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ABSTRACT

Bone can adapt its microstructure to mechanical loads through mechanoregulation of the (re)modeling
process. This process has been investigated in vivo using time-lapsed micro-computed tomography
(micro-CT) and micro-finite element (FE) analysis using surface-based methods, which are highly influ-
enced by surface curvature. Consequently, when trying to investigate mechanoregulation in tissue en-
gineered bone constructs, their concave surfaces make the detection of mechanoregulation impossible
when using surface-based methods. In this study, we aimed at developing and applying a volumetric
method to non-invasively quantify mechanoregulation of bone formation in tissue engineered bone con-
structs using micro-CT images and FE analysis. We first investigated hydroxyapatite scaffolds seeded with
human mesenchymal stem cells that were incubated over 8 weeks with one mechanically loaded and
one control group. Higher mechanoregulation of bone formation was measured in loaded samples with
an area under the curve for the receiver operating curve (AUCiormation) Of 0.633-0.637 compared to non-
loaded controls (AUCsormation: 0.592-0.604) during culture in osteogenic medium (p < 0.05). Furthermore,
we applied the method to an in vivo mouse study investigating the effect of loading frequencies on bone
adaptation. The volumetric method detected differences in mechanoregulation of bone formation between
loading conditions (p < 0.05). Mechanoregulation in bone formation was more pronounced (AUCsomation:
0.609-0.642) compared to the surface-based method (AUCeymation: 0.565-0.569, p < 0.05). Our results
show that mechanoregulation of formation in bone tissue engineered constructs takes place and its ex-
tent can be quantified with a volumetric mechanoregulation method using time-lapsed micro-CT and FE
analysis.

Statement of significance

Many efforts have been directed towards optimizing bone scaffolds for tissue growth. However, the
impact of the scaffolds mechanical environment on bone growth is still poorly understood, requiring
accurate assessment of its mechanoregulation. Existing surface-based methods were unable to detect
mechanoregulation in tissue engineered constructs, due to predominantly concave surfaces in scaffolds.
We present a volumetric approach to enable the precise and non-invasive quantification and analysis
of mechanoregulation in bone tissue engineered constructs by leveraging time-lapsed micro-CT imaging,
image registration, and finite element analysis. The implications of this research extend to diverse exper-
imental setups, encompassing culture conditions, and material optimization, and investigations into bone
diseases, enabling a significant stride towards comprehensive advancements in bone tissue engineering
and regenerative medicine.
© 2024 The Author(s). Published by Elsevier Ltd on behalf of Acta Materialia Inc.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

* Corresponding author.

1. Introduction

Bone is a remarkable material known for its ability to func-
tionally adapt its internal microarchitecture by bone (re)modeling
to mechanical influences, which is called mechanoregulation. The
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three main cells involved in bone (re)modeling are osteoblasts,
which form bone, osteoclasts, which resorb bone, and osteocytes,
which regulate this process. Mechanoregulation is a complex pro-
cess that involves the activation of the Bone Genetic Regulatory
Network in response to mechanical stimulation. A cascade of tran-
scription factors, starting with RUNX2, is triggered when mechan-
ical forces are exerted on bone tissue, such as through physical
loading or exercise. One critical pathway involved in mechanoreg-
ulation is the WNT/beta-catenin pathway, which plays a crucial
role in bone formation. The activation of mechanoregulation leads
to a series of cellular responses, including the differentiation of
mesenchymal stem cells into osteoblasts, increased production
of bone extracellular matrix proteins, and enhanced mineraliza-
tion. These events collectively contribute to the overall process of
bone (re)modeling [1]. For a long time, the local sites of bone
(re)modeling could only be analyzed and quantified using histo-
morphometry which is a destructive, and observer- and method-
dependent method. Waarsing et al. proposed a 3-dimensional non-
destructive method to identify areas of bone formation and re-
sorption in living animals using time-lapsed micro-computed to-
mography (micro-CT) [2]. This process was extended by Schulte
et al. who quantified local formation and resorption using prin-
ciples of dynamic morphometry [3]. Using this concept, Schulte
et al. [4] were able to associate (re)modeling events with the lo-
cal mechanical environment obtained using micro-finite element
(micro-FE) analysis. It was the first automated high throughput ap-
proach, that showed areas of high strain are associated with bone
formation, while areas of low strain are associated with resorp-
tion. Their approach facilitated deeper preclinical investigations
into mechanoregulation of bone (re)modeling [4] or fracture heal-
ing [5]. Scheuren et al. investigated mechanoregulation of trabecu-
lar bone adaptation at different loading frequencies [6], but found
no significant differences, while Razi et al. showed the influence of
aging on mechanoregulation on mouse bone (re)modeling [7].

The advances in non-destructive image-based mechanoregula-
tion analysis also allowed the application to human bone [8], en-
abling insights into load distribution and direction [9,10]. Collins
and Atkins et al. identified differences in mechanoregulation in hu-
man radii fractures between cohorts with different bone quality
[11]. However, human clinical studies are challenging due to pa-
tient availability, lower image resolution, motion artefacts, and eth-
ical concerns. Therefore, many recent efforts focus on tissue engi-
neered constructs to investigate human bone biology and patho-
mechanisms to accompany or precede in vivo human research [12].

In vitro cultured tissue engineered constructs are emerging
technologies with multiple potential applications. Bone scaffolds
have been developed to facilitate fracture healing for large bone
defects arising from complicated trauma or bone cancer [13-
15]. To investigate a scaffold’s osteogenic potential, in vitro stud-
ies often precede implantation in animal studies, mostly sheep
and rodent models [16-18]. Scaffolds are usually seeded with hu-
man mesenchymal stromal cells (hMSCs) or human bone marrow-
derived mesenchymal stromal cells in vitro, cultured in osteogenic
medium and often subjected to mechanical stimulation, and the
bone growth is monitored and evaluated using time-lapsed micro-
CT imaging [13-15]. Additionally, there are in vitro bone organoids
solely for research purposes to investigate organs in a con-
trolled environment [19-21]. By using patient-derived cells, bone
organoids have the potential to serve as personalized disease mod-
els to investigate patho-mechanisms and personalized treatment
options [22]. This offers new opportunities for research into rare
diseases, like Osteogenesis Imperfecta [23].

Many efforts have been directed towards finding the optimal
bone scaffold to enable bone tissue growth. It is well known
that the micro-mechanical environment of the bone cells on the
scaffold surface or within the scaffold influences the cell behav-
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ior through mechanotransduction, which is affected by the mate-
rial properties and scaffold geometry, such as pore size or shape
and mechanical stimulation through e.g. compression or fluid flow
[24,25]. As this is a complex process with many parameters, scaf-
fold designs are nowadays often optimized using computational
modeling of the mechanical environment and the cell behavior
[26,27]. However, to optimize a scaffold regarding the mechan-
ical environment, it must be well understood how this affects
bone growth and to which extent mechanoregulation takes place
in vitro.

