% to
21.78% across the groups and time points. This suggests that the larger SED values experienced by
each mouse across the loading directions varied. This could be due to the individual geometries and

micro-structures of each mouse.

The mouse tibia has been shown to be very sensitive to the loading direction, with some loading
directions resulting in a 95P_SED ranging from half to double of that of the nominal axial case. This is
in line with the previous study, which showed the inverse results for the failure load (Farage-O’Reilly
et al., 2024). Furthermore, these results expand on those of a previous study, which showed that a
small increase in the transverse loading direction affects the local deformation and SED (Cheong et al.,
2021a). Similar concerns regarding loading direction have been identified in previous studies, including
a repositioning investigation for the in vivo tibial model (Giorgi and Dall’Ara, 2018) and a misalignment
study for the rodent tail loading model (Goff et al., 2014). It has been suggested that the loading
direction could be controlled through the use of a tri-axial load cell during the loading procedure, or
through the use of mouse-specific 3D printed loading caps (Meakin et al., 2014; Main et al., 2020;
Farage-O’Reilly et al., 2024). Controlling well the variability of the loading direction could improve
predictions of bone adaptation when using mechanoregulation models, as it would limit the
transference of errors in the strain distributions being carried forward though the model pipeline

(Pereira et al., 2015b; Cheong et al., 2020b, 2021b).

When comparing the 95P_SED between time points, the OVX group showed no statistically significant

differences for all loading directions. This is corroborated by Farage-O’Reilly et al. (2024), where it was
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shown that the failure load for the OVX group between week 18 and 20 were not statistically different
for all the loading directions (an extension on a study by Roberts et at. (2019), who showed no change
in the failure load between weeks 18 and 20 for the assumed nominal axial case for the OVX group).
In contrast, the OVX+ML group showed a statistically significant difference in the 95P_SED between
the time points for most loading directions (a decrease between 9.81 % and 25.62%). Surprisingly, no
significant difference was found for the nominal axial case. When comparing the differences between
the groups, no significant difference was found at week 18. However, when comparing the groups
across time points, a statistically significant decrease was found for all loading directions (a decrease
between 10.83% and 22.46%). These results suggest that the external mechanical loading changed the
morphometric and densitometric properties of the bone, as previously reported by Roberts et al.
(2020). Interestingly, the direction of the optimal load exhibited minimal variation (within 5°) across
groups and time points (Figure 4.5). However, the absolute difference in the 95P_SED between weeks
18 and 20 (Figure 4.9) suggests that this improvement is heterogeneous across loading directions. This
suggests a relatively uniform increase in the 95P_SED throughout the tibia regardless of loading

direction during mechanical loading.

This study is limited by the removal of the fibula from the model. An increase in 8, increases the
transverse load applied to the tibia. These loads would in part be shared with the fibula (Prasad et al.,
2010; Cheong et al., 2021a). However, the tibiofibular joint properties are currently unknown,
introducing additional assumptions to the modelling pipeline. Similarly, the growth plate has been
removed from the model, as including this would introduce additional assumptions of the unknown
growth plate material properties. Instead, it was assumed that the load is uniformly applied to the
proximal slice of the model. However, it has recently been found that the strains in the tibia are highly
sensitive to the load location (a study done using micro-FE models and strain gauges, to inversely
identify the location of the load applied) (Pickering et al., 2021). Therefore, it would be of value to
model a range of loading applications in future iterations of the model. This could allow for a more

accurate assessment of load distribution and its influence on the SED experienced by the bone.

In conclusion, this study has highlighted the importance of the loading direction on the SED
distributions across the mouse tibia. The results of this study will be important to minimise errors
carried forward in multiscale models of mechanoregulated bone adaptation, potentially increasing the

accuracy of such models.
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Chapter 5: Assessing the heterogeneity of biomechanical and
biochemical influence in a multiscale biomechano-chemo model of

bone adaptation within a cortical section of the mouse tibia

This chapter is based on the following short communication in preparation:

Assessing the heterogeneity of biomechanical and biochemical influence in a multiscale biomechano-

chemo model of bone adaptation within a cortical section of the mouse tibia
Farage-O’Reilly S.M., Miller C., Cheong V.S., Pivonka P., Dall’Ara E.

To be submitted to a methodological journal as a short communication or to be later integrated as

part of a larger paper.

This chapter explores the development of a pipeline which integrates a micro-FE model with a bone
cell population model (BCPM; an ODE based model) to predict bone adaptation over a two-week
period in an ovariectomised mouse subjected to external mechanical loading, through the in vivo tibial
loading model. This multiscale approach enables a comprehensive understanding of bone adaptation,
encompassing various dimensional levels from the cellular and molecular level to the organ level.
Therefore, allowing for the adjustment of parameters influencing different aspects of the bone
remodelling process across the different scales. This study investigates the heterogeneity of
biomechanical, biochemical and bone adaptation parameters within a midshaft cortical section of the
mouse tibia. Given the substantial changes in bone geometry observed after the initial two-day
simulation period, the micro-FE model should be re-meshed and re-run to ensure accurate estimation

of the local mechanical parameter (strain energy density).
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Abstract

Introduction: Understanding how bone adapts to biomechanical and biochemical stimuli is
fundamental for optimising preclinical investigations of osteoporosis treatments. Micro-finite element
(micro-FE) models paired with mechanoregulation algorithms predict the formation well, but under-
predict resorption, suggesting that resorption is not only mechanically regulated, but also
biochemically regulated. On the other hand, bone cell population models (BMPCs) predict bone
remodelling by calculating the cellular and molecular concentrations within a volume of the bone.
Combined micro-FE models and BCPMs have provided a possible avenue for coupling biomechanical
and biochemical stimuli within the bone. The aims of this study were to (1) develop a pipeline which
integrates a micro-FE model with a bone cell population model (BCPM) to predict bone adaptation
over a two-week period in an ovariectomised mouse subjected to external mechanical loading, and (2)
use this combined model to investigate the heterogeneity of biomechanical, biochemical and bone

adaptation parameters within a midshaft cortical section of the mouse tibia.

Methods: Longitudinal micro-computed tomography (micro-CT) images were taken of the tibia of an
ovariectomised mouse, every two weeks from age 14 to 24 weeks. The mouse underwent external
mechanical loading at age 19 weeks. A micro-FE model was generated, based on the week 18
segmented micro-CT images, and the strain energy density (SED) was calculated. The segmented
images were cropped to a midshaft section of the tibia to reduce computational costs. The images
were mapped to obtain the periosteal and endosteal surfaces for each 2D slice within the section. The
surfaces were sampled to obtain representative surface elements (RSEs) which lined both the
periosteal and endosteal surfaces across each 2D slice. A BCPM, based on a system of ordinary
differential equations (ODEs), was run at each RSE daily, between weeks 18 to 20. The SED was used
to regulate biochemical interactions within the BCPM. Bone adaptation was predicted for both
surfaces, at the end of each day. The daily geometrical changes and cellular and molecular

concentrations were recorded.

Results: The results demonstrated a fair prediction of bone adaptation for the periosteum (54 + 6%)
and endosteum (51 * 17%) across all slices, when compared to the corresponding week 20
experimental data. Daily surface adaptation predictions show substantial changes in bone geometry
after two days of simulation, suggesting that the micro-FE model should be re-meshed and re-run to

ensure accurate estimation of the biomechanical stimulus.

Conclusion: These results show that a combined micro-FE and BCPM can be used to predict bone
changes over time. However, optimisation of the model parameters and significant developments to

the model are required to increase the predictive accuracy.
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5.1 Introduction

Bone is a highly adaptive tissue which responds to biomechanical and biochemical stimuli. These
stimuli are interlinked through complex pathways that regulate the bone remodelling process.
Osteoporosis is a skeletal disease which disrupts the healthy remodelling which occurs in bone. It
reduces the bone mineral density (BMD) and causes cortical thinning, increasing the patient’s risk of
fracture, which can lead to a decrease in mobility and quality of life (Rachner et al., 2011). Current
treatments for osteoporosis include pharmacological interventions, such as parathyroid hormone (PTH)
(Graeff et al., 2009; Borggrefe et al., 2010). However, PTH is associated with high costs and poor
treatment adherence (Yeam et al., 2018). Given bone's adaptive response to mechanical stimuli,
biomechanical interventions have been proposed to enhance bone formation in osteopenic and
osteoporotic patients (Zhao et al.,, 2015; Watson et al., 2018). Nonetheless, these mechanical

interventions often yield modest bone responses (Zhao et al., 2015).

Preclinical experimental studies using ovariectomised mouse models and either ex vivo or in vivo
micro-computed tomography (micro-CT) imaging have demonstrated that PTH increases bone
formation within the mouse tibia, increasing bone strength (Alexander et al., 2001; lida-Klein et al.,
2007; Zhao et al., 2015; Roberts et al., 2020). Similarly, compressive mechanical loading, through the
use of the in vivo tibial loading model, has also been shown to increase bone formation (De Souza et
al., 2005; Fritton et al., 2005; Birkhold et al., 2014; Razi et al., 2015a; Roberts et al., 2019; Main et al.,
2020). Furthermore, combined mechanical loading and PTH treatments elicit an increased osteogenic
response when compared to the respective individual treatments (Sugiyama et al., 2008; Meakin et
al., 2017; Roberts et al., 2020). Therefore, understanding the independent and combined effects of
mechanical loading and PTH treatments on the bone remodelling processes in preclinical studies can
aid in the investigation of new and improved osteoporosis treatments. However, when using preclinical
mouse models, it’s essential to consider the differences between human and mouse bone. Unlike

humans, mice lack Haversian canals, indicating a lack of intracortical remodelling (Jilka, 2013).

Although in vivo micro-CT imaging enables the assessment of the bone microstructure over time, the
mechanisms underlying bone remodelling and biomechanics cannot be investigated. To overcome this,
micro-CT based micro-finite element (micro-FE) models have been used (Stadelmann et al., 2009; Patel
etal., 2014; Yang et al., 2014; Razi et al., 2015b; Oliviero et al., 2021b). Micro-FE models provide a non-
invasive method to extract the bone’s mechanical properties, such as the stiffness and failure load, so
that the effect of treatments on the bone can be investigated longitudinally (Oliviero et al., 2021a).
Furthermore, they allow for the prediction of local mechanical properties across the bone to be made,

providing a deeper understanding of the role of local mechanics in bone remodelling (Meakin et al.,
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2017; Oliviero et al., 2021a; Roberts et al., 2023). Building upon this, micro-CT based micro-FE models
coupled with mechanoregulation algorithms have been employed to predict local bone changes over
time, enabling investigations into the temporal dynamics of mechanoregulated bone adaptation
(Schulte et al., 2013a, 2013b; Cheong et al., 2020a, 2020b; Scheuren et al., 2020; Cheong et al., 2021b;
Marques et al., 2023). These mechanoregulated models have been shown to predict well formation
but under-predict resorption (Schulte et al., 2013b; Cheong et al., 2021b). Highlighting that bone is not

only mechanically regulated, but also biochemically regulated.

A neighbouring avenue to investigate bone changes over time is the development of bone cell
population models (Lemaire et al., 2004; Pivonka et al., 2008; Martinez-Reina and Pivonka, 2019;
Trichilo et al., 2019; Lavaill et al., 2020). These models, known as bone cell population models (BCPMs),
rely on information about the bone cells and biochemical pathways which underlie bone remodelling
and are usually represented by a system of ordinary differential equations (ODEs). BCPMs model bone
remodelling by calculating the concentration of bone cells (osteoblast precursors (OBp), active
osteoblasts (OBa), and active osteoclasts (OCa)) within a specific volume of bone and at a specific time
point. The ODE outputs are then combined to determine the change in bone volume. These BCPMs
have been used to investigate bone adaptation in humans due to PTH and mechanical loading (Martin
et al., 2019; Lavaill et al., 2020) and different PTH administration regimes in a rat model (Trichilo et al.,
2019). With appropriate tuning, these models could predict the mean trends observed in experimental
data. However, localised mechanical input is neglected. Given that bone adapts in response to
biomechanical stimuli, which can vary across the bone, incorporating these localised biomechanical
variations may impact the local cellular and molecular concentrations and hence the local bone

adaptation.

To overcome this limitation, multiscale models have been developed which combine biomechanical
models with BCPM models. Beam theory provides one approach for calculating biomechanical stimuli
which can be combined with BCPMs (Lerebours et al., 2016; Miller, 2023). This has allowed for
investigations into osteoporosis and related treatments. However, beam theory relies on the
assumptions that the bone is modelled as a long beam, and that no shear strains are present. An
alternative to this is to combine micro-FE models with BCPMs. This approach has been used to model
osteoporotic conditions in the human proximal femur (Ashrafi et al., 2020). However, this combined

model was not validated.

The objectives of this study were to (1) develop of pipeline which integrates a micro-FE model with a
bone cell population model (BCPM) to predict bone adaptation over a two-week period in an

ovariectomised mouse subjected to external mechanical loading, and (2) use this combined model to
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investigate the heterogeneity of biomechanical, biochemical and bone adaptation parameters within

a midshaft cortical section of the mouse tibia.

5.2 Materials and methods

The model described in this chapter builds upon a hybrid model developed by Miller (2023). Miller’s
hybrid model predicts bone adaptation in a 2D slice of the mouse tibia by combining a mechanical
beam theory model with a BCPM developed by the QUT Centre for Biomechanics research group
(Martin et al., 2019; Trichilo et al., 2019; Lavaill et al., 2020). The model described in this chapter differs
from that developed by Miller (2023) in two significant ways: (1) by using the SED, obtained from a
micro-FE model, as the biomechanical input, and (2) by predicting bone adaptation across a section of
the mouse tibia. These modifications allow for the inclusion of shear strains in the calculation of the
of biomechanical stimulus. Additionally, extending the model to a larger section of the tibia will
enhance its ability to capture the spatial variability of bone adaptation. As a feasibility study, this
analysis utilised data from a single mouse. However, future investigations can extend this approach to
larger datasets to validate and refine the model's predictive capabilities. All the experimental
procedures complied with the UK Animals (Scientific Procedures) Act 1986 and were approved by the

local Research Ethics Committee of the University of Sheffield.

5.2.1 Experimental in vivo data

One mouse from the OVX-ML group was used from the experimental data described in Chapters 3 and
4, which was collected by Roberts et al. (2020). The mouse was ovariectomised at week 14 of age and
underwent external mechanical loading at weeks 19 and 21, using the in vivo tibial loading model
(Figure 3.1; 12 N peak load, 2 N static preload superimposed with a 10 N high-strain dynamic load, at
a rate of 160,000 N/s (maximal nominal speed of the machine), 40 cycles/day, 3 days/week on
alternate days; ElectroForce BioDynamics 5100, TA instruments, USA). The entire right tibia was
imaged every two weeks from weeks 14 to 24 using in vivo micro-CT (VivaCT80, Scanco Medical
Britisellen, Switzerland). The scanning protocol was previously defined by Oliviero et al. (2017, 2019)
(scanning parameters: 55 kVp, 145 pA, 10.4 um isotropic voxel size, 32 mm field of view, 100 ms
integration time and 1500/750 samples/projections). The images were reconstructed using a third-
order polynomial beam hardening correction algorithm based on a 1200 mgHA/cm?® wedge phantom,

which was provided by the manufacturer. In this study, the week 18 and 20 images were used.
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5.2.2 Image pre-processing

The main steps of the image pre-processing and the generation of the micro-FE model to calculate the
SED are reported in Figure 5.1. The modelling pipeline was previously validated for predictions of
apparent structural properties using compressive tests (Oliviero et al., 2021b) and predictions of local

displacements using Digital Volume Correlation (Oliviero et al., 2018).

Cortical pores Surface
Section & trabeculae coordinates Surfaces Surface points
cropped removed mapped smoothed sampled

F G H

Micro-CT Images Images -
images taken registered segmented
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14 threshold) Micro-FE SED surface
model results
generated outputted

Figure 5.1: Pre-processing pipeline for input into the biomechano-chemo model. (A) Micro-CT images
are taken, (B) Images are registered, (C) Images are segmented using the week 14 threshold, (D) Section
of interest is cropped, (E) Cortical pores are automatically filled and trabeculae are manually removed,
(F) Surface coordinates for each slice are mapped, (G) Surface maps are smoothed, (H) Surface points
are sampled, (1) Micro-finite element (micro-FE) model is generated from the segmented images, (J)

Micro-FE model is run and the strain energy density (SED) is outputted.

One reference tibia from week 14 was repositioned such that the longitudinal axis of the bone was
aligned to the z-axis of the image, and the sagittal plane bisected the midpoint of the line joining the
centres of the articular surfaces of the medial and lateral condyles (Lu et al., 2016). This reference
image was then used to rigidly register all other images (Figure 5.1 B; Amira 6.3.0, Thermo Fisher
Scientific, France), as detailed in Lu et al. (2016, 2017). The fibula was virtually removed from all the
registered images and were then cropped from the slice below the proximal growth plate towards the
distal end of the tibia, resulting in 80% of the total tibia length (Cheong et al., 2020b, 2021b) and the
fibula was virtually removed from all the images (MATLAB, 2018A, The MathWorks Inc., Natick MA,
USA) (Oliviero et al., 2022). This procedure was associated with low reproducibility errors (less than
3.94% when estimating the stiffness and less than 1.96% when estimating the failure load) (Oliviero et

al., 2022).

139



The week 14 images of the mouse used in this study were automatically segmented by applying a
single-level threshold, defined as the midpoint between the background and bone peaks of the grey
value histogram of the images (Oliviero et al.,, 2018; Cheong et al., 2021b). This threshold (529

mgHA/cc) was then used to segment the week 18 and 20 images of the same mouse (Figure 5.1 C).

