UCONN

University of Connecticut

LIBRARY OpenCommons@UConn
Doctoral Dissertations University of Connecticut Graduate School
11-19-2015

A Multiscale Systems Model for Advancement of a
New Line of Therapy for Osteoporosis

Rena J. Eudy

Univeristy of Connecticut, renae@metrumrg.com

Follow this and additional works at: https://opencommons.uconn.edu/dissertations

Recommended Citation

Eudy, Rena J., "A Multiscale Systems Model for Advancement of a New Line of Therapy for Osteoporosis” (2015). Doctoral
Dissertations. 939.
https://opencommons.uconn.edu/dissertations/939


http://lib.uconn.edu/?utm_source=opencommons.uconn.edu%2Fdissertations%2F939&utm_medium=PDF&utm_campaign=PDFCoverPages
http://lib.uconn.edu/?utm_source=opencommons.uconn.edu%2Fdissertations%2F939&utm_medium=PDF&utm_campaign=PDFCoverPages
https://opencommons.uconn.edu?utm_source=opencommons.uconn.edu%2Fdissertations%2F939&utm_medium=PDF&utm_campaign=PDFCoverPages
https://opencommons.uconn.edu/dissertations?utm_source=opencommons.uconn.edu%2Fdissertations%2F939&utm_medium=PDF&utm_campaign=PDFCoverPages
https://opencommons.uconn.edu/gs?utm_source=opencommons.uconn.edu%2Fdissertations%2F939&utm_medium=PDF&utm_campaign=PDFCoverPages
https://opencommons.uconn.edu/dissertations?utm_source=opencommons.uconn.edu%2Fdissertations%2F939&utm_medium=PDF&utm_campaign=PDFCoverPages
https://opencommons.uconn.edu/dissertations/939?utm_source=opencommons.uconn.edu%2Fdissertations%2F939&utm_medium=PDF&utm_campaign=PDFCoverPages

A Multiscale Systems Model for Advancement of a New Line of Therapy for Osteoporosis
Rena Eudy, Ph.D.

University of Connecticut, 2015

Abstract

The osteocyte is a load-sensing bone cell, which plays a pivotal role in the bone modeling process.
This process is highly regulated by feedback control and poorly described by isolated in vivo or in vitro
experiments. In silico systems models present a way by which experimental and clinical data can be
integrated in a mathematical framework so that physiology, pharmacology and disease progression as
it relates to bone health, at the level of cell signaling networks up to the tissue level, can can be better
understood. The Multiscale Systems Pharmacology Model presented here began as an endeavor to link
biological markers and clinical endpoints in a mathematical framework. The goal is to be able to make
quantitative inferences around bone physiology, disease progression, and therapeutic modulation of
biological targets. This underlying framework has now been extended to include the osteocyte as a
source of sclerostin protein, signaling effects of this protein on the Wnt pathway and downstream ef-
fects on osteoblasts and osteoclasts. A model of sclerostin inhibition by monoclonal antibodies (mAbs)
was developed using data from recent clinical trials, describing the unique mechanism of Wnt path-
way modulation for a new treatment for osteoporosis. Techniques for parameter identifiability and
optimization were compared and contrasted. Parameters describing mAbs exhibiting target-mediated
drug disposition (TMDD) pose identifiability problems, and techniques for establishing identifiability
of TMDDs were analyzed. A predictive framework for regional changes in bone mineral density (BMD)
was further developed for sclerostin mAbs, and marketed therapies teriparatide and denosumab. Fi-

nally, a hazard model of fracture was implemented using lumbar spine BMD, patient baseline char-
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acteristics and an additional drug effects as covariates in order to compare efficacy of therapies, their
dosing regimens and possible combinations that would elicit the best outcome for patients with osteo-
porosis. This novel framework is a powerful predictive tool for furthering knowledge of new therapeutic

mechanisms in the context of a data-driven, integrated physiological platform.
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Preface

“The average Ph.D. thesis is nothing but the transference of bones from one graveyard to another.”
- Frank J. Dobie.

I like this quote because not only does my PhD dissertation happen to be about bones, but also
when thinking about what the author meant by this statement, a lot of ideas come to mind. Some are
deeply personal. Some are theological. And yet this quote has a melancholy and sarcastic tone that
makes one think that her entire body of work that she’s slaved over for years is just another part of the
endless life cycle and that there’s really ‘nothing new under the sun.’

I never would've imagined how personal the graveyard would become to me during the time I was
working on my PhD. A year into my schooling, I lost my husband of 2 and half years to the disease of
colon cancer, suddenly and unexpectedly. The graveyard was no longer a place where someone who
has fulfilled their days lies to rest and where the rest of us remember him as our grandfather or uncle
who might have served in a world war or immigrated from Europe so that we could live in a great land.
No, it is the thing that stole him I loved the most in the world, far before his time.

Still the phrase ‘transference of bones’ speaks to me about legacy and to the one still living, the
concept of legacy evokes hope and vitality. Joseph, in the bible, was attributed great faith because he
gave instructions to his children before he died about the transference of his bones from Egypt to the
promised land of Israel. You see, Joseph had a legacy of being a dreamer and through many trials he
maintained that God would bring his dreams to pass. Joseph wanted his descendants to see the place
where his bones lay and remember that God is the one who brings dreams to pass.