Similarly to bone in vivo, mechanical stimulation has been
shown to increase tissue formation in tissue engineered bone con-
structs [13,28-30] as well as tissue mineral density and scaffold
stiffness [21]. Physiological deformation resulting in strain on os-
teoblastic cell lines in a 2D culture increases osteoprotegerin, a
protein expressed by osteoblasts that inhibits osteoclastogenesis,
while having no effect on RANKL, thus favoring bone formation
[31]. Baas et al. [32] investigated the association of local mechani-
cal stimuli with areas of tissue formation in a 3D scaffold using a
manual approach, thus demonstrating mechanoregulation in tissue
engineered bone constructs.

When applied to bone tissue engineered constructs for in
vitro applications, our previously developed surface-based method
[4] fails to detect mechanoregulation. Surface-based methods are
highly influenced by the bone surface curvature as demonstrated
by Young et al. [33]. Whereas human trabecular bone has mostly
flat or convex surfaces [34], highly porous and concave surfaces
are known to be beneficial to tissue growth in tissue engineered
constructs, because adherent cells avoid convex regions during mi-
gration and position themselves in concave regions [35,36]. While
(re)modeling takes place on the surface, mechanosensation and the
formation and resorption process of bone is volumetric. We there-
fore assumed that a volumetric approach could be better suited to
detect mechanoregulation in bone tissue engineered constructs.

Our goal was to investigate mechanoregulation of bone forma-
tion in tissue engineered constructs by developing a volumetric
mechanoregulation assessment algorithm using time-lapsed micro-
CT images from hMSC-seeded hydroxyapatite scaffolds with one
mechanically loaded and one control group [13], image registra-
tion, and FE analysis. We assumed that the underlying mechanical
signal influences the (re)modeling event, similar as in the surface-
based method [4] and that osteocytes rather sense and commu-
nicate the highest effective strain than an average value [37]. We
hypothesized that (I) mechanically loaded in vitro bone tissue engi-
neered constructs show mechanoregulation in tissue formation, (II)
mechanical loading increases mechanoregulation in tissue forma-
tion in tissue engineered constructs compared to non-loaded con-
trols, and (IlI) the volumetric method is sensitive to changes and
also applicable to in vivo mouse (re)modeling data that includes
resorption from a previously published study [6].

2. Materials and methods
2.1. Surface-based mechanoregulation analysis

Our previously established surface-based mechano-regulation
analysis [4] is based on a registered (re)modeling image identi-
fying formation, resorption and quiescent bone [3], and the local
mechanical environment derived from micro-FE simulations of the
baseline (of the earlier time point) micro-CT scan. The challenge
was to associate formation with the underlying mechanical en-
vironment. Since the mechanical environment is calculated with
the baseline image, there is no tissue in the formation volume
yet (see Fig. 1D,E and G,H). To associate the bone formation and
resorption sites with the bone surface, formation and resorption
volumes were projected onto the baseline scan surface using a 6-
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Fig. 1. Schematic of the volumetric projection method to assess mechanoregulation. A: 3D (re)modeling image of a bone scaffold. B: 3D (re)modeling image of a mouse
vertebra. C: Schematic chart of the iterative layer-by-layer projection. D-F: Schematic of the projection of mechanical values at the surface: D: (Re)modeling image with
multiple layers of formation. E: Iterative layer-by-layer projection of the surface values. F: Clustered mechanical values. G: (Re)modeling image of a concave surface. H:
Corresponding mechanical environment to G). I: Binary dilation of the formation voxels onto the surface of the surface-based method. J: Clustered mechanical values of the
concave image by the surface-based method. K: Clustered mechanical values for the concave surface by the volumetric method, L: Binary dilation of the formation voxels
based on images D and Ei. M: Clustered mechanical values of the surface-based method based on images D and Ei. N: Example of a real close up of (re)modeling image and
mechanical environment, where the iterative projection process is visually explained (not representative of the overall mechanoregulation).

neighborhood topology, meaning the 6 direct neighbors of a voxel
in a hexagonal grid (Fig. 11, L). This resulted in three masks for the
surfaces of each of the (re)modeling events, which are applied to
the micro-FE image to obtain the clustered mechanical values for
formation, quiescence and resorption (Fig. 1], M).

The number of bins for the resulting formation, quiescence and
resorption histograms was specified dependent on the application.
We chose 50 bins for in the in vivo application, similar as in the
original study [6], and 100 bins for the in vitro data, as there was
roughly twice the amount of formation voxels compared to the in
vivo data.

Projecting the formation onto the mechanical values at the ad-
jacent surface of the formation does not capture mechanoregula-
tion in predominantly concave structures such as bone scaffolds.
The formation on concave surfaces inherently connects the forma-
tion voxel to multiple adjacent surfaces. Thus, the formation voxel
is associated with multiple mechanical values (Fig. 1I). Further-
more, the surface-based method fails to capture mechanoregula-
tion, where large amounts of formation result in multiple newly
formed voxel layers in the micro-CT image (Fig. 1L). As formation
voxels can be associated with varying numbers of mechanical val-
ues (Table 1), mechanoregulation can no longer be accurately cap-
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tured by the surface-based method due to shifting weight of the
mechanical value in the analysis.

2.2. Volumetric mechanoregulation analysis

The volumetric mechanoregulation analysis was based on a
(re)modeling image (Fig. 1A, 1B) clustered into formation volume,
quiescent volume and resorption volume and the corresponding
image of local tissue mechanical environment. The number of bins
for the resulting histograms was specified dependent on the appli-
cation like in the surface-based analysis (in vivo=50, in vitro=100).

Similar as in the surface-based method, the challenge was to
associate formation with the underlying mechanical environment.
Since the mechanical environment is calculated with the baseline
image, there is no tissue in the formation volume yet (see Fig. 1D,
E and G,H). Instead of using the formation-adjacent surface val-
ues, we projected the mechanical values at the surface onto the
(yet empty) formation volume (see Fig. 1E), so that every forma-
tion voxel was associated with the mechanical value of the clos-
est connected surface voxel. This way, the considered number of
mechanical values in the mechanical image was exactly the same
as the number of volume elements classified as formation in the
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Comparing the number of formation-associated mechanical values with the actual amount of formation voxels (ground truth) for the volumetric and

the surface-based method.

Comparison amount of formation-associated values with ground truth

Flat surface

Concave surface
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Volumetric Method 9
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Fig. 2. Synthetic images: (A-D): Flat Surface, (E-H): Concave Surface, (I-L): Multiple layers. (A, E, I): (Re)modeling images with quiescence (grey) and formation (orange),
(B,F]): Mechanical environment on the quiescent surface, (C,G,K): Mechanical values (e.g. effective strain) associated with formation by the volumetric method, (D,H,L):

Mechanical values associated with formation by the surface-based method.

(re)modeling image. We started with the mechanical data as input,
which should have corresponding mechanical values for both the
quiescent and the resorption volume, however not for the forma-
tion volume. To associate the underlying mechanical values at the
surface with the formation volumes, we iteratively projected out
the mechanical values on the surface layer by layer into the for-
mation volume (see Fig. 1C, E).