The week 18 images were then cropped (Figures 5.1 D and 5.2) to a 10% section of interest within the
tibia midshaft (resulting in a section equating to 135 image slices), a section which undergoes
significant adaptation due to combined mechanical loading and PTH treatment (Roberts et al., 2020).
The cortical pores and trabeculae were removed from the section of interest (Figure 5.1 E), so that the
mapping of the periosteal and endosteal surfaces could later be done. This was carried out using the
procedure defined by Moraiti et al. (2024). Briefly, for each 2D image slice, all pores with a perimeter
smaller than 52 pixels were automatically identified and artificially filled by applying simultaneous
dilation and erosion algorithms (MATLAB, 2020B, The MathWorks Inc., Natick MA, USA). For the
remaining hole-like features, images from weeks 18 and 20 were analysed to determine the number
of consecutive slices containing the feature. Features present in fewer than seven consecutive slices
at both ages were identified as trabeculae and manually removed from all slices in the images. Given
that the typical size of trabeculae in mice ranges from 40 to 70 um (Christiansen, 2016), this criterion
was used to identify trabeculae. Any remaining features were either classified as early-stage trabeculae
(these features resembled notches) or transverse cortical pores (these features resembled transverse

cortical gaps). Those identified as trabeculae were removed, and cortical pores were filled.
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Figure 5.2: Location of the section of interest (section 5) within the tibia.

To align with the location of bone adaptation in mice, which is primarily confined to the bone surfaces

due to the absence of osteons, the pixels along the periosteal and endosteal surfaces, for each slice,
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were identified and mapped to an array (periosteal array: P?, endosteal array: PE; Figure 5.1 F). The

surfaces of each slice were described using the continuous function
n° = @m5m), where S € {P,E}
(5.1)

which represents the (x,y) coordinates of the points on a surface (S), where S can either be P
(representing the periosteum) or E (representing the endosteum). The surface functions were
smoothed by calculating the mean over a window of 10 surface points on the periosteum and 20
surface points on the endosteum, to mitigate for any partial volume effects (Figure 5.1 G). The
smoothed surfaces arrays for each slice were sampled (Figure 5.1 H) evenly such that the periosteum
of each slice consisted of 160 points and the endosteum consisted of 100 points, maintaining a
periosteum to endosteum perimeter length ratio of 8:5. The sampled surfaces arrays P” and Pt each
define the centre of a representative surface element (RSE). Each RSE is approximately 100 um in
diameter, which was defined as large enough to contain the cells (an osteoclast is approximately 50
um in diameter), but small enough to capture the bone surface geometry. Although RSEs can overlap
with one another, they are assumed to be independent. Each RSE only considers surface elements, but
to adapt for the parameters used within the BCPM (Section 5.2.4.3.5), which are mainly related to

volumetric estimations, the RSEs were given a constant thickness equivalent to the voxel size (10.4

um).

5.2.3 Micro-FE model generation

From the segmented week 18 images of the whole tibia, micro-FE models were generated (Figure 5.1
[). This was done by converting each bone voxel into a finite element (linear 8-node hexahedral
elements). The element size was equal to the voxel size to minimise partial volume effect. Tetrahedral
elements were not found to improve the prediction of the bone mechanical properties (Oliviero et al.,
2021b) so hexahedral elements were preferred as the meshing procedure is more efficient. The model
contained approximately 10 million nodes and 9 million elements. Isotropic, homogeneous, linear
elastic material properties were used (E = 14.8 GPa, v = 0.3), which is in line with previous validation
studies which showed good agreement with experimental measurements (Oliviero et al., 2018, 2021a,
2021b). The boundary conditions were set to simulate the in vivo tibial loading model: the nodes in
the proximal end were fully constrained, and the nodes in the distal end were connected via kinematic
coupling to a control node which was located at the centroid of the distal surface with a small offset in
the superior direction (Cheong et al., 2020a). A 12 N load was applied to the control node along the

inferior-superior direction. The SED was recorded at the nodes (Figure 5.1 J). All input files for the
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models were generated using MATLAB. The model was solved in Abaqus 2021 (Dassault Systémes

Simulia, RI, USA) using the University of Sheffield High Performance Computing Clusters (Stanage).

5.2.4 Biomechano-chemo model

The main steps of the biomechano-chemo model to predict the changes in geometry over time are

reported in Figure 5.3. The modelling pipeline has been adapted from that of Miller (2023).

A B c Sigmoidal H D -\ E
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Figure 5.3: Pipeline for the biomechano-chemo model. (A) External strain energy density (SED) results
are mapped to the sampled surface points, (B) Initial conditions for the representative surface elements
(RSEs) are assigned, (C) Mechanosensation function is applied, (D) Bone cell population model is run,

and the geometry is updated, (E) Predicted surfaces are outputted.

5.2.4.1 Regulatory functions

BCPMs are based on the interactions of molecules included in the bone remodelling pathways,
including ligands and receptors. The binding of ligand-receptor complexes depletes the available ligand
and receptor populations while simultaneously increasing related signalling pathway activity (i.e.,
upregulating downstream signalling pathways), leading to enhanced cellular responses, such as
increased cell proliferation or differentiation. Conversely, the unbinding of these ligand-receptor
complexes can decrease related signalling pathway activity (i.e., downregulate these downstream
functions). There are two main regulatory functions which are employed in this model, affecting the
concentration of PTH and RANKL, the differentiation of lining cells and the proliferation of osteoblast
precursor cells. First, the logarithmic 7 function, which activate (1 4.) or repress () downstream

functions. The general equations for these functions can be seen below.

L L

R
act Kactrr + L

(5.2)
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ok — Krep,RL
rep Kreprr + L

(5.3)

where L represents the ligand concentration, K.t g, and Kiepr; represent the activation and
repression coefficients of the ligand-receptor complex. Secondly, the sigmoidal H function, which
upregulates (H") or downregulates (H ™) downstream functions with respect to an increase in stimulus

(L). The general equations for these functions can be seen below.

H+ — . ( ] p]) Ly}
Ly =P Y7
Jj
(5.4)
- - (a; — pj)- LY
Lj — a] - 67] + Ly]
Jj
(5.5)

where a is the minimum effect response, p is the maximum effect response, § is the homeostatic
value, and y is the response steepness of a specific affected process j. The resultant of both the
logarithmic i functions and the sigmoidal H functions is a scalar, which will scale certain parameters

in downstream functions, as will be seen in Sections 5.2.4.2 and 5.2.4.3.

5.2.4.2 Biomechanical model

The biomechanical stimulus (the SED) was obtained from the micro-FE models of the whole tibia. The
external surface SED results were outputted by the micro-FE model, cropped to the section of interest,
and mapped onto the sampled surface points (i.e., the centroid of each RSE), using the nearest
neighbour approach (Figure 5.2 A). These surface point SED values were transformed into daily strain
signals through two sigmoidal H functions, one which upregulates functions in the BCPM and one
which downregulates functions in the BCPM. These can be described as mechanosensation functions
and take the following forms:

(aj—p;).SEDY]

g v where j = BrankL,
8 +sED"]

Hsppj = aj —

(5.6)

Vi

(dj—pj).SED J
7 -

8,/ +sEDY] ’

Hs+ED,j = pPj where j = DLC'POBp
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(5.7)

where H is the scalar daily strain stimulus value, @ and p are the minimum and maximum bounds,
respectively, § is the SED value that induces a 50% response, and y is the response steepness of the
target process j. In the H™ function the target process is RANKL production (Srank1)- Low SED values
cause an increase in RANKL production on the endosteal surface. In the H* function the target
processes are either the bone lining cell differentiation (D;) or the osteoblast precursor proliferation

(POBp). High SED values upregulate the differentiation of bone lining cells into active modelling

osteoblasts on the periosteum and upregulate the proliferation of osteoblast precursors into active
remodelling osteoblasts on the endosteum. All H functions are calculated at the start (day 1) of the
simulation, before the BCPM, for each sampled surface point, on both surfaces and across every slice,

independently.

5.2.4.3 Bone cell population model

The equations which define the BCPM are taken from Miller et al. (2023), for convenience the
equations are listed below, each followed by its description. The BCPM was modified to account for
SED in place of longitudinal strains originally considered in the previous model. Additionally, modified

parameters within the model have been explicitly stated.

The following sections outline the system of ordinary differential equations (ODEs) that describe the
BCPM. The ODEs describe changes in the cellular environments and are solved for each RSE

independently. The terminology used within these equations are listed in Table 5.1.

The periosteal and endosteal RSEs contain their respective bone cells (Figure 5.4). Periosteal RSEs
contain bone lining cells and active modelling osteoblasts, while endosteal RSEs contain active
remodelling osteoblasts and osteoclasts, due to low levels of periosteal resorption previously observed
in the mice (Cheong et al., 2021b). Consequently, the periosteal surface can only undergo formation

and the endosteal surface can undergo formation and resorption.
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Table 5.1: Terminology and description of the common parameters within the BCPM, where j can

represent either a cell or molecule, as outlined by Miller (2023).

Parameter Description

B; Production rate of j

D; Degradation rate of j

inj; External dose concentration of j
ks Binding rate constant of ligand j
ky Unbinding rate of ligand j

P; Proliferation rate of cell j

Aj Apoptosis rate of cell j

"% Osteoclast @ Osteoblast e Lining cell

T Formation lResorption ORSE

Figure 5.4: Cell type availability across the representative surface elements (RSEs). RSEs on the
periosteum (P?) can only undergo formation (green arrow) and consists of osteoblasts and bone lining
cells. RSEs on the endosteal surface (Pt) can undergo both formation (green arrow) and resorption (red

arrow) and consists of osteoblasts and osteoclasts.
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5.2.4.3.1 Ligand-receptor complexes related to periosteal adaptation

On the periosteal, surface PTH in the system affects osteoblast apoptosis. PTH anabolically
downregulates active osteoblast apoptosis, increasing the concentration of active osteoblasts, thus

increasing formation. The concentration of PTH was modelled over time using the below equation.

dPTH

ar Bpru — Dpry - PTH + injpry

(5.8)

where Spry represents the production of PTH, Dpry - PTH represents the natural degradation of PTH,
and injpry represents an external injection of PTH, which in this model was set to 0 as only external

mechanical loading was applied.

PTH affects the active osteoblast apoptosis through the regulatory factors Runt-related transcription
factor 2 (Runx2), phosphorylation of CREB (pCREB), and B-cell lymphoma 2 (Bcl-2) (Peterson and Riggs,
2010; Martin et al., 2020). Therefore, the following equations are used to model the intracellular

mechanics of PTH.

dRunx?2 +
dt = Brunx2 — Drunx2 " Hpr,Runx2 - Runx2
(5.9)
dpCREB N
4t = .BpCREB ) HPTH,pCREB — Dycres "pCREB
(5.10)
dBcl-2
@ Brei2 - Runx2 - pCREB — Dy, * Bcl-2
(5.11)

Each equation has a production term followed by a degradation term. The two sigmoidal H functions
regulate the degradation of Runx2 and the production of pCREB, with respect to PTH. These equations
are later integrated into the BCPM as parameters in the periosteal ODEs representing the

concentration of active osteoblasts over time.

5.2.4.3.2 Ligand-receptor complexes related to endosteal adaptation

Identically to the periosteal surface, PTH effects the endosteal surface. The same equations are used
to model the intracellular mechanics of PTH as described in Egs. 5.8 — 5.11 and integrated into the
BCPM as parameters in the endosteal ODEs representing the concentration of active osteoblasts over

time and the concentration of osteoblast precursors over time. Furthermore, endosteal adaptation
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also depends on the concentration of TGF-B and RANKL. The concentration of TGF-f is described by
the following equation.

dTGF-B

dt = argpp " Kres  0Ca — Drgpp - TGF-B

(5.12)

where argp.pg represents the concentration of TGF-B stored in the bone matrix, and K, is the
resorption constant with respect to the active osteoclast concentration (OCa). Therefore, the first term
represents the concentration of TGF-B released from the bone matrix during resorption, followed by a
degradation term. TGF-B upregulates the apoptosis of osteoclasts and upregulates the differentiation
of osteoblast precursors, but downregulates the differentiation of active osteoblasts (Wu et al., 2016).
Therefore, this ligand is integrated into the BCPM as a downregulatory parameter in the endosteal
ODEs representing the concentration of active osteoblasts and the concentration of active osteoclasts
over time, and as an upregulatory parameter in the ODEs representing the concentration of osteoblast

precursors over time.

The RANKL concentration is primarily regulated by the RANK-RANKL-OPG pathway and therefore this

dynamic pathway is modelled by the following equations.

dOPG OPG PTH
dt :ﬁOPG OBa<1—0PG )'T[rep _kf,OPG OPGRANKL‘Fkr,OPG IOL_DOPG -0OPG
sat
(5.13)
dRANKL _ PTH RANKL + OL + KL o
T dr = Hsgp grank " Prankr " OBp " Taee | 1= N OB + injrankr — kropc
RANKL,0BPax

" OPG " RANKL + kT,OPG " OL - kf,RANK " RANK " RANKL + kT,RANK " KL
_DRANKL 'RANKL

(5.14)
dOL
F = kf,OPG " OPG " RANKL - kT,OPG " OL - DOL " OL
(5.15)
dKL
W = kf,RANK " RANK " RANKL - kT,RANK -KL — DKL -KL
(5.16)
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where OL and KL represent the concentrations of bound OPG-RANKL and RANK-RANKL complexes
respectively, where OPGg,, is the upper limit of OPG concentration and Npanki,0Bp,,,, IS the

maximum number of RANKL per osteoblast precursor OBp.

Eqg. 5.13 represents the change in OPG over time. The equation contains a production term, which is
downregulated through the logarithmic nfgpﬂ function, an OPG-RANKL binding term, an OPG-RANKL

unbinding term, and an OPG degradation term.

Eg. 5.14 represents the changes in RANKL over time. It includes a production term, which is
downregulated by the sigmoidal Hggp g, @Nd Upregulated by the logarithmic nETH function. Low
SED values will upregulate RANKL production, leading to an increase in active osteoclasts, whilst high
SED values will decrease RANKL production, supressing the number of active osteoclasts (Martin et al.,
2019; Galea et al., 2020). Additionally, the change in RANKL is described by an external injection term
used to induce bone loss (equivalent to ovariectomy —a mouse model of osteoporosis), an OPG-RANKL
binding term, an OPG-RANKL unbinding term, a RANK-RANKL binding term, a RANK-RANKL unbinding
term, and a RANKL degradation term. Eqgs. 5.15 and 5.16 describe the binding, unbinding and

degradation of the receptor-ligand complexes OPG-RANKL (OL) and RANK-RANKL (KL) respectively.

5.2.4.3.3 Governing BCPM equations

Whilst bone resorption and formation are “allowed” by the model, only bone formation is assumed on
the periosteum, due to the low levels of periosteal resorption previously observed in the mice (Cheong
etal., 2021b). The periosteum is comprised of lining cells (LC) and active modelling osteoblasts (OBam).
Therefore, either formation can occur, or the current periosteal surface can be maintained. The

periosteal concentration of OBan, is described by the following equation.

dOBa,,
T dr =Dy LC- (AOBam,s ’ (H;TH,DLC + H;ED,DLC) + AoBay,c H;TH,DLC ’ H;ED,DLC) — Aopa,,

: HETH,AOBam *OBap,
(5.17)

where A serves as a synergism ratio between the effects of PTH and mechanical loading. This first term
of the equation describes the interactions of PTH and mechanical loading on lining cell differentiation.
The relationship between PTH and mechanical loading is described by the Appq, s ° (H;'TH_DLC +
HerED,DLC) + AOBam,c : H;TH,DLC : H;ED,DLC terms. The term AOBam,s : (H;TH,DLC + HerED,DLC) allows
PTH and mechanical loading to affect the differentiation of the lining cells into active modelling
osteoblasts independently, linearly scaled by a single treatment factor, diminishing its weight in the

model. The term AOBam,C'H;TH,DLC'H;ED,DLC allows for the combined interaction of PTH and
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mechanical loading to affect the differentiation of the lining cells into active modelling osteoblasts,
linearly scaled by a combined treatment factor, increasing its weight in the model. The second term of
the equation describes the active modelling osteoblast apoptosis rate. This apoptosis term also

accounts for the reversion of OBay, into inactive lining cells (Matic et al., 2016; Wein, 2017).

The endosteum is comprised of active remodelling osteoblasts (OBa;) and osteoclasts (OCa) (Jilka,
2013). The concentration of osteoblast precursor cells (OBp) affects the concentration of active
remodelling osteoblasts over time. Together these cells allow either formation or resorption to occur

on the endosteal surface. This endosteal remodelling is described by the following equations.

dOBp TGF-B TGF-B
dt = Dopuy - Tact,0Bu OBu — DOBP "TMyepoBu OBp + POBP

. . + + . HT .yt .
(AOBar,S (HPTH,POBp + HSED,POBp) + AOBP,C HPTH,POBp HSED,POBp) OBp

(5.18)
dOBa TGF- —
i L DOBp . T[Tep,OﬁBp . OBP - AOBar ) HPTH,AOBa,, ’ OBar
(5.19)
dOCa TGF-
dr Docp - ”gé‘ltl,vo%p *0Cp —Apca* ”act,olza *0Ca
(5.20)

Eg. 5.18 represents the concentration of population of osteoblast precursors on the endosteum, and

is described by an uncommitted osteoblast differentiation term, which is upregulated by the

logarithmic ”foc_)t;u function, a reduction term due to the differentiation of osteoblast precursors into

TGF-B

rep,0Bu function, and an

active remodelling osteoblasts, which is downregulated by the logarithmic
osteoblast precursor proliferation term that is upregulated by the sigmoidal H;THrPOBp and HS*'ED,pOBp
functions (i.e., with respect to PTH and mechanical loading). Similarly to Eq. 5.17, Eq. 5.18 contains a
term which describes the relationship between PTH and mechanical loading. However, this term
instead considers the proliferation of the osteoblast precursors, instead of the differentiation of the

lining cells, as described in Eq. 5.17.

Eqg. 5.19 represents the concentration of active remodelling osteoblasts on the endosteal surface, and

is described by the differentiation of osteoblast precursor cells, which is upregulated by the logarithmic

TGF-B

rep,0Bp function, and the apoptosis of active remodelling osteoblasts, which is downregulated by the

sigmoidal H;THIAOBar function (i.e., with respect to PTH). Eq. 5.20 represents the active osteoclast

concentration on the endosteal surface, and is described by the differentiation of osteoclast precursor
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cells, which is upregulated by the logarithmic e b, function, and the apoptosis of the active

remodelling osteoclasts, which is downregulated by the logarithmic ncTwagza function.