First, we used a grey dilation (square connectivity =1,
iteration=1) on the mechanical data, which is a mathematical mor-
phology operation that projects the value in the center onto its 6
direct neighbors in the x, y, and z direction. In case of multiple ad-
jacent values, it uses the maximum (Fig. 1Ei, E iv, K). Secondly, we
calculated the difference between a binary dilation of the mechan-
ical environment and the binarized mechanical environment, cre-
ating a mask of the next layer of voxels outside the surface. Third,
we multiplied this layer with the formation volume and obtained
a mask for the next layer of formation voxels. Lastly, we used this
mask on the grey dilated mechanical values (Fig. 1Eii), and added
this new layer of projected mechanical values to the original me-
chanical environment (Fig. 1Eiii). This then served as the start me-
chanical values of the next iteration.

The projection iterated through all formation layers (Fig. 1C),
starting with the first layer (adjacent to the surface) and ending
with the last layer (furthest layer from the surface), having filled
all formation voxels from the (re)modeling image with values dur-
ing the process (Fig. 1D, Ev). Using this layer-by-layer projection
with the described kernel combined with the mask of the forma-
tion volume instead of a single-step projection with a large ker-
nel allowed each formation voxel to be filled by a projection of
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the closest connected mechanical surface value, while not distort-
ing the original mechanical values (Fig. 1N).

The formation and resorption associated mechanical values
were simply obtained by using formation or resorption area as a
mask for the mechanical environment obtained by the iterative
layer-by layer projection (Fig. 1F,K). To get all mechanical values at
the tissue surface, we created a mask for the tissue surface by sub-
tracting a binary eroded image from a binarized image containing
resorption and quiescence. The resulting surface mask image was
then applied to the output mechanical signal image. For the quies-
cent surface, we used the mask for the tissue surface and excluded
all surface voxels classified as resorption or projected onto forma-
tion areas. We used a grey dilation of the projected formation val-
ues and subtracted this from our original mechanical environment.
Wherever on the tissue surface this subtraction resulted in a value
of zero, this surface voxel was excluded from the mask used for
the quiescent surface (Fig. 1F,K).

2.3. Synthetic data

We used three synthetic images to show the working princi-
ple of the volumetric method and illustrate the differences to the
surface-based method. As an example of intrinsically flat surfaces,
as often seen in trabecular bone, we created an image with a flat
surface and single layer thick formation (Fig. 2A). Additionally, we
created an example of formation within a concave surface (Fig. 2E),
where formation voxels have multiple adjacent surface voxels, and
an example of multiple voxel layers of formation on a flat surface
(Fig. 2I). Corresponding images to represent the mechanical envi-
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ronment on the surface were created by manually assigning values
between 0 and 1 (Fig. 2B,F]), to demonstrate the working princi-
ple of how to assess mechanoregulation in bone formation of both
methods.

The number of formation voxels in the (re)modeling image
(ground truth) was compared to the number of associated mechan-
ical values (e.g. effective strain) by the volumetric and the surface-
based method (Fig. 2C,D,G,H,K,L, Table 1). While the volumetric
and the surface-based method included the same number of vox-
els on a flat surface (Fig. 2C,D; Table 1), the surface based method
associated a larger number of mechanical values with formation
on a concave surface (Fig. 2G,H; Table 1), and a lower number
of mechanical values in case of multiple voxel layers of formation
(Fig. 2K,L; Table 1).

Additionally to the numerical comparison, the results for the
volumetric method (Fig. 2C,G,K) were visually compared to the me-
chanical environment on the surface (Fig. 2B,F))).

2.4. In vitro data

For the in vitro data we used micro-CT images (36 pm
voxel size) from hMSC cell-seeded hydroxyapatite (HA) polymer
nanocomposite scaffolds, that were acquired weekly over a cul-
ture duration of 8 weeks from a previously published study by
Schédli et al. [13] (detailed information in supplementary mate-
rial 1.1). During the first 4 weeks, cell seeded scaffolds were cul-
tured in standard growth cell culture medium, before switching to
osteogenic cell culture medium in week 5. One group was sub-
jected to cyclic mechanical loading while the other group served
as a static control.

Obtained micro-CT images were registered [38], Gauss fil-
tered (sigma 1.2, support 1) and binarized using a threshold of
138 mg/cm3 HA (max. densities of the mineralized tissue at day
56: control: 289; loaded: 420 mg/cm3 HA). The threshold was
manually chosen such that after segmentation of the first week
images, the average porosity was 83 % as reported by Schddli et al.
[13]. (Re)modeling images were created by overlaying two subse-
quent time-lapsed images, clustering formation volumes where the
second image showed mineral and the first did not, and quies-
cent volumes, where both images showed mineral (supplementary
Figure S1). For the FE meshes, voxels were converted to 8 node
hexahedral elements. Due to the range of tissue densities in the
micro-CT images and the strong influence of it on the material
properties [21] we chose to use heterogeneous material proper-
ties for the FE analysis. To consider the different material proper-
ties of scaffold and tissue, we used the binarized micro-CT image
of the first time-lapsed scan (day07) as an approximation of the
scaffold structure (supplementary Figure S1). A Young’s modulus
of 15 MPa was assigned to the original scaffold structure, corre-
sponding to the value reported by Schddli et al. [13]. Voxels in-
side the binarized image but outside the day07 mask were con-
verted to Young's modulus using the conversion function based on
density published by Zhang et al. for in vitro tissue [21], instead
of conversion functions for bone that are usually based on higher
densities: E = 62.53 « 10%xp74 +3, where E is Young’s modulus in
kPa and p is density in g HA/cm3. A cylindrical mask of 6 mm di-
ameter was fitted to the scaffold [13] and voxels inside this mask
and outside the binarized image were assigned a Young’s modulus
of 2 kPa to account for structures of the scaffold that were seg-
mented out due to the low image resolution but still affect the ef-
fective strain distribution during mechanical stimulation. The ratio
between 2 kPa and 15 MPa is similar as used for bone and bone
marrow in mice (see section 2.5). The Poisson’s ratio was set to 0.3
for all values, according to previous work [21]. Due to the uneven
top surface of the bone scaffolds, a padding was approximated at
the top of the scaffold using a Young’s Modulus of 5 GPa (material
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stiffness of the piston during loading), to enable a larger contact
area and more realistic force flow similar to modelling the inter-
vertebral disks for in vivo FE-analyses [39,40].

2.5. In vivo data

For the in vivo analysis we used vertebral micro-CT images
(10.5 pm voxel size) from mice, which were subjected to differ-
ent compressive loading protocols: cyclic with 10 Hz, 5 Hz or 2 Hz,
static or sham (0 N, control group). Following the 3R principles, we
used this data from a previously published study by Scheuren et al.
[6] (detailed information in the supplementary material 1.2). There
were no statistical differences between time intervals in bone vol-
ume per total volume, trabecular thickness or number, or net re-
modeling rate and only mineralizing surface was higher in week
16-17 than in the other time intervals ([6], Figs. 1, 2). It was thus
decided to use this time interval for the analysis. Grayscale micro-
CT images were registered [38], Gauss filtered (sigma 1.2, support
1) and binarized using a threshold of 580 mg/cm3 HA [6,41] and
trabecular regions were automatically contoured. Segmented im-
ages were overlaid to create (re)modeling images clustered into
formation volumes, where the week 17 image showed bone, but
week 16 did not, resorption volumes, where the week 16 image
showed bone but week 17 did not, and quiescent volume, where
both images showed bone (supplementary Figure S1).

Leading up to the finite-element (FE) analysis, homogeneous
material properties were assigned to the in vivo images, as pre-
vious studies have shown these to be effective [41,42]. A Young’s
modulus of 14.8 GPa and a Poisson’s ratio of 0.3 was assigned
to the binarized bone images, while the bone marrow within the
bone cavity was assigned a Young’s modulus of 2 MPa and a Pois-
son’s ratio of 0.3 [39,41,42]. To ensure a more realistic force flow
and to prevent unreasonably high strains on some nodes, interver-
tebral discs were added to proximal and distal ends of the ver-
tebra [42]. For numerical reasons and since the parameters have
marginal influence on the strain distribution in the bone [41], the
same parameters as assigned to bone were used. Voxels were con-
verted to 8 node hexahedral elements for the FE meshes.

2.6. Micro-finite element analysis

As described elsewhere [39], a 1% displacement of the length in
the z-axis was applied to the top nodes, while the bottom nodes at
z = 0 were constrained in all directions. Models averaged 20 mil-
lion elements for the mouse vertebrae, and 2.2 million elements
for the bone scaffolds. Micro-FE analysis was computed using the
linear solver ParOsol [43] with one node and 12 cores, converg-
ing in 20 min for the mice vertebra and under 2 min for the bone
scaffolds. Similar to Schulte et al. [4] and Scheuren et al. [6] we
used strain energy density (SED) as mechanical signal for bone
(re)modeling for the mouse vertebra. As the in vitro data was as-
signed heterogeneous material parameters in a large range, effec-
tive strain €,¢; = /2U/E, where U is SED and E is Young's modu-
lus, [44] was more appropriate to use as the mechanical signal for
the bone scaffolds [41]. To enable a comparison between individual
animals and loading groups, the mechanical signal was normalized
within each sample and measurement by maximal SED or effective
strain, chosen at the 99th percentile of values present in the VOI
for mouse vertebra to exclude unrealistically high values [4]. The
data of the bone scaffolds was more skewed, (8.9 % of values above
the 50th percentile compared to 17 % in the mouse vertebra) caus-
ing large fluctuations in the conditional probabilities for the top
bins (high effective strains) and decreased accuracy for the lower
range. Thus we adjusted the normalization to the 90th percentile,
leaving 3.4 % of the values in the 10 highest bins, comparable to
the in vivo data (3.7 %). FE analysis was performed on the week 16
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Formation 3D Formation 2D

Fig. 3. Qualitative results and differences of applying the volumetric and surface-based method to a mechanically loaded scaffold. (Re)modeling image with formation
(orange) and quiescence (grey) (A,FK); original mechanical environment (FE results) corresponding to the quiescent data (B,G,L); projected mechanical environment (original
mechanical environment and the projected formation values) (C,H,M); effective strain values associated with formation for the volumetric method (3D) (D,I,N), based on the
original mechanical environment (B,G,L), which match the formation volumes displayed in (A,FK); and surface-based (2D) method (E,]J,0) corresponding to large parts of the
surface; depicted in the whole 3D structure (A-E), single slice of the image (F-]), and a close up (K-0).

micro-CT image of the mouse vertebra, and on the images of week
1 to week 7 of the bone scaffold study.

2.7. Statistical analysis

Histograms were created based on the clustered mechanical
values for formation, quiescence and resorption and input num-
ber of bins. Conditional probabilities were calculated as described
in Schulte et al. [4], by first rescaling the histograms to amount to
1, normalizing all (re)modeling events to remove the dependence
on the imbalance of formation and resorption, which may vary be-
tween different groups and animals. Second, the conditional proba-
bilities were calculated bin-wise based on the adjusted histograms,
dividing each histogram value by the sum of the histogram val-
ues of all (re)modeling events for this bin. Third, exponential func-
tions as introduced by Schulte et al. [4] were fitted to the condi-
tional probability curves by using a least square optimization. The
correct classification rate (CCR) was calculated based on the con-
ditional probabilities [5]. CCR is a quantitative measure to assess
mechanoregulation resulting in a value between 0.33 or 0.5 (for
3 or 2 (re)modeling events respectively) and 1, with 1 meaning
(re)modeling is completely controlled by the mechanical environ-
ment and 0.33 or 0.5 meaning (re)modeling is completely inde-
pendent of the mechanical environment. Additionally, the area un-
der the curve for the receiver operating curve (AUC) was calculated
for each (re)modeling event, using the clustered mechanical values
and the mechanical values at the surface [5,6]. Similarly to the CCR,
AUC is a quantitative measure between 0.5 ((re)modeling event is
independent of the mechanical environment) and 1 ((re)modeling
is completely controlled by the mechanical environment) to assess
mechanoregulation for each (re)modeling event. The mean SED and
effective strain for each (re)modeling event was calculated from
the clustered mechanical values using micro-FE analysis. Further-

154

more, we conducted a sensitivity analysis regarding lower image
resolution for both methods (supplementary material 1.3, Figure
S3).

The parameters of the fitted exponential curves were tested
for normality and consequently for significance using unpaired
student’s t-test to compare results between groups and a paired
student’s t-test to compare results between methods. Results of
CCR, AUC and mean SED or effective strain were first tested with
Shapiro-Wilk test whether the data were normally distributed.
When distribution was not normal, then we used Mann-Whitney
U test or Wilcoxon when comparing intra-group differences. Oth-
erwise, statistical analysis was performed by an unpaired student’s
t-test to compare results between groups and a paired student’s
t-test to compare results between methods. Benjamini-Hochberg
correction was used to adjust for multiple comparisons.