The ODEs related to the periosteum were solved simultaneously, as were the ODEs related to the
endosteum (MATLAB, 2020B, ODE45 solver function, The MathWorks Inc., Natick MA, USA) and were
run locally (Intel Core i7-9700 CPU (3.00GHz, 16.0 GB RAM)). Both sets of ODEs are independent from
one another and were solved for each RSE and across every slice, independently, between t¢ and

t + At (days 1 to 14), evaluated at sub-intervals of t* (every 0.01 hours, i.e., every 36 seconds).
5.2.4.3.4 Initial conditions

The initial conditions of the ODEs were equivalent to that of Miller (2023), with the exception of the
parameters relating to the SED (Table 5.2). These were tuned to fit the experimental results to the
predicted results from the biomechano-chemo model by finding an appropriate visual match between
experimental week 20 results and predicted week 20 (i.e., day 14) results, across three slices (most
proximal slice, mid-slice and most distal slice). The same parameters were used for all slices in the
model (i.e., no slice specific tuning was done). Miller's (2023) parameters are based on BCPMs of the
rat (Trichilo et al., 2019) and of humans (Lavaill et al., 2020). These BCPMs, in turn, rely on literature
by Lamaire et al. (2004), Pivonka et al. (2008, 2010), and Buenzli et al. (Buenzli et al., 2012). Parameters
that were constant between the rat and human models were assumed to be constant for the mouse.
Parameters that varied between species were scaled, by using the assumed mouse to rat
representative volume element ratio of 1 X 10% pm?3: 2 X 10° um? (mouse : rat) (Miller, 2023). Steady
state calculations were performed by Miller (2023) on the model as a standalone system (i.e., without
mechanical loading or PTH treatments, nor with OVX conditions) until t4 = 1000 days to achieve

homeostatic values.
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Table 5.2: The initial conditions of the BCPM, as described by Miller (2023), with the exception of the parameters relating to the SED.

Parameter Value Unit Description Literature
Baseline cell and ligand concentrations

PTH 10 pM Parathyroid hormone Taken from Trichilo et al. (2019), based on
experimental data (Stratford et al., 2014)

Runx2 10 Runx2 Taken from Trichilo et al. (2019), based on
experimental data (Peterson and Riggs, 2010)

pCREB 10 Phosphorylation of CREB Taken from Trichilo et al. (2019), based on
experimental data (Peterson and Riggs, 2010)

Bcl-2 100 B-cell lymphoma 2 Taken from Trichilo et al. (2019), based on
experimental data (Peterson and Riggs, 2010)

TGF-B 2.7039¢ 4 pM Transforming growth factor 8 Taken from Trichilo et al. (2019), based on Lemaire et
al. (2004), an estimate from experimental data

OPG 3.3481e7% pM Osteoprotogenin Taken from Trichilo et al. (2019), based on Pivonka et
al. (2010)

RANK 9.6054 pM Receptor of activator of nuclear factor k-B Taken from Trichilo et al. (2019), based on Lemaire et
al. (2004) and Pivonka et al. (2008), an estimate from
experimental data

RANKL 1.20401 pM Receptor of activator of nuclear factor k-B ligand Taken from Trichilo et al. (2019), based on Pivonka et
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Parameter Value Unit Description Literature

oL 40.153 pM Bound OPG-RANKL complex Taken from Trichilo et al. (2019), based on optimised
values from Pivonka et al. (2008)

KL 0.3933 pM Bound RANK-RANKL complex Taken from Trichilo et al. (2019), based on optimised
values from Pivonka et al. (2008)

OBanm 0 pM Active modelling osteoblasts on the periosteum Taken from Trichilo et al. (2019), based on Pivonka et
al. (2008, 2010) and Buenzli et al. (2012)

OBu le~3 pM Uncommitted osteoblasts on the endosteum Taken from Trichilo et al. (2019), based on Pivonka et
al. (2008, 2010) and Buenzli et al. (2012)

OBp 3.4821e73 pM Osteoblast precursor cells on the endosteum Taken from Trichilo et al. (2019), based on Pivonka et
al. (2008, 2010) and Buenzli et al. (2012)

OBa; 1.07636e ™3 pM Active remodelling osteoblasts on the endosteum Taken from Trichilo et al. (2019), based on Pivonka et
al. (2008, 2010) and Buenzli et al. (2012)

OCp le~3 pM Osteoclast precursors cells Taken from Trichilo et al. (2019), based on Pivonka et
al. (2008, 2010) and Buenzli et al. (2012)

OCa 7.7254e7° pM Active osteoclast on the endosteum Taken from Trichilo et al. (2019), based on Pivonka et
al. (2008, 2010) and Buenzli et al. (2012)

Disassociation and association rate constants
kg%f,’RANK 4 pM Activating constant of RANKL production with respect ~ Taken from Trichilo et al. (2019), recalibrated in that

to PTH
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Parameter Value Unit Description Literature
k;;’; OPG 0.7423 pM Repressing constant of OPG production with respect Taken from Trichilo et al. (2019), recalibrated in that
to PTH study, based on Lemaire et al. (2004), obtained from
experimental data
k%gﬁ:_ﬁ_OBu 5.63e~% pM Activating constant of uncommitted osteoblasts with Taken from Trichilo et al. (2019), based on Pivonka et
respect to TGF-p al. (2008, 2010) and Buenzli et al. (2012)
k%’;_ﬁ oc, 5.63e~ % pM Activating constant of osteoclast precursors with Taken from Trichilo et al. (2019), based on Pivonka et
respect to TGF-p al. (2008, 2010) and Buenzli et al. (2012)
k;?;_ﬁ 0B 1.75e~* pM Repressing constant of osteoblast precursor Taken from Trichilo et al. (2019), based on Pivonka et
“bp
differentiation with respect to TGF-B al. (2008, 2010) and Buenzli et al. (2012)
kggiv,mcp 16.65 pM Activating constant of active osteoclast precursor Taken from Trichilo et al. (2019), based on Pivonka et
differentiation with respect to TGF-B al. (2008, 2010) and Buenzli et al. (2012)
ks opc 8.333¢ 7% 1/h OPG-RANKL binding rate Taken from Trichilo et al. (2019), recalibrated in that
study, based on Lemaire et al. (2004), obtained from
experimental data
kyopc 0.4167 1/(pM h)  OPG-RANKL unbinding rate Taken from Trichilo et al. (2019), recalibrated in that
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Parameter Value Unit Description Literature

ks rankL 3.009¢73 1/h RANK-RANKL binding rate Taken from Trichilo et al. (2019), recalibrated in that
study, based on Lemaire et al. (2004), obtained from
experimental data

ky rankL 7.083e™* 1/(pM h)  RANK-RANKL unbinding rate Taken from Trichilo et al. (2019), recalibrated in that
study, based on experimental data (Lemaire et al.,
2004)

Production and degradation rates

Bpru 83.16 1/h OPG production rate Taken from Trichilo et al. (2019), based on PK/PD
model of Teriparatide (Danhof et al., 2007)

Brunx2 6.93 1/h Runx2 production rate Taken from Trichilo et al. (2019)

Bocres 0.0999 1/h PCREB production rate Taken from Trichilo et al. (2019)

Bsei-2 0.693 1/h Bcl-2 production rate Taken from Trichilo et al. (2019)

Borc 6.7917e° 1/h OPG production rate Taken from Trichilo et al. (2019), based on an
estimate from experimental data (Lemaire et al.,
2004)

BrankL 7000 pM/h RANKL production rate Taken from Trichilo et al. (2019), recalibrated in that
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Parameter Value Unit Description Literature

Dpry 8.316 1/h PTH degradation rate Taken from Trichilo et al. (2019), recalibrated in that
study, based on experimental data (Lemaire et al.,
2004)

Drunx2 1 1/h Runx2 degradation rate Taken from Trichilo et al. (2019)

Dycrep 9.6e73 1/h pCREB degradation rate Taken from Trichilo et al. (2019)

Dgcio 0.693 1/h Bcl-2 degradation rate Taken from Trichilo et al. (2019)

Drgrp 0.0833 pM/h TGF-B degradation rate Taken from Trichilo et al. (2019), based on Pivonka et
al. (2008, 2010) and Buenzli et al. (2012)

Dope 0.01458 1/h OPG degradation rate Taken from Trichilo et al. (2019), based on Pivonka et
al. (2008, 2010) and Lemaire et al. (2004), from
experimental data

DrankL 0.4167 1/h RANKL degradation rate Taken from Trichilo et al. (2019), based on Pivonka et
al. (Pivonka et al., 2012) and Lemaire et al. (2004),
from experimental data

DoL 0.4167 1/h OPG-RANKL complex degradation rate Taken from Trichilo et al. (2019), based on Pivonka et
al. (2008, 2010)

10)%3 0.0875 1/h RANK-RANKL complex degradation rate Taken from Trichilo et al. (2019), based on Pivonka et
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Parameter Value Unit Description Literature
Differentiation, proliferation and apoptosis rates

D;c 6.917¢73 1/h Lining cell differentiation rate Taken from Trichilo et al. (2019), based on

Dog, 0.0233 1/h Uncommitted osteoblast differentiation rate Taken from Trichilo et al. (2019), based on Lemaire et
al. (2004), an estimate from experimental data

DOBP 6.917¢73 1/h Osteoblast precursor differentiation rate Taken from Trichilo et al. (2019), based on Lemaire et
al. (2004) and Pivonka et al. (2008), an estimate from
experimental data

Docp 0.0875 1/h Osteoclast precursor differentiation rate Taken from Trichilo et al. (2019), based on Lemaire et
al. (2004), an estimate from experimental data

POBp 0.0011 1/h Osteoblast precursor proliferation rate Taken from Trichilo et al. (2019), based on

Aoga, 8.792¢73 1/h Active remodelling osteoblast apoptosis rate Taken from Trichilo et al. (2019), based on Lemaire et
al. (2004)

Aopa,, 8.792¢73 1/h Active modelling osteoblast apoptosis rate Taken from Trichilo et al. (2019), based on Lemaire et
al. (2004)

Aoc, 0.2354 1/h Active osteoclast apoptosis rate Taken from Trichilo et al. (2019), based on Lemaire et
al. (2004), an estimate from experimental data

Additional parameters of the BCPM
ArGr-g 0.01 pM Concentration of TGF-B stored within the bone matrix  Taken from Trichilo et al. (2019), based on Pivonka et
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Parameter Value Unit Description Literature
injpry 0 pM External PTH dosage term For main results no treatment was given. For
discussion result this parameter was set to 100,
based on experimental data (Roberts et al., 2020)
iNjpankL 100 pM External RANKL dosage term Taken from Miller (2023)
NRANKL,0Bpax 2.7e° Maximum number of RANKL per osteoblast precursor ~ Taken from Trichilo et al. (2019), based on Lemaire et
cell al. (2004), an estimate from experimental data
Dopey, 2e8 oM Maximum concentration of OPG Taken from Trichilo et al. (2019), based on Pivonka et
al. (2008)
AOBam,s 1 Periosteal surface single treatment weighting Taken from Miller (2023)
multiplier
AoBay,c 0.15 Periosteal surface combined treatment weighting Taken from Miller (2023)
multiplier
AoBa,s 1 Endosteal surface single treatment weighting Taken from Miller (2023)
multiplier
AoBa,.c 0.10 Endosteal surface combined treatment weighting Taken from Miller (2023)
multiplier
Kres 29.1667 1/(pM h)  Volume of bone matrix resorbed per active osteoclast  Taken from Trichilo et al. (2019), recalibrated in that
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Parameter Value Unit Description Literature
Kform 2.0932 1/(pM h)  Volume of bone matrix formed per active Taken from Miller (2023)
remodelling osteoblast
K? le™* um/pM Periosteal cell concentration to micrometre Taken from Miller (2023), scaling ratio of mouse to
conversion factor rat
KE le™* um/pM Endosteal cell concentration to micrometre Taken from Miller (2023), scaling ratio of mouse to
conversion factor rat
Parameters of H and 7t functions
APTH,Drunxa 2.5625 Runx2 maximum degradation response with respect Taken from Trichilo et al. (2019)
to PTH
PPTH,Dgunxa 0.125 Runx2 minimum degradation response with respect Taken from Trichilo et al. (2019)
to PTH
YPTH,Dryunxa 1 - Runx2 degradation response steepness Taken from Trichilo et al. (2019)
OPTH,D Ry 32.913 pM PTH concentration to achieve 50% Runx2 degradation = Taken from Trichilo et al. (2019)
potency
15.588 pCREB maximum production response with respect Taken from Trichilo et al. (2019)

APTH,BpcrEB

to PTH
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Parameter Value Unit Description Literature

PPTH,BycrEs 0.5 pPCREB minimum production response with respectto  Taken from Trichilo et al. (2019)
PTH

YPTH Bpcres 1 pPCREB production response steepness Taken from Trichilo et al. (2019)

5PTH,ﬁpCREB 317.317 pM PTH concentration to achieve 50% pCREB production Taken from Trichilo et al. (2019)
potency

APTH,Pog, 10 Osteoblast precursor maximum proliferation rate Taken from Trichilo et al. (2019), based on Pivonka et
with respect to PTH al. (2008)

PPTH,Pog, 0.9 Osteoblast precursor minimum proliferation rate Taken from Trichilo et al. (2019), based on Pivonka et
with respect to PTH al. (2008)

YPTH,Pogs, 7 Osteoblast precursor proliferation response Taken from Trichilo et al. (2019), based on Pivonka et
steepness al. (2008)

SPTH,pOBp 190.2 pM PTH concentration to achieve 50% Osteoblast Taken from Trichilo et al. (2019), based on Pivonka et
precursor proliferation degradation potency al. (2008)

ApTH,D, 0.1 Lining cell maximum differentiation rate with respect ~ Taken from Trichilo et al. (2019), based on Pivonka et
to PTH al. (2008)

PPTH,Dyc 0 Lining cell minimum differentiation rate with respect Taken from Trichilo et al. (2019), based on Pivonka et

to PTH
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Parameter Value Unit Description Literature

YPTH,D,c 30 Lining cell differentiation rate potency with respectto  Taken from Trichilo et al. (2019), based on Pivonka et
PTH al. (2008)

OprH,D, ¢ 130 pM PTH concentration required to achieve a 50% lining Taken from Trichilo et al. (2019), based on Pivonka et
cell potency al. (2008)

aPTHrAOBaR/ 11 Active (re)modelling osteoblast maximum apoptosis Taken from Trichilo et al. (2019), based on Pivonka et

m -

rate with respect to PTH al. (2008)

'DPTHrAOBaR/m 0.1 ] Active (re)modelling osteoblast minimum apoptosis Taken from Trichilo et al. (2019), based on Pivonka et
rate with respect to PTH al. (2008)

VPTH'AOBaR/m 5 ] Active (re)modelling osteoblast apoptosis rate Taken from Trichilo et al. (2019), based on Pivonka et
steepness al. (2008)

5PTH,AoaaR/ 155.2 pM PTH concentration required to achieve 50% active Taken from Trichilo et al. (2019), based on Pivonka et

m

(re)modelling osteoblast apoptosis potency al. (2008)

®SED, BrankL 1.1 ] RANKL maximum production rate with respect to Tuned in this model, based on Miller (2023)
mechanical strain

PSED,BraNKL 0.9 ) RANKL maximum production rate with respect to Tuned in this model, based on Miller (2023)
mechanical strain

0.35 - RANKL production rate steepness Tuned in this model

VSED,BrankL
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Parameter Value Unit Description Literature

5SED,[>’RAN1<L 0.0025 MPa Mechanical strain required to achieve a 50% RANKL Tuned in this model, based on (Cheong et al., 2021)
production potency and (Schulte et al., 2013)

®SED,D,c 11 Lining cell maximum differentiation rate with respect =~ Tuned in this model, based on Miller (2023)
to strain energy density

PSED,D,¢ 0.5 Lining cell minimum differentiation rate with respect ~ Tuned in this model, based on Miller (2023)
to strain energy density

YSED,DL¢ 7 Lining cell differentiation rate potency with respectto  Tuned in this model, based on Miller (2023)
strain energy density

6SED,DLC 0.4 MPa Strain energy density required to achieve a 50% lining  Tuned in this model
cell differentiation potency

ASED,Popy 8 Osteoblast precursor maximum proliferation rate Tuned in this model
with respect to strain energy density

PSED,Pogy 0.5 Osteoblast precursor minimum proliferation rate Tuned in this model, based on Miller (2023)
with respect to strain energy density

YSED,Pogyp 2 Osteoblast precursor proliferation rate potency with Tuned in this model

respect to strain energy density
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Parameter Value Unit Description Literature

5SED,POBp 0.0025 MPa Strain energy density required to achieve a 50% Tuned in this model, based on Cheong et al. (2021)

osteoblast precursor proliferation potency and Schulte et al. (2013)
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5.2.4.4 Geometrical adaptation algorithm

For every time step (i.e., between days 1 to 14), the changes in cell concentrations were converted into

a geometrical net adaptation quantity. These changes are defined by the following equations.

dOBa
MP = KP . (—m)
dts
(5.21)
WE - KE . kform = OBay — kyes - OCa
dts
(5.22)

where k¢, is the volume of bone formed per active remodelling osteoblast, k;. is the volume of
bone resorbed per active osteoclast, and K? and K are conversion constants to relate cellular
concentrations (pM) to geometrical adaptation (um). Geometrical changes are assumed to occur

perpendicular to the surface at the centre of a given RSE and are defined by the following equation.
s — S s ~S d
Midyped = Mea; T M; |td "W |td -t
(5.23)

where nfd+Atdi represents the updated surface RSE centroid coordinates for the time step, nfdl.

represents the initial surface RSE centroid coordinates, Ml-s represents the net adaptation evaluated at
time t¢, u; is the normal unit vector evaluated at time t%, calculated by using the coordinates of the

neighbouring RSEs.

For each time step (i.e., each day), n§d+Atdi was recorded and used to quantify the heterogeneity of

biomechanical, biochemical and bone adaptation parameters across the section of interest.

5.2.5 Comparison of predicted results against experimental data

The predicted week 18, day 14 (i.e., week 20) surface geometries were compared against the
experimental week 20 surface geometries. The experimental week 20 micro-CT images were pre-
processed analogously to the week 18 micro-CT images (i.e., mapped, smoothed and sampled as
detailed in Section 5.2.2). However, due to the tibial 3D rigid registration not being optimised on a per
slice basis, an additional registration was needed between the sections of interest across the two
weeks. Corresponding slice percentages were selected from the week 20 images to form the week 20
section of interest (i.e., as the week 18 section of interest corresponds to the 43% - 53% of the tibial

length (here, tibial length refers to the 80% length of the tibia, starting from below the proximal growth
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plate), then 43% - 53% of the week 20 tibial length were chosen). This assumes that any growth occurs
homogenously along the tibial length. The week 20 section of interest was re-registered (rigid image
registration) to the week 18 section of interest, to best align the sections, whilst maintaining a uniform
orientation across all slices (i.e., all rotations and translations were applied to the whole section of
interest, not to individual slices). To evaluate the accuracy of the model, the surface points across the
re-registered week 20 experimental data and the week 20 predicted data were compared. A surface
point was defined as accurate if the predicted surface measurement was within one voxel of the

experimental data (i.e., An® < 10.4 um).

5.3 Results

The results in this section demonstrate the development of the biomechano-chemo model pipeline to
(1) include biomechanical inputs generated by micro-FE models of the mouse tibia, and (2) output
bone adaptation across a section of the mouse tibia. As an example of this, the results are presented
for one mouse which has undergone ovariectomy and has been subsequently exposed to external
mechanical loading. The model has been run for a mid-shaft cortical section of the mouse tibia. The
results have been outputted daily, from age week 18 to week 20 of the mouse (i.e., tg, = 14 days).
The micro-FE model took approximately 2 hours 30 minutes to run using the University of Sheffield
High Performance Computing Clusters (Stanage) and the BCPM took approximately 10 minutes to run
locally (Intel Core i7-9700 CPU (3.00GHz, 16.0 GB RAM)). To visualise the results, three example slices
of the section have been selected: the most superior slice, the mid-slice and the most inferior slice.
The presented results are preliminary as the model parameters have not undergone significant
optimisation and refinement. Therefore, any conclusions drawn from these results are dependent on

the current model parameters.

The SED distribution across the tibia was generated by the whole bone micro-FE model at week 18,
prior to any external mechanical loading (Figure 5.5). Under a 12 N load, the maximum SED in the
section of interest can be seen towards the posterior region of the bone, with the minimum SED found
on the anterior region of the bone. These regions have been highlighted with a red cross and green
cross, respectively (Figure 5.5). These will be used as reference points when describing the model

results.
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Figure 5.5: Strain energy density (SED) distribution across three example slices of the section of interest
(slice 712 refers to the most superior slice in the section of interest, slice 648 represents the mid-slice
and slice 584 represents the most inferior slice of the section of interest). The green crosses signify the

location of the minimum SED, and the red crosses signify the location of the maximum SED.

The biomechanical input to the BCPM is defined by the sigmoidal H functions and can be seen for each
slice in Figure 5.6. The only difference between the slice sigmoidal H functions is the SED values for
that slice. As each slice experiences different values of SED, which are not normally distributed for both
periosteal SED and endosteal SED (Shapiro-Wilks test), the mean and standard deviation is not
necessarily representative of the functions and therefore all slices have been graphed together to allow
for the difference in sigmoidal H functions across slices to be seen. The maximum differentiation rate
of the lining cells is 11, and the maximum proliferation rate of the osteoblast precursors is 8 (note:
both rates are dimensionless). The SED thresholds for all functions were chosen to result in a
reasonable amount of bone adaptation when compared to experiments (Roberts et al., 2023), and
hence as a best match between the experimental week 20 results and the predicted day 14 (i.e., week
20) model outputs. These SED thresholds translate the sigmoidal H functions in the SED axis,
determining the biomechanical stimulus needed to invoke a cellular/ molecular response greater than
the minimum response. Due to the low SED thresholds chosen for the parameters relating to the
proliferation of the osteoblast precursor cells and the production rate of RANKL, the functions appear

not to be sigmoidal for the current range of SED.
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Figure 5.6: Sigmoidal mechanical H functions: H;ED,DL . represents the upregulation of lining cell
differentiation, HSJ'ED‘ poB, represents the upregulation of osteoblast precursor proliferation,
Hsgp e ank. EPTESENtS the downregulation of RANKL production, all with respect to the strain energy
density (SED). Each plot shows the sigmoidal H functions sensitivity with respect to the SED for each of

the slices in the section of interest.

The cellular and molecular concentrations for the surface points relating to the maximum and
minimum values of the SED, for the three example slices can be seen in Figure 5.7. The cellular and
molecular concentrations range across the slice, between those relating to the maximum and

minimum SED. The parameter relating to the periosteal surface (OBan) shows a logarithmic response
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for the surface point relating to the maximum value of SED, converging towards day 14. For the surface
point associated to the maximum value of SED, the parameters relating to the endosteal surface (OBay,
OBp, OPG, OL, OCa, TGF-B, RANKL, KL) exhibit either a logarithmic response, converging towards day
14, or an exponential response, diverging as time increases. Their responses are categorised based on
their association with either formation or resorption pathways. OCa, TGF-3, RANKL, and KL converge
over time, aligning with resorption pathways. Conversely, OBa,, OBp, OPG, and OL diverge, and are
associated with formation pathways. As expected, all parameters for the surface points relating to the
minimum SED remain constant at their respective base-line values. As the external injection of PTH
has been modelled as O (i.e., no external PTH dose was given), the parameters Runx2, pCREB and Bcl-

2 remain constant across the time period and have therefore been omitted from Figure 5.7.
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Figure 5.7: Cell concentrations for days 1 to 14. The periosteal remodelling is defined by the number of
osteoblast precursors (OBp), active remodelling osteoblasts (OBa;,), active osteoclasts (OCa), OPG, TGF-
B, RANKL, OPG-RANKL compounds (OL), and RANK-RANKL compounds (KL). The endosteal remodelling
is defined by the number of active modelling osteoblasts (OBan). The results show these values over
time for the representative surface elements (P°) which correspond to the maximum strain energy
density (blue line) and the P° which corresponds for the minimum strain energy density (red line),
allowing for the range of the cellular and molecular concentrations across the slice to be seen. The

results are shown for three example slices (slice 712, 648 and 584).

The daily predicted surface adaptation for each of the 14 days can be seen in Figure 5.8 (left). The
number of surface points with changes larger than one voxel (i.e., ApS < 10.4 um), can be seen in
Figure 5.8 (right). The regions which experience highest values of SED, undergo the largest amount of
adaptation. The adaptation on the periosteum occurs logarithmically between days 1 to 14. The
changes occur linearly for the first two days, most likely due to the constant SED values across the days.

The adaptation on the endosteum occurs at a later point, increasing dramatically between days 12 and
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14. These changes in the surface adaptation can be described by their respective cellular and molecular

concentrations.
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Figure 5.8: Geometrical changes on the periosteum (An*) and endosteum (Anf) across days 1 to 14.
Left: Geometrical changes for three example slices, the black line marks the location of maximum strain
energy density. Right: An® changes for points on the surfaces which are greater than the voxel size

(10.4um) across all slices. The plot shows the mean #* standard deviation of An® and Anf across all slices.

The predicted surface adaptation after 14 days can be seen in Figure 5.9. Experimental data at week
18 is represented by the thin black lines, the experimental data at week 20 is represented by the blue
lines, and the predicted adaptation at day 14 (i.e., week 20) is represented by the red lines. The current
parameters were able to accurately predict adaptation at 54 + 6% of periosteal and 51 + 17% of
endosteal points. For the three example slices shown, slice 712 resulted in an accurate prediction of
adaptation at 56% of periosteal and 93% of endosteal points. Slice 684 resulted in an accurate
prediction at 51% of periosteal and 42% of endosteal points. Slice 584 resulted in an accurate

prediction at 56% of periosteal and 33% of endosteal points. The periosteum had relatively consistent
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predictions across slices (Figure 5.10), and the endosteum decreased in predictive ability as the slice

became more distal.
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Figure 5.9: Comparisons of the model predictions and the experimental data for bone adaptation.
Three example slices are shown. Model predictions for week 20 (i.e., day 14) are in red, experimental
data for week 18 are in a thin black line, and experimental data for week 20 are in blue. The bone
adaptation on the periosteum (n°) can be seen in the centre column, and the bone adaptation for the

endosteum (nf) can be seen to the right. The representative surface elements (RSEs) increase around
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the perimeter surface starting from the black line and arrow and increasing clockwise. Points marked
by a pink line denote simulated measurements within +10.4um (i.e., one voxel) of the experimental

results for the three slice examples. The mean #* std bone adaptation across all slices can be seen at the

bottom.
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Figure 5.10: Percentage of points along the periosteum and endosteum which are within 10.4um (i.e.,

one voxel) of the experimental results.

5.4 Discussion and future developments

The purpose of this study was to develop a pipeline to combine a micro-FE model with a BCPM (an
ODE based model) to predict bone adaptation over time and to use this multiscale model to evaluate
the heterogeneity of the biomechanical, biochemical and hence bone adaptation parameters within a

cortical section of the mouse tibia.

The sensitivity analysis (Figure 5.8) of the daily change in bone adaptation (between 1 and 14 days)

predicted by the multiscale model in the cortical bone section shows that regions which experience
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highest values of SED, undergo the largest amount of adaptation. This is in line with the current
literature (Razi et al., 2015a; Roberts et al., 2019; Miller et al., 2024). The sensitivity analysis goes on
to show that the adaptation on the periosteal surface, across all slices, occurs logarithmically across
days 1 to 14, and appears to be converging, although the simulation needs to be run over a longer time
period to determine if it does in fact converge. The changes occur linearly for the first two days, most
likely due to the constant SED values across the days (i.e., that the micro-FE model is not re-meshed
and re-run in between iterations of the BCPM). In experimental data of C57BL/6 mice, the tibial cortical
thickness (Ct.Th) and cortical area (Ct.Ar) both increased significantly after external mechanical loading
(approximately 16% (p = 0.003) and 14% (p = 0.010), respectively) between weeks 18 and 20 of age
(Roberts et al., 2023). This sensitivity analysis suggests that after external mechanical loading, the
majority of the periosteal formation occurs imminently, stabilising by day 14. However, the adaptation
on the endosteal surface occurs at a later point, increasing dramatically between days 12 and 14. The
results suggest that the micro-FE model should be re-run after two days of simulation so that the
biomechanical stimulus can be updated to account for geometrical changes that may affect the local
SED values and therefore the predictions of bone adaptation. However, additional investigation would
be needed to assess if the change in geometry is larger enough to warrant re-running the micro-FE

model again after this point, and if so, how frequently.

Preliminary results of the multiscale model, based on the current parameters show that localised, daily
change in bone adaptation can be modelled. The current sigmoidal H functions, which are related to
the mechanosensation, are capable of modulating cellular and molecular concentrations. This allows
for the SED to induce heterogeneity within each slice. The current parameters result in a fair prediction
of net geometrical adaptation across the periosteal surface (54 + 6%) and the endosteal surface (51 +
17%) after 14 days when compared to experimental data. This is most likely largely due to the sigmoidal
H function parameters not yet being optimised. The current SED threshold for the sigmoidal H
functions related to the endosteum (0.0025 MPa) lies between those reported by Cheong et al. (2021a)
(0.0001341 MPa) and Schulte et al. (2013b) (formation: 0.01630 MPa, resorption: 0.0100 MPa).
However, the SED threshold related to the periosteum (0.4 MPa) far exceeds both those reported in
the literature. Furthermore, cellular and molecular concentrations related to endosteal formation
displayed an exponential response, diverging as time increases, most likely contributing to the poor
endosteal predictions. Additionally, the endosteum experienced low levels of SED, which would
theoretically be more likely to result in resorption, and hence the low SED threshold parameter used
within the sigmoidal H function may cause the model to not capture this resorption well. Updating
these parameters would also allow for the sigmoidal shape of these H functions to be captured. By

increasing the SED threshold, the number of points which invoke higher levels of RANKL concentration
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would increase, in turn increasing the amount of resorption. This could partially explain the dramatic
range of endosteal predictions across slices. Additionally, these differences in endosteal predictive
ability across slices could be mitigated by assigning heterogeneity to the parameters across the section.
Current parameters are homogenous across all slices in the section, and no slice-specific tuning has
been done. The sigmoidal H function parameters could be linearly scaled in function of the slice
location (from proximal to distal), to account for the differences in mechanosensation (number of
osteocytes) across the length of the section. However, additional data is required to understand the

distribution of the osteocytes and hence correctly implement this scaling.

The spatial predictions obtained from this model are less accurate than that of a previous study, which
used a mechanoregulation model, and had a spatial match of approximately 60% on both periosteal
and endosteal surfaces in the same section of the mouse tibia (Cheong et al., 2020a). A major
difference between the two models is that the mechanoregulated model could undergo formation and
resorption on both the periosteal and endosteal surfaces. However, that model included optimised
parameters for the SED threshold, and formation and resorption rates. Though that study employed a
stricter definition of spatial match, requiring that the correct bone changes in formation and resorption
were also made. Furthermore, compared to the results by Miller et al. (2023), which uses the same
BCPM equations to this study, periosteal predictions and endosteal predictions were less accurate. A
potential explanation for the observed discrepancy is the increased size of the modelled region. This
may have also led to higher registration errors between the week 18 and week 20 experimental data,
subsequently propagating these errors into the prediction analysis. These errors may have not been
evenly distributed, contributing to the differences in endosteal predictive ability across slices.
Additionally, the assumption that growth occurs homogeneously across the bone may mean that
equivalent sections of the bone across were not being compared, hence increasing the error in

predictions.

This multiscale model allows insights into bone adaptation which occur in between the current imaging
time points; something which can only be achieved experimentally through daily micro-CT imaging,
which would affect the bone due to the increase in radiation doses. However, this multiscale model is
not yet complete, nor has it been optimised, and therefore would benefit from the modifications
outlined below. The assumptions made in this model have been outlined in Table 5.3. A justification of

these assumptions is also given, alongside a suggestion for future development of the model.

174



Table 5.3: The current assumptions made in the biomechanical-chemo model, alongside their respective justification and a suggestion for future development

of the model.

Assumption

Experimental/ modelling decision

Justification

Future development

Experimental data assumptions

Ovariectomise the mouse (Roberts

et al., 2020)

Perform in vivo micro-CT imaging
every other week using the
following scanning parameters: 55
kVp, 145 pA, 10.4 um isotropic
voxel size, 32 mm field of view, 100
ms integration time and 1500/750
samples/projections (Roberts et al.,

2020)

Ovariectomy leads to an oestrogen
deficiency, which results in
accelerated bone resorption, a
phenotype observed in

postmenopausal osteoporosis

The scanning protocol was

previously defined by Oliviero et al.

(2017, 2019), which allowed for
minimal effects of radiation on the
tibia whilst still allowing for
scanning of the whole bone at high

resolution
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Assumption

Experimental/ modelling decision

Justification Future development

Image registration accurately
aligned the tibia so that the z-axis
of the image correlated with the

longitudinal axis of the tibia

External mechanical loading was
applied axially along the bone
when using the in vivo tibial

loading model

Manually aligned a reference image

such that the axis of the bone was
aligned to the z-axis of the image,
and the sagittal plane bisected the
midpoint of the line joining the

centres of the articular surfaces of

the medial and lateral condyles, and

then rigidly registered the images to

this reference image (Lu et al.,

2016, 2017)

The tibia was fixed in between two

soft caps by an experienced

researcher

This procedure was associated with
reproducibility errors in estimating
local bone mineral content (BMC)
lower than 4.25% (Oliviero et al.,

2022)

Tri-axial load cells or mouse-
specific 3D-printed caps could be
used to mitigate errors associated
to the loading direction.