3. Results
3.1. In vitro data

We analyzed mechanoregulation of bone formation in hydrox-
yapatite scaffolds seeded with human mesenchymal stem cells that
were incubated over 8 weeks with one mechanically loaded and
one control group from a study by Schddli et al. [13]. As the in
vitro study only included the osteoblastic cell lineage, there was no
resorption in this study. In week 1 there were air bubbles present
in the scaffold structure [13], omitting a correct analysis, so that
these results were moved to the Supplementary material (Figure
S4). Fig. 3 shows the application and the differences of the volu-
metric and the surface-based method to a loaded scaffold on the
whole 3D structure (Fig. 3A-E), a 2D slice (Fig. 3F-]) and a close
up (Fig. 3K-O). A close up of the (re)modeling image (Fig. 3K),
the original mechanical environment (Fig. 3L), and the projected
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Fig. 4. Conditional probability curves for bone formation in time-lapsed in vitro data, comparing the volumetric (3D) and surface-based (2D) method for the loaded and
control group. (A): Week 2-3. (B) Week 3-4. (C): Week 4-5. (D): Week 5-6. (E) Week 6-7. (F): Week 7-8. The 3D method detects mechanoregulation for bone formation for
both loaded and control group (probability increases with increasing effective strain), while the 2D method fails to detect mechanoregulation.

mechanical environment are illustrated in Fig. 3M. Notably, the
original mechanical environment was kept, so that the differences
between the original and the projected mechanical environment
was hardly visible on the whole slice (Fig. 3G,H) and the 3D im-
age (Fig. 3B,C). When comparing the formation associated effective
strain values from the volumetric and the surface-based method
in the 3D images (Fig. 3D, E), the surface-based method included
a higher number of values, namely most of the scaffold’s surface.
The whole slice (Fig. 31, ]) and the close up (Fig. 3N, O) of the asso-
ciated formation show that the volumetric method seemed to in-
clude more localized values in the actual formation areas. This re-
sulted in more values being included in the surface-based method
on uneven surfaces with little formation, but less values included
in areas with high effective strain and a large amount of forma-
tion (Fig. 3N, O). Overall, the close ups in Fig. 3K and L suggested,
that the bone scaffolds are mechanoregulated, as there were larger
amounts of formation in areas with high effective strain, as well
as less formation in areas with low effective strain. To visualize
this process, we calculated the conditional probabilities for forma-
tion for each week, group, and method (Fig. 4) which showed the
conditional probability of formation occurring at a given local sur-
face strain. As there was only formation and quiescence in terms of
(re)modeling events, the corresponding quiescent curve was simply
the inverse of the depicted curves and was thus not displayed. The
parameters from the fitted exponential function are displayed in
Table 2.

The volumetric method shows mechanoregulation over all time
points for both groups, loaded and control, where the probability
for formation increased with increasing effective strain. However,
the surface-based method failed to detect mechanoregulation, as
it indicated only non-targeted formation for both the loaded and
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control group, with a constant probability around 0.5. In the week
2-3 (Fig. 4A) and 3-4 (Fig. 4B), the probabilities calculated with
the volumetric method were similar in the control group and the
loaded group. After week 4 (Fig. 4C-F), the control curve started at
a higher and ended at a lower probability than the loaded counter-
part, indicating that the loaded group was more mechanoregulated
than the control group. Especially in week 5-6 (Fig. 4D) and week
6-7 (Fig. 4E), the higher probability of the control curve compared
to the loaded curve below 0.3 strain/max strain was clearly visible.
Towards the later time points of the study, the standard deviation
decreased, especially for the results obtained with the volumetric
method. Fitting an exponential function to the average data calcu-
lated by the surface-based method resulted in all but one R2 value
being below 0.5 (Table 2).

For the surface-based method, the parameter a stayed constant
throughout the time of the study and for both groups (a = 1.000).
However, in this case, a can arguably not be interpreted as a mea-
sure for mechano-sensitivity. The indicator of the amount of non-
targeted formation, parameter y,, stayed very similar throughout
the time in the control group (a ranging from 0.4888 to 0.4938),
while it decreased very slightly over time in the loaded group
(from a = 0.4981 to a = 0.4883). However, there were no differ-
ences (p > 0.05) between parameters obtained for the loaded and
the control group after assessment with the surface-based method.

While the amount of non-targeted formation, parameter y,, did
not follow a trend for the control group when analyzed with the
volumetric method, the loading group showed a decrease over
time (from y7=0.3237 to yo=0.2806). Overall, the values of param-
eter yo were significantly higher for the control group compared
to the loaded group (p < 0.01). In addition, the values for the pa-
rameter a were significantly lower for the control group than the
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Parameters for fitted exponential functions to the conditional probability for formation for both volumetric and surface-based

method, loaded and control group.

Volumetric
Parameters Wk 2-3 Wk 3-4 Wk 4-5 Wk 5-6 Wk 6-7 Wk 7-8
Control Yo 0.3214 0.3468 0.3459 0.3563 0.3630 0.3331

a 0.3191 0.2596 0.2611 0.2279 0.2276 0.2598

b 2.7514 2.8969 2.8584 3.2989 3.0388 3.3278

R? 0.9511 0.9703 0.9756 0.9641 0.9619 0.9675
Loaded Yo 0.3237 0.3181 0.3043 0.2888 0.2808 0.2806

a 0.3034 0.2879 0.3137 0.3216 0.3186 0.3231

b 2.7820 3.1342 3.0703 3.2934 3.6238 3.5424

R? 0.9101 0.9654 0.9828 0.9834 0.9800 0.9841
Surface-Based
Parameters Wk 2-3 Wk 3-4 Wk 4-5 Wk 5-6 Wk 6-7 Wk 7-8
Control Yo 0.4938 0.4899 0.4888 0.4923 0.4913 0.4912

a 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000

b 0.0080 0.0161 0.0206 0.0074 0.0117 0.0107

R? 0.1225 0.3023 0.4241 0.0736 0.1960 0.1844
Loaded Yo 0.4981 0.4926 0.4906 0.4907 0.4883 0.4887

a 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000

b —0.0099 0.0101 0.0111 0.0153 0.0198 0.0210

R? 0.1090 0.1322 0.1272 0.3011 0.4550 0.5229
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Fig. 5. Correct Classification rate (CCR) over the duration of the in vitro study, showing significantly higher results for the 3D method compared to the 2D method, however

no group differences. *p < 0.05; **p < 0.01; ***p < 0.001.

loaded group (p < 0.05). To quantify the mechanoregulation visible
in the probability plots, we calculated the CCR value (Fig. 5), and
the AUC formation (Fig~ 6)~

After week 3, the loaded and control groups exhibited signif-
icantly higher CCR values when using the volumetric assessment
compared to the surface approach (Fig. 5). At week 2-3, the CCR
value for the control group was significantly higher for the volu-
metric than for the surface-based method. While the CCR values
for the loaded group were slightly higher than those of the control
group after week 3, there are no significant differences between
the groups when calculated with the volumetric method. The CCR
values calculated by the surface-based method are close to 0.5,
which would imply non-targeted bone formation. There are no dif-
ferences between groups using the surface-based method (Fig. 5).

Fig. 6 shows that the resulting AUC values are significantly
higher when calculated with the volumetric method compared to
the surface-based for both the loaded and the control group. With
values above 0.6, the results indicate mechanoregulation in both
the loaded and the control group. After week 5, the AUC value for
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the loaded group was significantly higher than that of the control
group, when calculated with the volumetric method (p < 0.05). Af-
ter week 6, the standard deviation of the AUC values in the loaded
group drastically reduced while there was no change in the con-
trol group. However, when using the surface-based method, there
are no significant differences between the loaded and the control
group and all values are only slightly above 0.5, which implies
non-targeted bone formation instead of mechanoregulation in the
bone scaffolds.