- Alternatively, a sensitivity analysis
can be conducted to assess the
impact of loading direction on
predicted bone adaptation within

the biomechano-chemical model
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Assumption

Experimental/ modelling decision

Justification

Future development

A 12 N peak load (2 N static preload
superimposed with a 10 N high-
strain dynamic load at a rate of

160,000 N/s

This established protocol has been

shown to induce adaptations in

both cortical and trabecular lamellar

bone without inducing micro-

damage (De Souza et al., 2005)

Micro-FE model assumptions

The fibula does not affect the SED

distribution across the tibia

The growth plate does not affect
the SED distribution

The fibula was virtually removed

from the images

The images were cropped from
below the proximal growth plate,
resulting in 80% of the total tibial

length

Although that is has been shown
that the fibula does affect the
cortical strain adaptation (Yang et
al., 2014), including the fibula in the
model would require additional
assumptions to be made about the
tibio-fibular joint material
properties. The micro-FE model
used has been validated for local
displacements and structural
properties (Oliviero et al., 2018,
2021b)
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The fibula could be included in the
micro-FE model, but additional
assumptions of the tibio-fibula
joint and the growth plate would

be needed



Assumption

Experimental/ modelling decision

Justification

Future development

The soft tissues do not affect the

SED distribution

Linear 8-node hexahedral elements

were used

Isotropic homogeneous material
properties were used (Young's
Modulus = 14.8 GPa, Poisson’s ratio

=0.3)

Only the bone matrix has been

modelled

The hexahedral micro-FE model has
been validated (Oliviero et al., 2018,
2021b)

Heterogenous material properties
based on the TMD obtained from
the images have been previously
investigated, but homogeneous
models have been shown to be
better correlated with experimental

data (Oliviero et al., 2021b)

Including the soft tissues would
significantly increase the complexity
of the model and hence would
require more computational

resources
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The forces applied to the bone
could be modified to partially

account for the soft tissues



Assumption

Experimental/ modelling decision

Justification

Future development

The SED distribution is not
affected by small intracortical
pores (< 10.4 um) or the osteocyte

lacune

Small intracortical pores and
osteocyte lacunae are omitted from
the model and modelled as bone

tissue

Intracortical pores in C57BL/6 mice
are often less than 10 um, therefore
not possible to model with the
current image resolution (10.4 um).
Scanning at a resolution high
enough to capture these features
will affect the bone tissue due to

radiation exposure
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Micro-FE models based on high
resolution images which capture
the pores could be generated,
although modifications to the
BCPM would have to be made to
account for the additional
surfaces, although longitudinal
comparisons (across time) may

not be possible



Assumption

Experimental/ modelling decision

Justification

Future development

BCPM model assumptions

The biomechanical stimulus is
constant for an RSE across all time

steps

The micro-FE model is run once, at

the start of the biomechano-chemo

model and hence the SED is not

updated daily

Running the micro-FE model when
the geometry is not significantly
different to a previous time step is
not computationally efficient. This
was investigated in this study, and it
was shown that the daily surface
adaptation predictions suggest that
the micro-FE model may need to be

re-run after two days of simulation.
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The micro-FE model could be
automatically re-run after 2 days
so that the SED is recalculated
based on the updated geometry.
Additional investigation would be
needed to assess if the change in
geometry is larger enough to
warrant re-running the micro-FE
model after this point, and if so,
how frequently. A smoothing
function between the slices would
be required so that the updated
3D geometry does not have sharp
transitions between the slices.
Additionally, the BCPM could be
modified to include physiological
loading and to mimic the

experimental protocol (external



Bone adaptation is not affected by
the cortical pores or the

trabeculae

Cellular and molecular
concentrations are non-linearly
affected by biomechanical and

biochemical stimuli

Cortical pores are filled, and

trabeculae are manually removed

Mechanosensation functions are

modelled using sigmoidal functions

The current biomechano-chemo
model can only identify two
surfaces (the periosteum and

endosteum). Additional modelling

parameters and assumptions would

be needed to be able to predict
bone adaptation on the cortical

pore and trabeculae surfaces

Cellular and molecular
concentration is non-linearly
regulated (Peterson and Riggs,
2010; Martin et al., 2019; Lavaill et
al., 2020)
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mechanical loading 3 days/week

on alternate days during week 19)

The BCPM could be modified to be
able to identify multiple surfaces.
However, higher resolution
images would be required, which
may mean that longitudinal
comparisons (across time) are no

longer possible

The mechanosensation functions
can be modified and a comparison
can be done between models.
More experimental data is needed
for assessing the spatial density
and distributions of osteocytes

across the tibia



Assumption

Experimental/ modelling decision

Justification

Future development

The current parameters of the
sigmoidal H functions and the
functions accurately represent the

biological interactions

Bone adaptation occurs
independently to its surrounding

environment

The current parameters can be seen

in Table 5.2

The BCPM is calculated for each RSE
independently, i.e., no interaction is

modelled between the RSEs

Current parameters were chosen to
represent a change in cortical bone
adaptation which is similar to
experimental data (Roberts et al.,

2023)

Modelling interactions between
RSEs would require additional
parameters to be included which
would increase the computational
resources required to run the
model. More experimental
parameters about the distributions
of bone cells and molecules
involved in bone adaptation would

be needed to inform the model.
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The mechanosensation
parameters should be optimised
to reduce the error between the
predicted results and the
experimental data, considering
the heterogeneity of predictive
accuracy across the length of the

studies section

The model could be adapted to
include an array which stores the
cellular and molecular availability,
so that neighbouring RSEs can be
affected by each other.
Additionally, surrounding SED
could also be used to alter the

mechanosensation functions



Assumption

Experimental/ modelling decision

Justification

Future development

The RSEs are an appropriate size
to be able to accurately model

bone adaptation

The periosteal surface only
undergoes formation, whilst the
endosteal surface undergoes both

formation and resorption

The periosteum consisted of 160
RSEs and the endosteum consisted
of 100 RSEs. Each RSE was
approximately 100 um in diameter
and they were evenly distributed

around each surface

The periosteal RSEs contained bone
lining cells and active modelling
osteoblasts, whereas the endosteal
RSEs contained active remodelling

osteoblasts and osteoclasts

The number of RSEs on each surface
maintained the periosteum to
endosteum perimeter length ratio
of 8:5. The size of the RSEs were
large enough to contain multiple
bone cells (an osteoclast size is ~50
pim and an osteoblast is ~10 um).
The even distribution of RSEs
allowed for bone adaptation to be
predicted across the entirety of

both bone surfaces

Low levels of periosteal resorption
previously observed in the mice

(Cheong et al., 2021b)
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Sensitivity analyses on the number
of RSEs, their size, and their
distribution could be done. The
RSEs could be nonuniformly
distributed so that areas which are
known to undergo significant
adaptation (information gleaned
from the experimental data) have
a higher number of RSEs
compared to other locations on
the bone’s surface. This may

reduce computational cost



Assumption Experimental/ modelling decision  Justification Future development

The concentrations of cells and Initial parameters for the rat model Lack of experimental mouse data Collection of experimental data
molecules in mice are linearly were used and then scaled by would be required to better
equivalent to that of rats volume for the mouse inform the model

Adaptation algorithm

Bone adaptation occurs Bone adaptation occurs Perpendicular adaptation maintains  Volumetric adaptation could be
perpendicularly to the bone perpendicularly to the bone surface the bone surface geometry whilst implemented, to predict bone
surface and the adapted surface is not utilising excessive adaptation in 3D, although a
smoothed computational resources smoothing is likely to still be
required

Comparison against experimental data

Bone growth occurs Corresponding slices from the Comparisons between slices based 3D comparisons may allow for a

homogenously throughout the predicted bone geometry and on their position in the tibia allows more direct comparison between

length of the tibia experimental week 20 data are for a direct comparison between regions, although this would
compared based on their relative equivalent anatomical locations require a smoothing is between
position along the tibial length the 2D slices, or a modification to

the adaptation algorithm
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Assumption

Experimental/ modelling decision

Justification

Future development

Changes in bone adaptation are

not due to age-related growth

The model does not account for
growth within the regulatory

pathways

Change to the bone due to growth
mainly affect the tibial length. As a

midshaft section of the tibia is

modelled, growth is not considered.

Although small changes in length
between weeks can be seen
experimentally, the mice are
considered to be skeletally mature

(Roberts et al., 2020)

Models that decouple growth and
remodelling could be coupled with
this combined model to identify
specific regions of biological
growth and remodelling. For
instance, by employing the level-

set method (Zhang et al., 2019)
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The rest of this discussion outlines suggestions for future development of the model. Firstly, the
cellular and molecular concentrations over time show that there is endosteal formation instability. The
concentration of osteoblast precursors and active remodelling osteoblasts exponentially increase,
contributing to this unstable endosteal formation, which overshadows the endosteal resorption.
Therefore, the sigmoidal H functions parameters associated with osteoblast precursor proliferation
and the differentiation of bone lining cells, both with respect to the SED should be adjusted and
optimised. Additionally, the concentration of OPG also exponentially increases, contributing to larger
amounts of the endosteal formation than resorption. As OPG is primarily released by the osteoblasts
(Simonet et al., 1997; Yasuda et al., 1998), the increase in osteoblast cells results in an increase of OPG,
which in turn prevents active osteoclasts from forming, by competitively binding with RANKL
(represented by the OL parameter in the model). This positive feedback loop is partially mitigated by
the OPG saturation parameter (OPGs.t). However, an adjustment to this parameter or the addition of

an OPG degradation term may aid in limiting the amount of available OPG.

Another important development is the implementation of the external mechanical loading protocol
within the model. The model could be adapted to mimic experimental protocol by applying solely
physiological loading on days 1-7, 9, 11, 13 and 14, followed by external mechanical loading on days 8,
10, 12. This can be achieved by either running three micro-FE models with unitary loads in each
Cartesian direction and linearly combining the results, or by directly implementing the load within the
micro-FE model. The optimal approach should be determined by considering the computational cost.
Additionally, a sensitivity analysis should be conducted to establish the optimal frequency for re-
meshing and re-running the micro-FE model. This analysis should be based on updating the micro-FE
model only when there are substantial geometrical changes or when the loading conditions change.
To enable micro-FE model re-runs, a smoothing function must be applied between slices to prevent
potentially sharp geometric transitions. Furthermore, appropriate boundary conditions for the section
model need to be defined, as it is not a whole bone model. Alternatively, a sub-section micro-FE model

could be considered. Both the smoothing and re-running processes should be automated.

Mechanosensation parameters also require optimisation through a systematic process to minimise
errors compared to experimental week 20 data. Given that the micro-FE model takes 2 hours 30
minutes to run and the BCPM takes approximately 10 minutes, optimising the three sigmoidal
functions with four parameters per function is expected to be computationally intensive. To enhance
model efficiency, sensitivity analyses on the number, size, and distribution of RSEs should be
performed. For instance, concentrating RSEs in regions identified as undergoing significant adaptation

based on experimental data can potentially reduce computational costs without compromising model
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accuracy. Improving the efficiency of the model will also allow for a larger section of the tibia to be

investigated.

To further improve the interaction between the biomechanical and biochemical model components,
additional regulatory pathways should be considered. In the current model, mechanical loading affects
the cellular concentrations through the sigmoidal H functions. Biologically, mechanical loading affects
the cellular concentrations indirectly, with the mechanical stimulus sensed by the osteocytes. Loading
causes the osteocytes to release nitric oxide (NO), which downregulates RANKL production, decreasing
the number of active osteoclasts. Osteocytes also release sclerostin (Scl), upregulating the Wnt/p-
catenin pathway, and leading to an increase in active osteoblasts. NO and Scl are implicitly included in
this model through the mechanical sigmoidal H functions. However, a previous mechanobiological, by

Martin et al. (2019, 2020), has explicitly modelled both of these molecules.

For the biomechano-chemo model to be utilised for investigations of osteoporosis treatments the PTH
injection term in the model requires further development. Currently, an external dose of PTH within
the model causes an exponential increase in formation on both the periosteal and endosteal surfaces.
Additional information on the drug acceptance and clearance from the mouse body (PTH
pharmacokinetics (PK)) are required. However, there is a lack of literature available on PTH PK data
relating to the mouse. A single source of PTH PK data (Cheloha et al., 2014), derived from a limited
sample of three young adult male C57BL/6 mice was found. Therefore, the applicability of this data to
the current model is questionable due to the restricted sample size and differences in age and gender.
Regardless, this data may provide a preliminary foundation for developing the PK model. Once the PTH
injection term has been updated, investigations into the optimal dose, frequency and timing of PTH

administrations can be conducted.

The current biomechano-chemo model includes terms which describe the combined relationship
between PTH and mechanical loading (Eqgs. 5.17 and 5.18). These are included so that future iterations
of the model can explore combined mechanical loading and PTH treatments. Combined treatments
have been shown to have increased benefits over individual treatments in C57BL/6 mice, particularly
in the mid-diaphysis. Therefore, the model should be leveraged to determine the optimal combined

treatment regime.

In conclusions, this feasibility study demonstrates the potential of combined micro-FE and BCPM
models to predict bone adaptation over time. However, substantial refinements are necessary to
improve the predictive accuracy of the model with respect to experimental data. While this study
utilised longitudinal in vivo data from a single mouse subjected to external mechanical loading, the

available dataset includes five additional mechanically loaded mice, six PTH-treated mice, and twelve
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mice exposed to two variations of combined mechanical loading and PTH treatment. It is
recommended that this data be employed to validate the model's predictive capabilities. The current
model can already be used to perform sensitivity analyses on several of the model parameters, in order
to understand if the complexity of the model can be reduced and to learn more about the effect of

these parameters on bone adaptation over space and time.
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Chapter 6: Myeloma bone disease affects the local mechanical

properties of the mouse femur

This chapter is based on the following manuscript in preparation:
Myeloma bone disease affects the local mechanical properties of the mouse femur
Farage-O’Reilly S.M., Evans H., Andrews R., Trend J., Lovric G., Cheong V.S., Lawson M., Dall’Ara E.

To be submitted to Biomechanics and Modeling in Mechanobiology.

The contents of this chapter investigate the effect of myeloma bone disease (MBD) on the local
mechanical properties of the mouse femur. For this study, the pipeline developed during Chapters 3
and 4 has been adapted to study the bone properties of mice affected by multiple myeloma (MM). The
pipeline was modified to use synchrotron radiation computed tomography images as inputs, which
have a much higher resolution than the in vivo micro-CT images used in previous chapters (0.65 um
compared to 10.4 um), and focus at a lower dimensional scale (in a small portion of the cortical bone
tissue). The images were provided by the Sheffield Multiple Myeloma group led by Dr Michelle Lawson.
Some pre-processing of the images (cropping and segmentation) and analyses (porosity, osteocyte
number, osteocyte volume) have been performed by my collaborator Ms Holly Evans (Department of

Clinical Medicine, University of Sheffield).
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Abstract

Introduction: Myeloma bone disease (MBD), a life-altering complication of multiple myeloma (MM),
affects 80-90% of MM patients at some point during their cancer journey. The loss of trabecular bone,
the decrease in bone mineral density, and the formation of lytic lesions all increase the risk of fracture.
MM patients who experience a fracture have an increased mortality rate of 20% compared to those
without a fracture. Understanding how MM affects the local bone mechanical properties is
fundamental to develop MM treatments and establish risk of fracture in patients with MBD. The aim
of this study was to develop an understanding of how MM affects the local bone mechanical properties

in a murine myeloma bone disease model.

Methods: Nine 9—10-week-old female NOD scid gamma (NOD.Cg-Prkdcscidll2rgtm1Wjl/SzJ, NSG) mice
were injected with 106 U266-GFP-luc cells (Disease group, n=4) or PBS (NSG, Naive group, n=5). At 10
weeks post-inoculation, all mice were sacrificed. The right femora were removed and scanned close to
the growth plate using synchrotron radiation computed tomography (SR-micro-CT; 0.65 um voxel size).
Four cube-shaped regions of interest were isolated, located 100um proximally from the edge of the
distal femoral growth plate, in the anterior, posterior, medial and lateral regions (avoiding bone lesions
and blood vessels). The porosity of each cube was measured after segmentation by applying a single
level threshold. SR-micro-CT based isotropic, homogeneous (E=14.8GPa, v=0.3) micro-finite element
(micro-FE) models were generated from the segmented images. The model was loaded by a prescribed
uniaxial displacement resulting in 1% apparent compressive strain along each of the three Cartesian
directions, independently. The normalised apparent stiffness was calculated as the ratio between the
sum of the reaction forces and the applied displacement, normalised for the size of the cube. The
degree of anisotropy (DA) was calculated as the ratio between the maximum and minimum stiffness

values among the three Cartesian directions.

Results: The preliminary results show that there was higher normalised stiffness values found in the
Naive group for the anterior (p < 0.001, +7.34%), posterior (p = 0.012, +3.85%), and lateral (p = 0.014,
+3.21%) locations in the bone, compared to the Disease group (Mann-Whitney U test). Higher local
degree of anisotropy (+1.75% to +8.44%) was found in the Disease group compared to the Naive group

for the anterior (p = 0.032, +8.44%) and lateral (p = 0.032, +5.10%) locations.

Conclusion: This preliminary study has shown that MM affects the local mechanical properties of the
cortical bone tissue, by increasing the DA in the anterior and lateral areas of the bone. Considering
that the models were designed to evaluate the mechanical properties of the tissues without lesions or

blood vessels, the results suggest that MBD affects the properties and distributions of the osteocyte
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lacunae, which affect the mechanical properties of the tissue regionally. However, it must be notes

that this study is limited in the number and location of the regions of interest extracted from the bone.
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6.1 Introduction

Bone is a dynamic tissue which changes over time due to both biomechanical and biochemical stimuli.
In healthy bone, there is a balance between the remodelling undertaken by the osteoblasts, i.e., the
bone forming cells, and the osteoclasts, i.e., the bone resorbing cells. This process is said to be
orchestrated by the osteocytes, which reside within the bone matrix, embedded in lacunae and
interconnected via the lacuna-canalicular network (LCN) (Bonewald, 2011; Robling and Bonewald,
2020). In diseased bone, the balance between the osteoblasts and osteoclasts can be disrupted. For
example, in patients with multiple myeloma (MM), a type of bone marrow cancer, this delicate
equilibrium is compromised, resulting in myeloma bone disease (MBD). MBD affects between 80-90%
of patients during their cancer journey (Coleman, 1997; Kyle et al.,, 2003). It results in a loss of
trabecular bone, a decrease in bone mineral density, and lytic lesions in both trabecular and cortical
bone (Ring et al., 2018). These changes vary based on disease progression, but spine lumbar BMD has
been reported to decrease by up to 11% within 18 months (Abildgaard et al., 1996, 2004). Patients
often exhibit multiple lesions in various bone sites, with small lesions typically defined as less than 10
mm and large lesions exceeding this (Abildgaard et al., 2004; Muchtar et al., 2017). All these factors
increase the patient’s risk of fracture (Melton et al., 2005). Patients who experience fracture have an

increased mortality rate of 20% compared to those without fracture (Saad et al., 2007).

The main body of MM research to date has been focused on osteoblasts and osteoclasts (Andrews et
al.,, 2021; Ramezani et al., 2024), with limited research focusing on osteocyte bone cells and their
environment, demonstrating the lack of knowledge on how MM affects the osteocyte lacunae. It is
known that, in both humans and mice with MBD, the osteocyte lacunae change in number, size and
shape (Giuliani et al., 2012; Ziouti et al., 2020; Evans et al., 2024). But, to the authors’ knowledge, no
research has investigated the effect of MBD on the mechanical properties of the cortical bone, taking
into account the geometry and distribution of the osteocyte lacunae. Quantifying the mechanical

properties at this dimensional scale experimentally is challenging, and no data is currently available.

Some studies within neighbouring bone research have modelled a single osteocyte lacuna and its
surrounding matrix, often employing idealised geometries (Rath Bonivtch et al., 2007; Vaughan et al.,
2013; Wang et al., 2015). However, to understand the complex role of the osteocyte lacuna within the
bone matrix, geometrically accurate models are required. This has been done through the use of
confocal imaging (Kamioka et al., 2001; Sugawara et al., 2005; Ciani et al., 2009; Sharma et al., 2012;
Verbruggen et al., 2012, 2016; Kerschnitzki et al., 2013), scanning electron microscopy (Schneider et
al., 2011), transmission electron microscopy (Kamioka et al., 2009, 2012), and ptychography (Dierolf

et al., 2010). However, these techniques are limited by their acquisition time, spatial resolution or field
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of view, often only capturing a few osteocyte lacunae. As an alternative, synchrotron radiation micro-
computed tomography (SR-micro-CT) can be used (Schneider et al., 2010; Langer et al., 2012;

Pacureanu et al., 2012; Varga et al., 2015). This allows for a larger volume of interest to be imaged.

SR-micro-CT has been shown to capture well the osteocyte lacunae, showing their location and
distribution (Carter et al., 2013; Dong et al., 2014; Hesse et al., 2014; Evans et al., 2024). Furthermore,
micro-FE models have been developed from SR-micro-CT images and used to predict strains within the
bone matrix and the osteocyte lacunae (Hemmatian et al., 2021). This study was done in ageing mouse
bone, using an image resolution of 0.7 um. The high resolution allowed for multiple osteocyte lacunae
within a cortical bone section to be modelled (Hemmatian et al., 2021). However, no studies to date
have investigated the effect of MBD on the cortical bone mechanical properties, at a dimensional scale

that includes the osteocyte lacunae.

Furthermore, the best current approach for MBD is to effectively treat the myeloma. There are also
two alternative antiresorptive pharmacological treatments available for patients (bisphosphonates
and denosumab), which suppress the osteoclasts and bone resorption but do not promote bone
formation (Terpos et al., 2021). Due to this, even patients who reach remission from their cancer can
be left in chronic pain, have poor mobility and a reduced quality of life as a result of the bone loss. This
highlights the urgent need for novel therapeutic strategies. However, a comprehensive understanding
of how MM impacts bone tissue is essential to develop effective treatments that address the
underlying pathophysiology. The aim of this study was to investigate if MBD affects the local cortical

bone stiffness, degree of anisotropy and strain distributions in a murine model.

6.2 Materials and methods

6.2.1 Experimental data, imaging and image processing

This sub-section of work was completed by Evans et al. (2024). In that study, bone from two murine
models of MBD were assessed and compared to bones from healthy control mice. Using high-
resolution imaging (SR-micro-CT) and histomorphometry, the structural changes of the osteocyte
lacune (number, sphericity, volume) and the LCN (canalicular length and area) and investigated gene
expression of key molecules in osteocytes were investigated. In this study, the local bone mechanical

properties are investigated, using small regions of interest from within the SR-micro-CT images.

The images used in this study were acquired previously (Evans et al., 2024). Briefly, nine 9—-10-week-

old NOD scid gamma (NOD.Cg-Prkdcscidll2rgtm1Wijl/Sz), NSG) mice were injected with either PBS (N=5;
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Naive group) or U266-GFP-luc cells (xenograft model; N=4; Disease group). At 10 weeks post-
inoculation, all the mice were sacrificed. All animal experiments were approved by the University of
Sheffield Animal Ethics Committee and the UK Home Office (PPL PP3267943) in compliance with the

Animal (Scientific Procedures) Act 1986.

The right femora were fixed in 10% formalin for 48 hours and then stored in 70% ethanol at study
completion (Evans et al., 2024). The femora were scanned 100um proximally from the distal growth
plate (Figure 6.1), as this is an easily identifiable location within the femora across mice. The bones
were scanned using synchrotron radiation micro-computed tomography (SR-micro-CT), in absorption
and inline phase-contrast imaging mode (0.65um voxel size; 3000 projections, 21keV beam energy
(selected with a double-multilayer monochromator), 120ms exposure time, with a 360° rotation and
a sample-to-detector propagation distance of 40mm, 250 micron thick Al filter, Paganin phase-retrieval
filter) at the Swiss Light Source (TOMCAT beamline, Paul Scherrer Institut, Switzerland, Proposal ID
20220399).

Voxel size: 0.65um

Figure 6.1: The location of the region of the femora scanned. The region was located 100um proximally
from the distal growth plat and scanned using synchrotron radiation micro-computed tomography

(voxel size: 0.65um).

The main steps of the image processing, creation of the micro-FE models, and post-processing to
calculate the apparent mechanical properties of the considered regions of interest (ROIs) are reported

in Figure 6.2.
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Figure 6.2: Flowchart illustrating the main steps of the pipeline to create the micro-FE models from the
SR-micro-CT images and to evaluate the apparent local mechanical properties: (A) SR-micro-CT
acquisition, (B) region of interest (ROI) extraction and segmentation (binarisation), (C) calculation of
the porosity from the extracted ROI, (D) micro-FE models, displaced independently in the superior-
inferior (Sl), medio-lateral (ML) and anterior-posterior (AP) directions, (E) results generation, post-
processing of the reaction forces (RF), displacements (L), and lengths of the ROI (L) to calculate the
local mechanical properties ((F) the normalised stiffness and the (G) degree of anisotropy (DA)). Steps

A, B and C were undertaken Evans et al. (2024).

Four cube-shaped regions of interest (ROls; 0.08 mm edge) were isolated 100um proximally from the
edge of the distal femoral growth plate (Figure 6.1) (Dragonfly v2022 for Windows, Object Research
Systems (ORS) Inc, Montreal, Canada) (Evans et al., 2024). One ROl was extracted from each of the
anterior, posterior, medial, and lateral portions of each bone. Each ROl was identified by avoiding both
bone lesions and blood vessels, as the aim of the study was to evaluate the effect of MBD on the

cortical bone tissue and not to evaluate the effect of the lesions.

The images were segmented by using a single-level threshold which was manually defined (Evans et
al., 2024). To identify the osteocyte lacunae, a binary mask was created by filling in the internal pores
within the binary image. The original porous bone image was subtracted from the filled binary mask.
From the remaining volumes, the osteocyte lacunae were defined as smaller than 2000um?3, vascular
canals greater than 2000um3, and noise, defined as volumes of less than 25um3, were removed

(Hemmatian et al., 2017; Evans et al., 2024). Porosity (%) was calculated as the volumetric ratio of

202



filtered osteocyte lacunae to the filled-in bone mask. The number of osteocyte lacunae and their
volume (um?) were calculated automatically (Dragonfly v2022 for Windows, Object Research Systems
(ORS) Inc, Montreal, Canada). To account for differences in bone volume between Diseased and Naive
group samples, the osteocyte lacunae volume was normalised by the respective bone volume and

averaged for each ROI.

6.2.2 Micro-FE models

All segmented images were converted into micro-FE models by converting each bone voxel into a linear
8-node hexahedral element. Larger elements were not used as they would not enable a proper
description of the differences in the osteocyte lacunae geometry between groups. Each model
contained approximately 1.9 million nodes and 1.8 million elements. Isotropic, homogeneous, linear
elastic material properties were used (E = 14.8 GPa, v = 0.3). Due to a lack of experimental data being
available for any MM murine models, the material properties have been taken from experimental
measurements of the C57BL/6 mouse tibia (Webster et al., 2008; Oliviero et al., 2018). Therefore, it is
important to note that the results should be interpreted relatively and not their absolute values. The
inferior surface of the models was loaded by a prescribed uniaxial displacement resulting in a 1%
apparent compressive strain along the each of the three directions, independently. This was done
through the use of a control node, which connected the nodes on the distal surface via kinematic
coupling to the control node which was located at the centroid of the distal surface with a small offset
in the inferior direction. All nodes on the superior surface were constrained against the direction of
applied displacement except for two nodes which were fixed in the transversal plane too, in order to
prevent rigid body transformations. The three independent load cases (Figure 6.2 D) were identified
by applying the displacements along the superior-inferior, medio-lateral or anterior-posterior
directions, for each ROI. The minimum and maximum principal strains, and the reaction forces were
calculated at the nodes. All input files for the models were generated in MATLAB. The models were
solved in Abaqus 2018 (Dassault Systemes Simulia, RI, USA) using the University of Sheffield High

Performance Computing Clusters (Stanage).

6.2.3 Post processing

For each cube, at each direction, the apparent stiffness (N/mm) was calculated as the ratio between

the sum of the reaction forces in that direction and the change in cube length (Egs. 6.1 — 6.3).

Y RFy
SI 551

(6.1)
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6ML
(6.2)
P 2 RFyp
AP 6AP
(6.3)

where, Sg;, Sy, and Syp are the stiffnesses in the superior-inferior, medio-lateral, or anterior-
posterior directions, respectively; RFg;, RFy;;, and RF,p are the reaction forces in the corresponding
directions (the reaction forces are a component of the total force and summed across the fixed nodes);

and &g;, 6y, and 84p are the imposed displacements along each loading direction.

Subsequently, these values were normalised by the length of the cube (N/mm?) (Egs. 6.4 — 6.6).

Ssi

Si = —

SI L
(6.4)

SML

S =
(6.5)

' Sap

Sap =
(6.6)

where, g i1 mrap IS the normalised stiffness in each the superior-inferior, medio-lateral, or anterior-

posterior direction and L is the ROl length.

To evaluate the degree of mechanical anisotropy within each cube, the maximum and minimum
stiffness values among its three directions were determined, and their ratio was computed (Eq. 6.7).

This provided an insight into the directional dependence of the stiffness for each cube.

Sm ax

DA =

Smin

(6.7)

where, DA is the degree of anisotropy for an ROl, Spax = max {Ss;, Syr, Sap} and Spin =

min {Ss;, Sy, Sap}-
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6.2.4 Statistical analysis

The median and interquartile range (IQR) of the normalised stiffness, the DA, the porosity, and the
osteocyte number and volume were calculated for both group (Naive and Disease), and at each
location of the ROl in the bone (anterior, posterior, medial, and lateral). The normalised stiffness
median and IQR were also calculated for each direction (superior-inferior, medio-lateral, and anterior-
posterior). Non-parametric tests were chosen due to the results not being normally distributed
(Shapiro-Wilks test) and the small sample size. The difference between groups was assessed using the
Mann-Whitney U test and the difference within groups was assessed using the non-parametric two-

tailed Wilcoxon test. The statistical significance level was set at a = 0.05 for all tests.

Linear regression analysis was used to test potential linear correlations between the normalised
stiffness and the porosity, and the normalised stiffness and the osteocyte lacunae volume. These were
done for the Disease (N=48) and Naive (N=60) groups separately and for the pooled data (combined
Naive and Disease groups; N=108). The Disease group included normalised stiffnesses from 4 mice,
with 4 ROIs extracted from each mouse. For each ROI, three normalised stiffness values were obtained,
corresponding to the superior-inferior, medial-lateral and anterior-posterior directions (i.e., N:
4x4x3=48). While the Naive group included normalised stiffnesses from 5 mice (i.e., N: 5x4x3=60). If
the correlation was significant, the coefficient of determination (R?), and the slope and intercept of the
linear regression line was calculated. A similar analysis was performed between the DA and the
porosity, and the DA and osteocyte lacunae volume, for the pooled data (N=36) and data split between

Disease (N=16) and Naive (N=20) groups (MATLAB, 2023A, The MathWorks Inc., Natick MA, USA).

6.3 Results

The results are reported as the median (IQR). The normalised stiffness in the Disease group (14300
(13600-14600) N/mm?) was significantly lower than that of the Naive group (14800 (14500-15000)
N/mm?2) (-3.99%, p < 0.001; Figure 6.3). Conversely, the porosity in the Disease group (1.64 (1.39-
2.16) %) was significantly higher than that of the Naive group (0.86 (0.60-1.52) %, +59.52%, p = 0.002;
Figure 6.3).
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Figure 6.3: The boxplots for the Naive and Disease groups for the normalised stiffness (N/mm?) (left)
and the porosity (%) (right). The * indicates significance, when tested with the non-parametric two-

tailed Mann-Whitney U test, with a significance level of 0.05.

The normalised stiffness was significantly lower in the anterior (-7.34%, p < 0.001), posterior (-3.85%,
p = 0.012) and lateral (-3.21%, p = 0.014) portions of the bone in the Disease group, when compared
to the Naive group (Figure 6.4). The comparisons between all locations for the normalised stiffness can
be found in Appendix B (Figure B1), alongside the boxplots of the normalised stiffness for the Naive
and Disease groups for each ROI, for each loaded direction (Figure B2). The porosity was significantly
higher only in the anterior portion of the bone in the Disease group compared to the Naive group
(+117.65%, p = 0.016, Figure 6.4). The comparisons between all locations for the porosity are reported

in Appendix B (Figure B1).
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Figure 6.4: The boxplots for the Naive and Disease groups for each ROI location within the bone
(anterior, posterior, medial, lateral) for the normalised stiffness (N/mm?) (left) and the porosity (%)
(right). The * indicates significance, when tested with the non-parametric two-tailed Mann-Whitney U

test, with a significance level of 0.05.

The degree of anisotropy (DA) increased in the anterior (+8.44%, p = 0.032) and lateral (+5.10%, p =
0.032) locations in the bone in the Disease group, compared to the Naive group (Figure 6.5; Table 6.1;
NB: a DA=1 suggests the material is isotropic). The comparisons between all locations for the DA are

reported in Appendix B (Figure B1).
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Figure 6.5: The boxplots for the Naive and Disease groups for each ROI location within the bone

(anterior, posterior, medial, lateral) for the degree of anisotropy. The * indicates significance, when

tested with the non-parametric two-tailed Mann-Whitney U test, with a significance level of 0.05.

Table 6.1: The degree of anisotropy (DA (%)) for each group and location of the ROl within the bone.
Results are reported as median (IQR). The third column shows the percentage difference between the
Naive and Disease groups and the fourth column shows the respective p-values when tested with the

non-parametric two-tailed Mann-Whitney U test, with a significance level of 0.05.

Percentage
DA (%) Naive Disease P-value
difference
Anterior 1.03 (1.02-1.03) 1.12 (1.07-1.15) 8.44 % 0.032
Posterior 1.04 (1.03-1.04) 1.08 (1.04-1.12) 3.90 % 0.286
Medial 1.06 (1.04-1.07) 1.08 (1.06-1.10) 1.76 % 0.111
Lateral 1.03 (1.02-1.04) 1.08 (1.07-1.09) 5.10% 0.032
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From the minimum principal strain distributions, it can generally be seen that the Disease group has
higher strain values than the Naive group. The strains are also more heterogeneously distributed in

the Disease group than the Naive group (two example ROls can be seen in Figure 6.6).

Min. Principal
Strain(pe)

Naive 0

-7,500

-15,000

ML

A

axial AP

Disease

2 22

Figure 6.6: An example ROI from each of the Naive (top two sets of ROI) and Disease (bottom two sets
of ROI) groups showing the minimum principal strain distributions when the ROI is loaded in the

superior-inferior (Sl), medio-lateral (ML), and the anterior-posterior (AP) cases.

The osteocyte lacunae number in the Naive group (35 (29-38.75)) was statistically higher than in the
Disease group (26 (23.75-30.5); p = 0.005). In fact, the number of osteocyte lacunae was 30% less in
the Disease group compared to the Naive group (Figure 6.7). The osteocyte lacunae volume in the
Disease group (334 (243-471) um?3) was statistically higher than in the Naive group (128 (93-190) um3;
p < 0.001). In fact, the size of the osteocyte lacunae increased by 90% in the Disease group when

compared to the Naive group (Figure 6.7).
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Figure 6.7: The bar plots for the median number of osteocyte lacunae (left) and the median volume of
the osteocyte lacunae (um?®) (right) within the cube ROIs (0.08mm edge) for both the Naive and Disease
groups. The error bar represents the IQR. The * indicates significance, when tested with the non-

parametric two-tailed Mann-Whitney U test, with a significance level of 0.05.

In the pooled data (normalised stiffness for all loading directions) the porosity was correlated with the
normalised stiffness but did not describe all the variability in mechanical properties (R%: 52%, p < 0.001;
Figure 6.8 A). The porosity described the normalised stiffness variability better for the Naive group (R%:
53%, p < 0.001; Figure 6.8 B blue) than for the Disease group (R%: 37%, p < 0.001; Figure 6.8 B red).
Similar trends existed for correlation between the DA and the porosity: they were correlated for the
pooled DA (R%: 47%, p < 0.001; Figure 6.8 C), and were better correlated with the Naive group (R*: 49%,
p < 0.001; Figure 6.8 D blue) than the Disease group (R* 28%, p = 0.035; Figure 6.8 D red). The
normalised stiffness pooled data (R*: 53%, p = 0.016; Figure 6.8 E) and the DA pooled data (R* 32%, p
< 0.001; Figure 6.8 G) were both correlated with the osteocyte lacunae volume, but neither the Naive
nor Disease groups for each were correlated with the osteocyte lacunae volume. Furthermore, the
frequency plot demonstrating the variability of the number of osteocyte lacunae among the cubes is

not normally distributed (Figure 6.9).
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Figure 6.8: The linear regressions for the (A) normalised stiffness and the porosity for the pooled Naive
and Disease data (green), (B) normalised stiffness and the porosity for the Naive (blue) and Disease
(red) groups, (C) the degree of anisotropy and the porosity for the pooled Naive and Disease data
(green), (D) the degree of anisotropy and the porosity for the Naive (blue) and Disease (red) groups, (E)
the normalised stiffness and the osteocyte lacunae volume for the pooled Naive and Disease data
(green), (F) the normalised stiffness and the osteocyte lacunae volume are not correlated for either the
Naive or the Disease groups, (G) the degree of anisotropy and the osteocyte lacunae volume for the

pooled Naive and Disease data (green), and (H) the degree of anisotropy and the osteocyte lacunae
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Figure 6.9: The frequency plot showing the variability of the number of osteocyte lacunae among the
ROIs and the variability of the osteocyte lacunae volume among the ROIs, for the pooled Naive and

Disease groups (left), the Naive group (middle) and the Disease group (right).