3.2. In vivo data

In the second part of our study, we investigated the applica-
bility of the volumetric method to in vivo data. The surface-based
method took on average 3.52 s to compute, compared to 37.3 s for
the more complex volumetric method. Fig. 7 shows a qualitative
visualization of mechanoregulation and the differences between
the volumetric (3D) and the surface-based method (2D). Fig. 7K,
L and M illustrate a qualitative example of mechanoregulation with
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Fig. 6. Area under the curve for the receiver operating curve (AUC) for formation over the duration of the in vitro study, showing significantly higher values for the loaded
group compared to the control group after week 5 when applying the volumetric method. *p < 0.05; **p < 0.01; ***p < 0.001.
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Fig. 7. Qualitative visualization of mechanoregulation and the differences between the volumetric and the surface-based method (example of 2 Hz group): (Re)modeling
image (AFK), original mechanical environment (FE results) (B,G,L), projected mechanical environment: original mechanical environment and the projected formation values
(CH,M); SED values associated with formation for the volumetric (3D) (D,I,N) and surface-based (2D) method (E,J,0); depicted in the whole 3D structure (A-E), single slice of
the image (F-]), and a close up (K-O). The formation associated mechanical values calculated by the 3D method (D,I,N) correspond directly to the formation volumes (A,FK),
while the 2D method includes more surface values, leading to small differences between the methods.

formation in areas of high SED and resorption in areas with low
SED, which was captured by both the surface-based and volumetric
method (Fig. 7N, O). The differences between the methodology of
the surface-based and the volumetric mechanoregulation method
are clearly visible in the 3D images of the associated formation
(Fig. 7D,E). The surface-based results resemble the trabecular sur-
face, while the volumetric results look like localized components
consistent with the depicted bone formation (Fig. 7A). Neverthe-
less, the formation associated mechanical values and the amount
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thereof hardly changed, visible from the images of the whole slice
(Fig. 71]). Small differences can be observed in the lower left cor-
ner of the close-ups (Fig. 7N,0), where the volumetric method in-
cludes more high values than the surface-based, and the middle
of the close-ups, where the surface-based method includes more
medium values than the volumetric method.

Fig. 7 panels B, C, G, H, L, M show that the original mechanical
values from the FE analysis are kept for the quiescent and resorp-
tion volumes. The mechanical values at the surface are projected
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ulation, with the 3D method resulting in a steeper formation probability curve with a larger increase compared to the 2D method, indicating higher mechanoregulation

could be detected by the 3D method.

onto the formation volumes, demonstrating that the algorithm pre-
dicts formation even in an in vivo situation.

Mechanoregulation was visualized by conditional probability
plots (Fig. 8) that show the likelihood of a formation or resorption
event at given SED. The plots illustrate the exponential function fit-
ted to the average values and the standard deviation depicting the
conditional probabilities for formation, quiescent and resorption
for both the volumetric and the surface-based method. The pa-
rameters corresponding to the fitted exponential curves are listed
in Table 1. The formation curve for the volumetric method gen-
erally starts at a lower probability at 0 SED/SEDmax and reaches a
higher probability at 1 SED/SEDmax than the surface-based method.
As shown in Table 1, 2 Hz and 5 Hz groups show the lowest
non-targeted formation, which is represented by parameter y0 (2
Hz: y0=0.206 (3D), y0=0.247 (2D); 5Hz: y0=0.198 (3D), y0=0.206
(2D)).

The slopes of the formation curves, which can be interpreted
as an indicator of mechano-sensitivity and are described by the
parameter a (Table 3) were consistently higher for the volumet-
ric method compared to the surface-based method. The highest
mechano-sensitivity values (3D: a = 1.341, 2D: a = 0.396) were
obtained with 10 Hz loading. The volumetric method resulted in a
highest maximum probability of 0.640 at 5 Hz (Fig. 8D) and the
lowest 0.580 was found in the control group (Fig. 8A). Similarly,
the surface-based method resulted in a highest maximum proba-
bility of 0.516 at 5 Hz (Fig. 8D) and the lowest 0.457 for control
(Fig. 8A). This means that the volumetric method resulted in an
increase of 24 % - 27 % compared to the surface-based method re-
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spectively. The 10 Hz data (Fig. 3D) notably had the highest stan-
dard deviation for both methods. The exponential functions fit-
ted similarly well to the average data for both methods, with an
overall RZ of 0.983+0.006 (3D) and 0.985 + 0.006 (2D) across all
groups.

Quiescent curves show similar behavior between the surface-
based and volumetric method below 0.4 SED/SEDnax, however the
volumetric method results in lower probabilities above that value.
For both methods, there were no notable differences between
groups in the quiescent probability curves, in contrast to the for-
mation and the resorption curves.

The resulting resorption curves from the surface-based method
start with a steep decline (b = 4.744-12.161) below 0.1 SED/
SEDmax and then plateau above 0.5 SED/ SEDmax (Fig. 8). The
resorption curves from the volumetric method start at a lower
probability and with less steep slope (b = 2.343-3.378) com-
pared to the surface-based method but continue to decrease
above 0.5 SED/SEDpax instead of reaching an asymptotic value.
For both the volumetric and the surface-based method, the 10 Hz
group had the lowest non-targeted resorption with yy=0.125 and
¥0=0.219 respectively. While resorption is less than or equally
probable as quiescence at above 0.9 SED/SEDpax for the control
and the static group, it becomes increasingly less probable in the
groups that were cyclically loaded. Overall, the conditional prob-
ability curves from the volumetric method are steeper above 0.4
SED/SEDmax than those of the surface-based method, which indi-
cates that mechanoregulation is still sensitive to an increase of
SED above that level, in contrast to the narrower curves from
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Parameters of the fitted exponential functions for the conditional probability curves in vivo.

Volumetric / 3D

Surface-based | 2D

Parameters - -
Control Static 2Hz 5Hz 10Hz Control Static 2Hz 5Hz 10Hz
Formation o 0.2372 0.2223 0.2058 0.1983 0.2212 0.2655 0.2571 0.2472 0.2437 0.2555
a 0.7146 0.7037 0.8434 0.9120 1.3413 0.2201 0.2482 0.3333 0.3735 0.3959
b 0.6681 0.7659 0.7260 0.6765 0.3790 2.0689 1.9498 1.5236 1.3388 1.0956
R? 0.9704 0.9871 0.9838 0.9872 0.9864 0.9744 0.9874 0.9849 0.9885 0.9915
Resorption  yo 0.2056 0.2049 0.1529 0.1463 0.1247 0.2831 0.2771 0.2542 0.2345 0.2192
a 0.2152 0.2372 0.2966 0.3174 0.3250 0.1790 0.2106 0.2131 0.2475 0.2375
b 2.9379 3.3782 2.5860 2.6497 2.3435 12.156 12.161 7.2012 6.1932 4.7440
R? 0.9832 0.9717 0.9916 0.9800 0.9795 0.9422 0.9669 0.9579 0.9430 0.9406
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Fig. 9. Quantification of mechanoregulation for in vivo data. (A): Correct classification rate (CCR) for in vivo data. (B-D): Area under the curve of the receiver operating char-
acteristic (AUC) for formation (B), quiescent (C) and resorption (D). Both methods detected cyclic loading resulting in increased overall mechanoregulation (CCR) compared to
control group, while increased mechanoregulation of formation (AUC) was detected for 2 Hz and 5 Hz only using the 3D method compared to control. *p < 0.05; **p < 0.01;

***p < 0.001.

the surface-based method. The exponential functions fit for the
3D method was R2=0.981+0.006 compared to R2=0.950+0.01 for
the 2D method, meaning the results obtained with the volumetric
method still follow the proposed functions suggested by Schulte
et al. [4].