6.4 Discussion

The goal of this study was to investigate if MM affects the local bone mechanical properties in a murine
model of MBD. Using micro-FE models based on SR-micro-CT images, the apparent local mechanical
properties of multiple ROI taken from the distal region of the mouse femur were calculated. As
expected, the porosity increased in the Disease group, compared to the Naive group. Although the
number of osteocyte lacunae decreased by 30% in the ROl in the Disease group, compared to the Naive
group, the osteocyte lacunae volume almost doubled. This is in line with a recent study, which showed
a similar trend across the whole section of the same mouse femurs (Evans et al., 2024). This suggests
that MBD may cause the osteocytes residing within the bone to undergo peri-lacunae remodelling
(PLR), changing the size and distribution of the osteocyte lacunae, and hence the porosity (Evans et al.,

2024).
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The normalised stiffness was lower in the Disease group, compared to the Naive group, confirming an
inverse relationship between the normalised stiffness and the porosity (Figure 6.8). This inverse
relationship was extended to the normalised stiffness and the porosity at each bone location (anterior,
posterior, medial, lateral portions of the bone). Furthermore, the normalised stiffness was reduced in
all considered regions of the bone except the medial region, indicating that as a result of the MBD, the

ROI were less able to resist deformation in these areas.

The DA was higher in the anterior (8.44%) and lateral (5.10%) locations in the ROl from the Disease
group compared to the ROI from the Naive group, suggesting that MBD affects the local isotropy of
the bone. These changes in the DA could be attributed to alterations in osteocyte lacunae due to MBD,
as their number decreases and volume increases, affecting their distribution and orientation within
the bone. These results show that the tissue surrounding the lacunae is anisotropic and varies between
different regions. Therefore, micro-FE models, which consider the bone microstructure and exclude
the lacunae and vessels, should consider this tissue anisotropy to accurately represent bone

mechanical behaviour.

Higher strains can be seen in the Disease group compared to the Naive group (Figure 6.5) as the
osteocyte lacunae have a higher volume in the former. This is in line with a previous study which
reported that higher strains occurred in the bone surrounding larger lacunae compared to smaller
lacunae (Hemmatian et al., 2021). Additionally, it is known that MBD causes a decrease in canalicular
length, network area coverage and altered organisation, comprising the LCN (Evans et al., 2024), which
may also have an effect on the strain distribution. However, the spatial resolution of the images used
in this study (0.65 um) was insufficient to visualise the LCN. Acquiring higher resolution images would
enable the creation of micro-FE models for both healthy and diseased bone, including the LCN and
osteocyte lacunae from the matrix. This approach would facilitate investigations into the impact of

altered LCN and osteocyte lacunae geometries on bone matrix properties.

While porosity is often correlated with bone mechanical properties, the linear regression analysis
revealed a weak correlation between the porosity and both the normalised stiffness and the DA,
suggesting that other factors contribute significantly to these properties. The distribution, orientation,
and shape of osteocyte lacunae are potential contributors to this variability and warrant further
investigation through multifactorial analysis. Micro-FE models offer a valuable tool to elucidate these
complexities by providing detailed information on local strain distributions around lacunae, which

cannot be captured through porosity analysis alone.

Multiple limitations need to be highlighted when discussing these models. Firstly, and most

significantly, the material properties assigned to the model have been taken from a different strain of
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mice (C57BL/6 mice in place of NSG mice) and a different bone (tibia in place of femur). No
experimental data could be found in the literature on the mouse femur for MM models. This is required
to be able to better inform the models. However, assuming both diseased and healthy MM bone have
the same material properties, the relative differences in the results found in this study can be examined
to study the effect of the change in geometry. However, due to the linearity of the models, any
differences found in the material properties between the two groups could be accounted for by scaling
the results found in this study. Additionally, homogenous, isotropic material properties were assumed
for the model. Future investigations should consider heterogenous material properties, by using a
monochromatic beam in place of a pink beam so that the local bone material properties can be
calculated from the image grey levels. Additionally, the bone was considered within the range before
yield, where bone generally exhibits a linear mechanical response. However, these material properties
may not capture well the areas within the bone that are undergoing PLR. Areas undergoing PLR, which
surround the osteocyte lacunae may not be mineralised and hence the material may not be as able to
resist deformation. In this case, the models assumed that all bone had the same material properties,
irrespective of the proximity to the osteocyte lacunae. Therefore, any differences between the two
groups may be larger with modified material properties assigned to consider the lack of mineralisation

in discrete areas in the bone due to PLR.

Another limitation is the number and location of the ROI extracted from the bone. The ROI had to
avoid both bone lesions and blood vessels, as the aim of the study was to evaluate the effect of MM
on the bone tissue and not to evaluate the effect of the lesions. Therefore, when the ROl were
extracted, they were not taken from exactly the same location across the bones. Furthermore, it is
known that the distribution of the osteocyte lacunae is heterogeneous, and their volume varies across
location (Evans et al., 2024). Therefore, comparison of ROl between mice may be affected by the ROI
location within the bone. More analyses of ROI taken from additional locations within the bone are
needed to generalise the findings of this study. This is further highlighted through the results of the

frequency plots which show the variability of the number of osteocyte lacunae among the cubes.

The results of this study, while not directly clinically applicable, could contribute to an organ-level
model composed of elements the size of the modelled ROIs, with material properties assigned based
on the data obtained. For example, models of the Disease group could incorporate the increased
degree of anisotropy by defining anisotropic elastic tensors for the affected regions. Further studies
could involve testing additional ROls, particularly from mice subjected to treatments, to evaluate their

effects on osteocyte lacunae.
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In conclusion, this preliminary study has shown that MM affects the local mechanical properties of the
bone, by reducing the normalised stiffness in the anterior, posterior, and lateral areas of the bone, and
increasing the DA in the anterior and lateral areas of the bone. This suggests that MBD does not
homogeneously affect the local mechanical properties of bone but instead affects them regionally. This

should be taken into account when considering the mechanical properties in future models of MBD.
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Chapter 7: Conclusions and future work

This thesis presented different computational models to investigate how the skeletal diseases
osteoporosis and myeloma bone disease individually affect the apparent bone mechanical properties.
The following sections will summarise the research conducted and how this work satisfies the research
objectives, outline original contributions to the literature, highlight the studies limitations, present
possible future avenues for development, and conclude with a final reflection on the overall research

journey.

7.1 Research objective summary and contributions

The results presented in this thesis, while not directly clinically applicable, could contribute
significantly to the treatment discovery pipeline. Faster progress through this pipeline ultimately
benefits patients by expediting the delivery of effective treatments. The overarching aim of this
research is to develop biomechanical in silico models to enhance the understanding of how the
skeletal diseases, osteoporosis and MBD, affect the bone properties. This understanding is critical for
improving the ability to predict bone remodelling during treatments for these conditions.
Biomechanical strains and biochemical effects are key drivers of bone remodelling. This thesis
investigates several critical factors influencing these processes: the extent to which loading direction
affects failure load (Chapter 3) and mechanical strain (Chapter 4); the influence of nano-scale
geometric features, such as osteocyte lacunae, on mechanical strain (Chapter 6); and the role which

the biomechanical and biochemical stimuli affect bone remodelling.

Overall, the findings of this thesis bridge the gap between basic research and preclinical applications
by enhancing the reliability of experimental models used to study skeletal disease treatments.
Additionally, they provide a foundation for developing in silico models with the potential to accelerate

the treatment discovery pipeline, ultimately improving patient outcomes.

7.1.1 Objective 1 — Bone mechanical properties at the organ level

The first study, covered in Chapter 3, created a biomechanical micro-FE model of the mouse tibia,
including both cortical and trabecular bone. The mice had all undergone ovariectomy and half had also

undergone mechanical loading, using the in vivo tibial loading model. This previously validated model
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was then used to investigate the effect of the loading direction on the bone’s mechanical properties
and to investigate the relationship between the mouse tibia midshaft cortical thickness and the bone

strength, across the investigated range of loading directions.

The main findings of this study were:

e The bone is optimised for a different loading direction to the assumed axial case, ignoring any
contribution of the fibula.

e Mechanical loading increased the failure load of the bone, irrespective of the loading direction,
when compared against an untreated group.

e The failure load of the bone was highly sensitive to the loading direction and ranged from 50%
to 200% of that of the assumed axial case.

e If the direction of the load is within a 10° cone from the longitudinal axis of the tibia, the

cortical thickness in the midshaft could be used as an accurate predictor for the failure load.

This study provides additional insight into the effect of mechanical loading on the failure load of the
bone. This information is important for optimising the protocols for the in vivo tibial loading

experiments on mice.

7.1.2 Objective 2 — Bone mechanical properties at the tissue level

The second study, covered in Chapter 4, showed the critical role of the loading direction on the strain
distributions within the mouse tibia. The same mice were used as in the previous chapter, as was the
biomechanical model. Though, a larger load magnitude was applied (12 N) to simulate that used in the

in vivo tibial loading model.

The main findings of this work were:

e The strain energy density distributions changed dramatically depending on the loading
direction. The bone was sensitive to both a change in the loading direction in the inferior-
superior direction and a change in the load direction in the anterior-posterior and medial-
lateral directions.

e The highest strain energy density values were found for loading directions which correspond
to that of the highest failure load and the lowest strain energy values were found for loading

directions which correspond to that of the lowest failure load.
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This study provides important insights for understanding the influence of the loading direction on the
local deformation of the tissue, which is the usual input for mechanoregulation models that predict
bone adaptation over time. Hence highlighting that the loading direction is a potential source of error

that could affect the accuracy of such models.

7.1.3 Objective 3 — Bone adaptation considering the cellular to organ level

The third study, covered in Chapter 5, used a section of the micro-FE model of one of the mice which
had undergone mechanical loading in the previous studies, and combined this with a bone cell
population model, so that predictions of bone changes over time could be made. The combined model
was used to investigate the heterogeneity of biomechanical, biochemical and bone adaptation

parameters within a midshaft cortical section of the mouse tibia.

The main findings of this work were:

e Combined micro-FE and bone cell population models can be used to model localised, daily
changes in bone adaptation.

e The micro-FE model should be re-meshed and re-run after two days of simulation so that the
biomechanical stimulus can be updated to account for geometrical changes that may affect

the local strain energy density and therefore the predictions of bone adaptation.

This biomechano-chemo model provides a foundation for future studies exploring the complex

interplay between mechanical loading and cellular responses in bone adaptation.

7.1.4 Objective 4 — Application of the micro-CT to micro-FE pipeline to synchrotron images

The last study, covered in Chapter 6, adapted the micro-CT to micro-FE pipeline used in the first two
studies to input high resolution synchrotron images of the mouse femur. This allowed for the
visualisation of the osteocyte lacunae within the bone matrix and was used to investigate the effect of

myeloma bone disease on the local bone mechanical properties.

The main finding of this work was:

e Myeloma bone disease regionally affects the local mechanical properties of the bone, reducing
the normalised stiffness in the anterior, posterior and lateral locations and increasing the

degree of anisotropy in the anterior and lateral locations of the bone.
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This study provides a pipeline for future studies which utilise high-resolution images. It also suggests
that modelling the effect of myeloma induced bone disease at a higher dimensional scale should

consider heterogeneity and anisotropy of the tissue.

7.2 Limitations

While significant progress has been made in in silico models of bone adaptation, there are several
limitations to note in regard to the studies. These limitations have been divided into the following

categories: data set limitations, micro-FE limitations, and biomechano-chemo model limitations.

7.2.1 Data set limitations

The main limitation within both data sets is the number of mice. For the osteoporosis data set, the
OVX group contained only five mice, and the OVX+ML group contained six mice. For the multiple
myeloma data set, the Naive group contained five mice, but the Disease group only contained four
mice. However, all pipelines to create models from the data sets within this thesis have been

automated, allowing for the processing of alternative data sets.

7.2.1.1 Osteoporosis data set

Firstly, the OVX and OVX+ML datasets were not acquired at the same time, and in fact use different
generations of mice. Due to this, the grey levels acquired during imaging at week 18 (where both
groups have been ovariectomised and are untreated) were different. Although this impact is negated
in this thesis, due to the single-level thresholding used in the segmentation of the images, it must be
noted that the TMD values (obtained from the grey levels of the images) between the two groups may
differ. Additionally, the mice used in this thesis were aged 18-20 weeks old, meaning that they had not
reached skeletal maturity (Somerville et al., 2004). However, the motivation behind these studies it to
aid in the investigations of osteoporosis in humans, which is most common among adults over the age
of 50 (Sozen et al., 2017). The mouse bone adapts differently in aged bone compared to young bone
(Galea et al., 2015; Razi et al., 2015a; Cunningham et al., 2023) and therefore the bone failure load

and strain distributions may be overpredicted when compared to older mouse bone.

7.2.1.2 Multiple myeloma data set

Alimited number of regions of interest were extracted from each mouse. It is known that the osteocyte

lacunae are heterogeneously distributed (Evans et al., 2024) and therefore the findings cannot be
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generalised for different regions within the femur or other bones. However, an automatic pipeline was
developed, which converts synchrotron images into micro-FE models, and therefore if more ROI are
extracted, they can be processed. Lastly, the regions of interest investigated were relatively small. This
was to exclude the blood vessels and lesions as the study aimed to investigate the effect of the
osteocyte lacunae on the local mechanical properties. For research questions relating to the bone
strength, a property known to be affected by the lesions (Borggrefe et al., 2015), the whole bone

should be considered.

7.2.2 Micro-FE model limitations

7.2.2.1 Micro-CT based micro-FE models

The micro-CT based micro-FE models do not include the fibula. It has been shown that the fibula affects
the cortical strain distribution and the overall bone stiffness (Yang et al., 2014). However, including the
fibula in the model would have required additional assumptions in relation to modelling the
tibiofibular joint material properties. For the same reason, the growth plate was not modelled.
Additionally, the models were validated for compressive loads (Oliviero et al., 2018). Some of the
loading directions investigated in this thesis increased bending in the tibia. However, the micro-FE
models should still lead to accurate results for these cases, as both the geometry and microstructure
were considered. Furthermore, bone is known to be heterogenous, anisotropic, and viscoelastic (Rho
et al.,, 1998). However, the micro-FE models use homogeneous isotropic material properties.
Heterogenous material properties based on the TMD obtained from the images have been previously
investigated. However, homogeneous models were better correlated with experimental data (Oliviero
et al., 2021b). The assumption of linearity was made as the models investigate loads applied which

would deform the bone within its elastic limit.

7.2.2.2 SR-micro-CT based micro-FE models

The SR-micro-CT based micro-FE models used hexahedral elements with homogenous material
properties. Although the osteocyte lacunae are rounded in nature, the small element size allows for
their geometry to be captured. Homogeneous material properties were chosen due to the lack of
existing experimental data. Either nano-indentation testing (Oyen et al., 2019) or imaging scanning of
the bone using a monochromatic beam is required to be able to apply suitable material properties
(Obata et al., 2020). In any case, if alternative homogenous material properties are suggested the
results could be scaled accordingly, due to the linear nature of the models. Furthermore, there is no
validation against experimental data. This is due to current limitations with conducting experiments at

this dimensional scale.
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7.2.3 Biomechano-chemo model limitations

This feasibility study was conducted on one mouse, at one time point. However, the creation of the
automatic pipeline, allows the number of specimens to be expanded, for example, the same mouse
data used in the first two studies of this thesis could be used. Furthermore, the pipeline currently
removes trabeculae and would need to be modified to be applied to sections of the bone which include
trabecular bone. Another limitation of the model is the OPG concentration. This currently
exponentially increases, which leads to continual, unstable growth beyond 14 days of the simulation.
This is due to the knock-on effect this variable has on the increased concentration of osteoblasts. These
parameters should be optimised, adjusting the maximum OPG saturation and degradation terms in
the model to control the OPG production. Other parameters which need to be optimised include the
mechanisation sigmoidal function parameters. This will increase the accuracy of the predictions made
by the model. However, this optimisation will take a significant amount of computational resources,
due to the nature of the model. Lastly, there is a lack of validation against experimental data. The

variables in the pipeline first need to be optimised before any validation can take place.

7.3 Future developments

7.3.1 Micro-FE models

A potential development for the micro-FE models would be to include the fibula. This would allow for
an investigation into the load distribution between the tibia and fibula. However, additional knowledge
of the material properties of the tibio-fibula joint, including the growth plate and the tibio-fibula
complex, are required to implement this. Additionally, it would be interesting to spatially plot the
changes in the strain distributions due to the loading direction across the tibia. This would allow for
the location of potential remodelling to be identified. Alternatively, the micro-FE model could be paired
with a mechanoregulation algorithm, similarly to that done by Cheong et al. (2021a), to see if the
changes in strain due to altering the loading direction are significant enough to induce
mechanoregulated remodelling. However, the parameters of the mechanoregulation algorithm would
first have to be optimised. Furthermore, multiple mechanoregulation thresholds could be used,
varying across the tibia. For example, it is known that more remodelling occurs in the proximal end of
the bone compared to the distal end (Roberts et al., 2020), so the parameters of the algorithm used in
the proximal end could be different to those used for the distal end. However, this would not capture
changes which occur biochemically due to the influence of the loading on the molecular signalling

pathways.
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7.3.2 Mechano-chemo-bio model

Considerable future research is needed for the biomechano-chemo model to run efficiently. Firstly, the
biomechanical input should be updated automatically. This would require a loop after two days, once
geometrical changes can be seen, so that the micro-FE model is automatically re-meshed and re-run.
However, it should be noted that smoothing may be required across the slices in the section. These
changes would allow for predictions to be made over a longer time period, so that they can be
compared against experimental data. The current data set would allow for comparisons to be made
every 14 days. Once the updated micro-FE and bone cell population model runs for the full 14 days,
an optimisation of the parameters used within the sigmoidal H functions should be conducted. This
should be done by modifying the parameters gradually to produce the least error when compared to
the experimental data. The model should then be run for multiple mice within the group. Another
development to the model would input a larger section of interest, or one which contained trabecular
bone. However, the model would have to be modified as currently it can only differentiate two
surfaces, the periosteum and endosteum, so would not identify the trabecular bone correctly. If the
model were to be adapted to input the whole tibia, the initial cell concentrations could be revised. This
modification would alter local adaptation, depending on the available number of bone cells. One

method of obtaining this data would be to do 3D histomorphology.

Additional developments to the bone cell population model would be to explicitly include the effect
of nitric oxide (NO) and sclerostin (Scl). The mechanical loading sigmoidal H functions indirectly
accounts for these. However, additional equations would be needed to model their interactions. This
would further increase the interplay between mechanical and biochemical stimuli. Mechanical loading
causes osteocytes to release NO which down-regulates RANKL production, decreasing the number of
active osteoclasts (Fan et al., 2004, 2006). Osteocytes also release Scl, which has a knock-on effect on
the number of active osteoblasts (Galea et al., 2017; Buck et al., 2024). Both NO and Scl have been
included in previous bone cell population models (Martin et al., 2019, 2020). Furthermore, a PTH
injection term has already been included in this model. However, careful parameter selection is
essential to prevent excessive bone formation within the model, a current limitation. There is a lack of
data in the literature regarding the pharmacokinetics (PK) of PTH acceptance and clearance from the
mouse body. A literature search identified a single source of PTH PK data (Cheloha et al., 2014), derived
from a limited sample of three young adult male C57BL/6 mice. Therefore, the applicability of this data
to the current model is questionable due to the restricted sample size and differences in age and
gender. Regardless, this data may provide a preliminary foundation for developing the PK model. This

would allow for investigations into PTH treatment methods and combined mechanical loading and PTH
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treatments. Lastly, validation of the model is required against experimental data. The current dataset

offers longitudinal micro-CT images of the mouse tibia, which could be used for validation.

7.3.3 SR-micro-CT based micro-FE models

Significant additional research is necessary for the SR-micro-CT based micro-FE models. Firstly, no data
was found in the literature which describes the material properties of the NSG mouse femur used in
this study. Therefore, the material properties were taken from another bone in a different strain of
mice (the tibia of C57BL/6 mice (Oliviero et al., 2018)). Nano-indentation testing should be done to
determine the mechanical properties (Oyen et al.,, 2019). This would reduce the number of
assumptions which are made in the model. Alternatively, imaging could be conducted using a
monochromatic beam instead of a pink beam, which although increases the scanning time, would
provide useful information about the tissue mineral density across the bone (Obata et al., 2020).
Additionally, the model could be optimised so that larger volumes of interest could be investigated.
This would open the door for a new avenue of research questions, such as the effect of the bone
lesions on the strength of the bone. The model could also be adapted to investigate the
mechanosensitivity of the osteocytes. By dividing the sum of the strains experienced in the bone by
the number of osteocyte lacunae, new information could be gleaned as to whether the decrease in
the number of osteocytes in bones with myeloma causes a reduction in signalling, which could affect
bone remodelling (Verbruggen et al., 2012). Additionally, creating specific strain maps for individual
osteocyte lacunae could provide more localised information about the relationship between strain and

osteocyte mechanosensitivity.

7.4 Closing thoughts

Bone remodelling is an intricate process governed by multiple factors. As research advances, in silico
models of bone adaptation become increasingly complex, mirroring the biological system’s inherent
complexity. This thesis aimed to further the knowledge of bone mechanics, by examining key
assumptions, building upon existing models, and developing novel modelling approaches to analyse
previously inaccessible data. The resulting modelling pipelines provide a foundation for future research
in bone remodelling, hopefully ultimately contributing to the development of improved treatments for
osteoporosis and myeloma bone disease. This work lays a foundation for exciting new avenues of

research in bone remodelling.
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Appendix A

This appendix verifies the use of the scaling and superposition of the effects methods used within
Chapters 3 and 4, to combine the results during post-processing of the linear models run with unitary

loads.

A1l Materials and methods

Al1.1 Experimental in vivo data

Please refer to section 3.2.1 for the detailed explanation of the experimental in vivo data (in this study,
one of the mice from the mechanical loading (OVX+ML) group at week 18 was used). In summary, a
female C57BL/6 mouse was ovariectomised at age 14 weeks. At weeks 19 and 21, the mouse
underwent mechanical loading treatment, using the in vivo tibial loading model. In vivo micro-CT

images were acquired of the right tibiae of the mouse at weeks 18 and 20 of age.

A1.2 Image processing and micro-FE models

The main steps of the image processing, creation of the section micro-FE models, and post-processing

of the strains and stresses to test the scaling and superposition principals are reported in Figure Al.
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Figure A1: Flowchart illustrating the main steps of the pipeline to create the section 5 micro-FE models
from the micro-CT images: (from A to G) micro-CT acquisition, image registration, section cropping,
image segmentation (binarisation), creation of the section micro-FE models, results generation, post-

processing of the strains and stresses.

Please refer to section 3.2.2 for a detailed explanation of the image processing and generation of the
micro-FE models methods, although these have been adapted here for section models instead of a
model of the whole tibia. Briefly, the images were registered to the reference tibia, taken at week 14
(Amira 6.3.0, Thermo Fisher Scientific, France), as detailed in Lu et al. (2016, 2017). After alighment,
the fibula was virtually removed from all the images and the images were cropped from the slice below
the proximal growth plate towards the distal end of the tibia, resulting in 80% of the total tibia length
(Cheong et al., 2020b, 2021). The 80% tibial length was divided into 10 sections. Section 1 refers to the
most distal section of the tibia, whilst section 10 refers to the most proximal section of the tibia. Two
regions of interest were individually selected and cropped: sections 5 and 10 (Figure A2). Section 5 was
selected due to it being a midshaft section which contains cortical bone and a visible amount of bone
remodelling (Cheong et al., 2020b). Section 10 was selected due to being the only section of the 80%

tibial length that includes both cortical and trabecular bone.

The images of the two sections were then independently segmented and converted into micro-FE
models by converting each bone voxel into a finite element (linear 8-node hexahedral elements).
Isotropic, homogeneous, linear elastic material properties were used (E = 14.8 GPa, v = 0.3), which is
in line with previous validation studies which showed good agreement with experimental

measurements (Oliviero et al., 2018, 2021a, 2021b). The boundary conditions were set to simulate the
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in vivo tibial loading model: the nodes in the proximal end of the section were fully constrained, and
the nodes in the distal end of the section were connected via kinematic coupling to a control node
which was located at the centroid of the distal surface with a small offset in the superior direction. This
was done to avoid over-constraining the tibia (Cheong et al., 2020a). Six independent unitary loads
and unitary moments were applied along or about the inferior-superior, medio-lateral or anterior-
posterior axes for both section models. For analyses between the micro-FE models and the post-
processed outputs, an additional three cases were carried out using the same protocol as above: (1) a
load of 12 N in each the inferior-superior, medio-lateral and anterior-posterior directions applied
simultaneously, and (2) a unitary moment applied about the inferior-superior, medio-lateral and
anterior-posterior axes simultaneously. From here onwards, these additional cases will be referred to
as the Combined_FE cases. The nodal strains and stresses were recorded for all models. All input files
for the models were generated in MATLAB. The models were solved in Abaqus 2018 (Dassault
Systemes Simulia, RI, USA) using the University of Sheffield High Performance Computing Clusters
(ShARC).

Lateral view Proximal view

Section 10

Proximal view Lateral view ¥ Superior
. 1 Lateral
Section 5 \
| Posterior

Figure A2: The cropped micro-CT images of the tibia belonging to the mouse investigated, showing 80%
length of the tibia (beginning the crop from below the proximal growth plate), the removal of the fibula,

and the location of Sections 5 and 10.

Al.3 Post processing

Scaling and superposition of the effects were used to combine the results from the unitary models

during post-processing, to calculate the nodal strain and stress components (Eqgs. A1 — A4) for each of
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the three cases corresponding to Combined_FE cases. From here onwards, these postprocessed cases
will be referred to as the Combined_PP cases. Calculations were performed as a function of the angle
from the inferior-superior axis (6, 0-30° range, 5° steps) and the angle from the anterior-posterior axis
(¢, 0°: anterior axis, positive anticlockwise (inferior-superior view), 0-355° range, 5° steps) (section

3.2.3, Figure 3.3).

O.G,d)lgg,(b — FIS[O'IS, SIS] + FML[O'ML,SML] + FAP[O'AP,EAP] + MIS[O.IS,€IS] + MML[O'ML,SML]

+ MAP [O’AP, SAP]

(A1)

where, 9%, 9% is the stress or strain value, respectively, calculated in each node for the loading

ML,

IS, ML ML, ond o

direction defined by the angles 6 and ¢, ¢'5,¢5; 0 AP o AP

e are the stress and strain
. : . . IS pML AP IS
values, respectively, calculated in each node for each of the six unitary cases, and F*> , F"~ , F4", M"> ,

MML and M4P are scaling coefficients, such that:

FIS = Fcos 6
(A2)
FML = Fsin 0 sin ¢
(A3)
FAP = Fsin 0 cos ¢
(A4)

where, F is the applied force in the model. Eqs. A2 — A4 also hold true for M!S , MML  and M4P,

The strain energy density (SED), principal strains (&mnaxmiamin) and stresses (0maxmiamin), and

effective strain (e.5) were calculated from the strain and stress components (Egs. A5 — A9):

1
SED = 5(511(711 + €32037 + €33033 + 21201, + 2613013 + 2€330,3)

(A5)
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where, g;j are the strain tensor components and g;j are the stress tensor components, where i,j €

{1,2,3}.

The principal stresses were calculated by finding the eigenvalues of the stress tensors. A generalised
Hooke’s law was utilised to calculate the principal strains from the principal stresses, Young’s modulus,

and Poisson’s ratio (Egs. A6 — A8).

Emax = E (Gmax - V(Jmid + Gmin))

(A6)
Emid = E (Omia — v(amax + Umin))

(A7)
Emin = E (Omin — V(Omax t Omia))

(A8)

where, €45 IS the maximum principal strain; €,,;4 is the intermediate principal strain; &,,;, is the
minimum principal strain; g,,4, is the maximum principal stress; g,,,;4 is the intermediate principal

stress; o,in is the minimum principal stress; E is the Young’s Modulus; and v is the Poisson’s ratio.
Furthermore, the effective strain was calculated from the principal strains (Eq. A9):

V2

1
Eeff = ? ((Emax - gmid)z + (gmid - gmax)z + (gmax - gmin)z)z

(A9)

where g, is the effective strain.
A1.4 Case comparisons and statistical analysis

Alinear regression analysis of between the Combined_FE and the Combined_PP cases were conducted,
and the R? value was recorded (MATLAB R2018a, The MathWorks Inc., Natick MA, United States).
Furthermore, a frequency plot for the maximum and minimum principal strains, the effective strain,
and the SED for each case were plotted to allow for comparison between the Combined_FE and

Combined_PP.
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A2 Results and discussion

The linear regression graphs for the maximum and minimum principal strains, the effective strain, and
the SED for Section 5, case 1 (summation of the inferior-superior unitary force, the posterior-anterior
unitary force, and the medial-lateral unitary force, all scaled by 12) are reported in Figure A3. The
graphs show a one-to-one relationship between Combined_FE (Abaqus-generated results including
the FE all generalised components of the force) and Combined_PP (post-processed results using the
six unitary load simulations). This implies that both methods produce the same outcomes (with
negligible errors), confirming as expected the validity of scaling and the principle of superposition for
linear models. The advantage of Combined_PP is that it is much less computationally expensive to run
than Combined_FE, as the Abaqus simulations do not need to be run each time a new loading
combination is required. The same can be seen for Section 5, case 2 (summation of the inferior-
superior unitary moment, with the posterior-anterior unitary moment, and the medial lateral unitary

moment) (Figure A4); Section 10, case 1 (Figure A5); and Section 10, case 2 (Figure A6).
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Section 5, Case 1: Summation of the inferior-superior unitary force, the posterior-anterior unitary force,

and the medial-lateral unitary force, all scaled by 12.
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Figure A3: Top: The location of the section of interest is depicted alongside the reference system and a
schematic of the boundary conditions. Middle: The table shows the magnitude of the force and
moment components in each axial direction for case 1. Bottom: The linear regression graphs for case
1, showing the: (A) maximum principal strain; (B) minimum principal strain; (C) effective strain; and the

(D) strain energy density.
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Section 5, Case 2: Summation of the inferior-superior unitary moment, with the posterior-anterior

unitary moment, and the medial lateral unitary moment.
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Figure A4: Top: The location of the section of interest is depicted alongside the reference system and a
schematic of the boundary conditions. Middle: The table shows the magnitude of the force and
moment components in each axial direction for case 2. Bottom: The linear regression graphs for case
2, showing the: (A) maximum principal strain; (B) minimum principal strain; (C) effective strain; and the

(D) strain energy density.
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Section 10, Case 1: Summation of the inferior-superior unitary force, the posterior-anterior unitary

force, and the medial-lateral unitary force, all scaled by 12.

.
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Figure A5: Top: The location of the section of interest is depicted alongside the reference system and a
schematic of the boundary conditions. Middle: The table shows the magnitude of the force and
moment components in each axial direction for case 1. Bottom: The linear regression graphs for case
1, showing the: (A) maximum principal strain; (B) minimum principal strain; (C) effective strain; and the

(D) strain energy density in Section 10 of the tibia.
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Section 10, Case 2: Summation of the inferior-superior unitary moment, with the posterior-anterior

unitary moment, and the medial lateral unitary moment
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Figure A6: Top: The location of the section of interest is depicted alongside the reference system and a
schematic of the boundary conditions. Middle: The table shows the magnitude of the force and
moment components in each axial direction for case 2. Bottom: The linear regression graphs for case
2, showing the: (A) maximum principal strain; (B) minimum principal strain; (C) effective strain; and the

(D) strain energy density in Section 10 of the tibia.
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The frequency plots for Section 5 for the unitary forces (Figures A7 and A8) and moments (Figures A9
and A10) are shown below for the maximum and minimum principal strains, the effective strain, and
the SED. As are the frequency plots for the Combined_FE case 1 (Figures A11) and case 2 (Figure A12).
The section 10 frequency plots have been omitted. The frequency plots show the number of nodes
which have a particular strain measurement. From these strain values the bones mechanical properties
can be estimated. It can be seen that if the unitary load cases in Figure A7 and A8 are scaled and
combined, the output is similar to that of Figure A11. Similarly, the unitary moment cases in Figure A9
and A10 combine to output a frequency plot similar to that of Figure A12, thus verifying the scaling

and superposition of effects for both the unitary forces and moments.

In conclusion, the results showed that scaling and superposition of effects was valid for all force and
moment cases. This implies that the Combined_PP (post-processing) can be used to obtain outputs
from the unitary simulations, instead of re-running the Abaqus simulation for each new loading
scenario. This is much less computationally expensive and allows for a range of loading scenarios to

be investigated.
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Section 5, Unitary Force Load Cases: Maximum and minimum principal strains
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Figure A7: Top: The location of the section of interest is depicted alongside the reference system.
Bottom: A schematic of the boundary conditions for the three unitary force cases (A, B & C) alongside
the frequency plots which show the maximum and minimum principal strains in Section 5 of the tibia.
The black star (*) shows the maximum value of strain and the black triangle ( A ) shows the minimum

value of strain.
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Section 5, Unitary Force Load Cases: Effective strain and strain energy density
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Figure A8: Top: The location of the section of interest is depicted alongside the reference system.
Bottom: A schematic of the boundary conditions for the three unitary force cases (A, B & C) alongside
the frequency plots which show the effective strain and the strain energy density in Section 5 of the
tibia. NB: the SED graph has been scaled in the x-axis to allow for a clearer view of the frequency plot.
The black star (*) shows the maximum value of strain and the black triangle ( A) shows the minimum

value of strain.
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Section 5, Unitary Moment Cases: Maximum and minimum principal strains
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Figure A9: Top: The location of the section of interest is depicted alongside the reference system.
Bottom: A schematic of the boundary conditions for the three unitary moment cases (A, B & C)
alongside the frequency plots which show the maximum and minimum principal strains in Section 5
of the tibia. The black star (*) shows the maximum value of strain and the black triangle ( A) shows

the minimum value of strain.
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Section 5, Unitary Moment Cases: Effective Strain and Strain Energy Density
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Figure A10: Top: The location of the section of interest is depicted alongside the reference system.
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Bottom: A schematic of the boundary conditions for the three unitary moment cases (A, B & C)

alongside the frequency plots which show the effective strain and the strain energy density in Section

5 of the tibia. NB: the SED graph has been scaled in the x-axis to allow for a clearer view of the frequency

plot. The black star (*) shows the maximum value of strain and the black triangle ( A) shows the

minimum value of strain.
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Section 5, Case 1: Summation of the inferior-superior unitary force, the posterior-anterior unitary force,

and the medial-lateral unitary force, all scaled by 12
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Figure A11: Top: The location of the section of interest is depicted alongside the reference system and
a schematic of the boundary conditions. Middle: The table shows the magnitude of the force and
moment components in each axial direction for case 1. Bottom: The frequency plots which show the (A)
maximum and (B) minimum principal strains, (C) the effective strain and the (D) strain energy density
in Section 5 of the tibia. The black star (*) shows the maximum value of strain and the black triangle

( A ) shows the minimum value of strain.

246



Section 5, Case 2: Summation of the inferior-superior unitary moment, with the posterior-anterior

unitary moment, and the medial lateral unitary moment
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Figure A12: Top: The location of the section of interest is depicted alongside the reference system and

a schematic of the boundary conditions. Middle: The table shows the magnitude of the force and

moment components in each axial direction for case 2. Bottom: The frequency plots which show the

(A) maximum and (B) minimum principal strains, (C) the effective strain and the (D) strain energy

density in Section 5 of the tibia. The black star (*) shows the maximum value of strain and the black

triangle ( A ) shows the minimum value of strain.
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Appendix B
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Figure B1: The heatmaps for every comparison between each location (anterior (A), posterior (P), medial (M), lateral (L)) within the bone within the Naive
group (first column), Disease group (second column), and for the Naive compared to the Disease group (third column) for the normalised stiffness (first row),
porosity (second row), and degree of anisotropy (third row). The cells are coloured based on their p-value when tested with the non-parametric two-tailed
Mann-Whitney U test (first and second columns) or with the non-parametric two-tailed Wilcoxon test (third column). The black represents that no test was

done, as intra-location comparisons are irrelevant. All statistical tests were conducted using a significance level of 0.05.
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Figure B2: The boxplots for the Naive and Disease groups for each ROI! loaded in each direction
(superior-inferior (Sl), medio-lateral (ML), anterior-posterior (AP)) and at each location (anterior,
posterior, medial, lateral) within the bone for the normalised stiffness (N/mm?). The * indicates
significance, when tested with the non-parametric two-tailed Mann-Whitney U test, with a significance

level of 0.05.
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