To statistically analyze and quantify the differences visible in
the conditional probability plots, CCR and AUC for formation, qui-
escent and resorption were calculated (Fig. 9). CCR values for the
2 Hz, 5 Hz and 10 Hz group were significantly higher than for the
control group (p < 0.05) for both methods (Fig. 4A). CCR values
for the volumetric method are significantly higher (10-11 %) than
those from the surface-based method (p < 0.0001).

While there are no differences between the AUC¢ mation Values
for all groups from the surface-based method, both 2 Hz and 5 Hz
groups show significantly higher (p < 0.01) values than the con-
trol group when calculated with the volumetric method (Fig. 9B).
AUC values for formation were also significantly higher (9-13 %)
for each group when calculated with the volumetric method com-
pared to the surface-based result (p < 0.001).

We found no differences between groups and methods for
AUCqyiescent Values (Fig. 9C). There were also no differences be-
tween groups and methods for the AUCiesorpion Values, however
the standard deviation for both the static and control group were
notably higher for the volumetric method (Fig. 9D). The results for
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the resolution sensitivity analysis can be found in the supplemen-
tary material 1.3 and Figure S3.

4. Discussion

In this study, we have developed a volumetric method to quan-
tify mechanoregulation of bone formation in tissue engineering
applications based on time lapsed micro-CT images and FE anal-
ysis. We were able to quantify mechanoregulation in mechani-
cally loaded and unloaded in vitro tissue engineered bone con-
structs. Additionally, mechanoregulation measured by AUC¢o:mation
was significantly higher for loaded samples than in the control
group from week 5 on. The surface-based method did not detect
any mechanoregulation. We showed that the volumetric method is
suitable to analyze mechanoregulation in in vitro tissue engineered
bone constructs.

After 5 weeks of culture, loaded samples showed significantly
higher AUCgymation and thus higher mechanoregulation of tissue
formation than the control group. Notably, this time-point aligns
with the timing in the original study, where osteogenic medium
was introduced to the culture [13]. This enabled osteoblast differ-
entiation into osteocytes, so that the differences could be due to
the mechano-sensing of the osteocytes and their communication
with the osteoblasts [45]. Yet our results show that osteoblasts
alone are also affected by mechanoregulation, similar as in bill-
fish bones that are mechanoregulated despite not having osteo-
cytes [46]. However, osteocytes seem to make this process more
sensitive and amplify it, as also indicated by the decrease in the
non-targeted formation (parameter yg) in the loaded group after
week 5. Our results are in line with earlier studies that showed
mechanoregulation in particular small subregions bone scaffolds
[32] and 2D osteoblast cultures [31] as well as studies that showed
increased mineralization due to mechanical loading [13,21,28]. The
values we found for AUCs,;mation are in a similar range as the eval-
uated in vivo data [6] and values reported in fracture healing in
mice [5,47].

Interestingly, we found mechanoregulation in vitro not only
for the loaded, but also the control group according to CCR and
AUCtormation- However, we see similar results in vivo, where no su-
perphysiological application of mechanical stimulation still leads
to mechanoregulation, even in not load-bearing bones [6,48]. Liu
et al. showed that in vitro, hydrostatic load can already induce
osteodifferention [49], while Sittichokechaiwut et al. and Brunelli
et al. include resting periods of 5 days or more between loading
cycles [29,50], making it seem likely that already small mechanical
impulses can cause mechanoregulation. Even the control samples
experience gravity, movements during bioreactor handling and in-
ternal stress from fabrication and interaction with the culture me-
dia. Additionally, the control samples were cultured in the same
bioreactors and medium as the loaded samples [13], so that they
might have been affected by the mechanical loading of the other
scaffold. Nevertheless, a more detailed analysis with using FE mod-
els for the mentioned alternative loading scenarios will be neces-
sary to gain further insights into why exactly the control samples
also exhibit mechanoregulation.

By including CCR as a statistical measurement of mechanoreg-
ulation, in the in vivo study both the surface-based and the volu-
metric method were able to show significant differences between
the cyclically loaded groups (2 Hz, 5 Hz, 10 Hz) and the control
group in vivo, meaning that cyclic loading increases mechanoreg-
ulation. When using the volumetric approach, we detected signif-
icantly higher AUC¢,mation Values for both the 2 Hz and the 5 Hz
group compared with the control group. Both CCR and AUCymation
values were significantly higher when calculated with the volu-
metric method compared to the surface-based method, indicating
more targeted (re)modeling and especially formation than initially
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reported. The results for AUCgiescent @0d AUC esorption Were similar
between methods and not significantly different between groups.
Our results show that both the surface-based and the volumetric
method can detect bone mechanoregulation and differences from
different loading conditions in trabecular bone in vivo. The volu-
metric method was more sensitive to differences in mechanoregu-
lation of bone formation, indicating the volumetric method should
be especially considered when investigating differences between
groups in bone formation.

We found increased mechanoregulation of bone formation for
a loading frequency of 2 and 5 Hz in vivo (Fig. 9). However,
the AUCiormation Value indicated a threshold frequency at 5 Hz,
above which mechanoregulation in bone formation already de-
creased for a loading frequency of 10 Hz (Fig. 4B). Previous stud-
ies by Scheuren et al. [6] and Kameo et al. [51,52] reported that
10 Hz leads to the highest bone formation rate, above which an in-
crease in frequency does not result in additional benefits for bone
(re)modeling. However, our results suggest, that loading at 10 Hz
already results in less mechano-sensitive (re)modeling than load-
ing at 5 Hz. Warden and Turner [53] also reported the highest
bone formation rate for a loading frequency of 10 Hz, but con-
cluded an optimal loading frequency of 5-10 Hz, as the resulting
mechanical properties were highest with a loading frequencies of
5 Hz. Tanaka et al. [54] found that a loading frequency of 2 Hz
resulted in higher osteoblastic calcification compared to 10 Hz in
vitro, while Lewis et al. [55] found the highest calcium response of
osteocytes at a frequency of 1 Hz. These findings support our con-
clusion that cyclic loading with 2-5 Hz increases mechanoregula-
tion in bone formation, and that although loading above 2-5 Hz
increases bone formation in general, it also leads to more non-
targeted formation.

While the volumetric method leads to different results for for-
mation compared to the surface-based method, the results for qui-
escence and resorption are not significantly affected. As formation
is projected onto the bone surfaces by the surface-based method,
many additional surface values are included in concave structures
such as scaffolds with typically high porosity [56]. Additionally, the
surface-based method neglects the thickness of bone formation or
depth of resorption [41], whereas the volumetric method also con-
siders the thickness or depth of the (re)modeling events. While
this increases the differences visible in the formation assessment,
it does not change the results for resorption significantly, as the
resorbed volumes are rather shallow. However, these increased re-
sults for mechanoregulation in bone formation could mean that we
have previously underestimated the influence of mechanical envi-
ronment on the (re)modeling process. This suggests that mechani-
cal loading as in physical exercise should be paid more attention as
a treatment option to improve bone strength, in line with a recent
study that indicated high intensity exercise increases bone strength
[57]. It does not only increase bone formation, but also ensures
that this is more targeted, leading to an even larger benefit.

A limitation of the proposed algorithm is that it favors
mechanoregulation due to choosing the maximum mechanical
value for the projection when presented with multiple options dur-
ing the grey dilation. However, this is based on the biological as-
sumption, that osteocytes rather sense and communicate the high-
est effective strain than an average value [37]. Even though the
10 Hz group from the in vivo study resulted in the highest bone
formation rate [6], it does not result in the highest AUC¢mation
(Fig. 9), showing that the differences we found are not due to a
bias in the method.

Another limitation of the method is that, while it is more sen-
sitive to differences in mechanoregulation, it is also more sensi-
tive to certain errors in the imaging and imaging preprocessing
pipeline, which is visible in small spikes at very low SED for the
conditional probability curves for formation (Fig. 8). These are the
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result of particular trabeculae being erroneously segmented out
and the resulting structures thus considered a ‘dead end’ in the
FE leading to very low local SED. If these structures are less seg-
mented out in the next time-point, a large volume will be la-
beled as formation and associated with the low SED values. This
problem affects the volumetric method more than the surface-
based method but does not largely affect the exponential curve
fit. Our results of the sensitivity analysis (supplementary Figure S3)
show that the volumetric method is less sensitive to image resolu-
tion than the surface-based method. However, a rigorous sensitiv-
ity analysis regarding all changed parameters in the in vitro study
compared to the in vivo study has not been performed, presenting
a limitation of this study.

Generally imaging is striving to always achieve higher imag-
ing resolutions, where it will be more important to differentiate
between the different thicknesses of formation and resorption. As
this is comparable to our synthetic image showing multiple layers
of formation (Fig. 11-L), the volumetric method would be more ap-
propriate to fully leverage the information we gain from the higher
resolution. Similarly, the volumetric method should also be con-
sidered when investigating studies with more bone formation, e.g.
with anabolic treatments. When wanting to use a surface-based
method, the higher resolution or higher formation activity could be
counteracted by shorter time intervals between scanning, if possi-
ble.

Lastly, the in vitro study did not include resorption because its
primary aim was to investigate the osteogenic potential for im-
plantation. However, this can also be considered a strength, be-
cause the reduced complexity allowed us to focus solely on tissue
formation. But as the CCR value is a measure of mechanoregulation
across all (re)modeling events, those values are not comparable to
in vivo results from the literature and it is likely the reason for
missing significant differences between groups in the CCR values.

While mechanoregulation has been the subject of investiga-
tion in many studies both in vivo and in vitro, results have fre-
quently been shown by comparison of bone formation under dif-
ferent conditions, or by the comparisons of mean strain in sub-
regions [32,58,59]. Quantitative metrics to compare results cross
studies are often lacking. In this study we used AUC and CCR to
quantify the amount of mechanoregulation, which were first in-
troduced by Tourolle et al. [5], and parameters obtained for the
conditional probability curves [38]. These parameters provide in-
sights into how much of the (re)modeling process is targeted or
non-targeted [60-62]. The CCR provides one metric with high sta-
tistical power regarding the mechanoregulation of all (re)modeling
events [63] as used by Marques et al. [41]. However, AUCs can be
valuable to gain specific information about mechanoregulation in
formation or resorption. This includes studies that only investigate
formation such as many in vitro studies [13,21,64]. The AUC can
quantify the amount of targeted and non-targeted (re)modeling for
formation or resorption specifically and enables statistical compar-
isons between multiple groups or mechanical signals [6].

A different approach of analyzing mechanoregulation is deriv-
ing parameters based on Frost’s mechanostat theory [65], that
(re)modeling velocity is dependent on mechanical signal. Mar-
ques et al. and Birkhold et al. have successfully used this con-
cept to compare mechanoregulation between different groups by
parametrizing the resulting curves [41,66]. However, the conven-
tional approach neglects non-targeted (re)modeling and is not ap-
plicable to studies investigating only formation or resorption. A so-
lution for this could be to derive two separate functions for forma-
tion and resorption which Razi et al. implemented [7].

Going one step further, many recent efforts have gone into com-
putational models based on mechanoregulation of e.g. bone frac-
ture healing [67] and (re)modeling [68] in mice, tissue forma-
tion in tissue engineered constructs in vitro [69,70] or after im-

161

Acta Biomaterialia 179 (2024) 149-163

plantation in vivo [71,72]. One known limitation of these in sil-
ico models is that they usually overestimate targeted (re)modeling,
but better approximate the experimental data by including non-
targeted (re)modeling [73]. Consequently, we conclude that quan-
titative metrics such as CCR or AUC can be reported and help in
silico studies investigating mechanoregulation to facilitate future
computational research, as they quantify targeted and non-targeted
(re)modeling statistically and can thus identify differences between
groups.

Using these metrics to quantify mechanoregulation, it is pos-
sible to compare different groups, loading conditions or pharma-
cological treatments and their influences on the bone response in
vivo. Combined with our volumetric method, such an analysis in
bone tissue engineering would open new horizons regarding inves-
tigation and quantification of mechanoregulation in different ex-
perimental setups, such as culture conditions and materials, and
bone diseases. Moreover, it can help optimize culture duration and
cost and affect and improve the computational efforts to optimize
scaffold design parameters for bone tissue engineering. This might
be especially relevant in the field of rare diseases, where person-
alized disease models to investigate patho-mechanisms to improve
treatment options are of high importance.

5. Conclusion

In conclusion, we were able to demonstrate the presence of
mechanoregulation of bone formation in tissue engineered con-
structs using a volumetric method based on time-lapsed micro-
computed tomography and finite element analysis. We quantified
mechanoregulation of bone formation in in vitro bone scaffolds
and showed that dynamic compressive loading increases it in os-
teogenic medium. Additionally, the method is applicable for the as-
sessment of mechanoregulation in in vivo data. This method not
only enables the investigation of mechanoregulation in bone scaf-
folds under different mechanical and biochemical conditions, but
will also shed light on the mechanisms driving bone formation
in tissue engineered constructs, and finding optimal geometrical
parameters and material properties to accelerate culture duration,
and thus increase research output as well as decrease therapy de-
velopment costs.
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