There was a time when receiving a PhD was only a dream- one very far off. I hope that instead of
“the average PhD thesis [that] is nothing but" this thesis summarizes an idea of substance and forward-
thinking. It encompasses what I have learned during times of success and times of defeat. What I
ultimately surmise from this quote is that PhD work is about putting some theories to death (even those
you have grown attached to). But it is also about raising other theories and concepts to life (that is, if
the data support them!). Both lead to advances for a ‘next generation’ of dreamers and thesis-writers
to use and build upon.
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Chapter 1

Introduction

1.1 Clinical Relevance

Today, an unprecedented number of the general population is living longer and the demand for
the health care industry to support a good quality of life is increased proportionally. Because of this
longevity, osteoporosis is a large and growing problem because more and more people worldwide are
faced with risks of bone fracture. An estimated 34 million Americans have low bone mass, which indi-
cates they are at a high risk for developing osteoporosis [1]. The estimated cost of the disease in the US
ranges from $10 to $22 billion in addition to indirect cost associated with reductions of quality of life
and productivity.

The gold standard for treatment of osteoporosis is alendronate, part of a class of therapies called
bisphosphonates. While effective in significantly increasing bone mineral density (BMD) through an
anti-resorptive mechanism, bisphosphonates are not without controversy. Recent studies have shown
an increase risk of abnormal fracture in patients on bisphosphonate therapy [2, 3], which has lead to
discourse on length of maintenance of these therapies. Because osteoporosis is a chronic metabolic
disease this presents quite a problem.

Newer lines of therapy include teriparatide, a parathyroid hormone (PTH) analog with an anabolic
mechanism. In contrast to bisphosphonates, anabolic agents increase bone growth by stimulating os-
teoblast activity, rather than limiting resorption by decreasing osteoclast activity. Unfortunately, teri-

paratide is limited in its use because it requires a once-per-day subcutaneous injection [4], and func-
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tions by replacing areas of older, mineralized bone with new bone of lower mineral content [5]. There
remains an unmet clinical need for new therapies for osteoporosis which will improve patient compli-
ance, are more effective in preventing loss of bone density, and will improve fracture rate after several

years of active therapy [6].

1.1.1 Sclerostin in Targeted Bone Remodeling

Sclerosteosis and Van Buechem are both rare bone diseases that were discovered over 40 years
ago [7], characterized by thickening of the skull, facial and jaw bone enlargement and overall increased
BMD above age-matched non-affected individuals [8]. While these diseases were identified long ago, it
was recently discovered that they were caused by autosomal-recessive loss of function and hypomor-
phic mutations, respectively, on the SOST gene. The complete loss of SOST expression causes nerve
entrapment as a result of bone deformities, and some patients report hearing and vision loss and/or
intracranial pressure [9]. Heterozygote carriers of SOST, however, have low circulating sclerostin levels,
do not have these symptoms, but do have higher-than-normal bone mass. This findingled to the line of
thinking about the potential benefits of dose-dependent sclerostin inhibition for individuals suffering
with osteoporosis or other diseases contributing to bone loss. Wnt is implicated in many differentia-
tion pathways in the body, but sclerostin is mainly produced by the osteocyte, so the modulation of
sclerostin on Wnt is, for the most part, targeting Wnt signaling in the bone limiting the off-target for
non-bone cells. Furthermore, because of it’s role in differentiation, Wnt modulation is associated with
tumor formation [10], but because osteocytes do not divide, the potential for uncontrolled cell growth
leading to tumor formation associated with modified Wnt signaling may be assuaged [11]. The absence
of osteosarcoma in patients with van Beuchem disease and sclerosteosis [12, 13] further supports this
notion, however oncogenic effects of long term of pharmacological modulation of sclerostin are un-
known.

Sclerostin functions by binding to the coreceptor, low-density lipoprotein receptor-related pro-
tein (LRP)5/6, competitively inhibiting the binding of Wnt ligands. By preventing Wnt signaling, scle-

rostin inhibits actions of the canonical Wnt pathway, which includes the formation of the “destruction

A Multiscale Systems Model for Advancement of a New Line of Therapy for Osteoporosis 2
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complex”: Axin, adenomatous polyposis coli -1 (APC-1), and glycogen synthase kinase 3 beta (GSK3b)
which phosphorylates 3-catenin labeling for ubiquination and destruction [14,15]. The canonical Wnt
pathway is involved in various developmental processes, including osteogenic differentiation of mes-
enchymal stem cells (MSC). Specifically, §-catenin suppresses MSC differentiation into adipogenic and
chondrogenic lineages and promotes an osteoblastic lineage [16]. Sclerostin completes the negative
feedback loop at the end of a remodeling event, inhibiting further bone formation. It does this by in-
hibiting accumulation of -catenin by acting as a competitive inhibitor of Wnt.

Sclerostin expression is regulated in part by hormones which affect bone metabolism, such as
PTH, calcitonin, and glucocorticoids [17]. Patients with primary hyperparathyroidism have signifi-
cantly lower circulating sclerostin levels and this is consistant with in vitro studies demonstrating that
PTH inhibits SOST expression [9]. Serum estrogen is inversely associated with serum sclerostin [18],
thus estrogens inhibit sclerostin production [19] and estrogen replacement therapy inhibits increases
in circulating sclerostin. Conversely, glucocorticoids increase sclerostin expression in vivo, and calci-
tonin up-regulates osteocyte-derived sclerostin expression.

In studies of SOST knockout (KO) animals, increased BMD is seen in trabecular and cortical bone
at the peri- and endosteal surfaces [20]. Osteocalcin, a marker of osteoblast growth, is increased in KO
mice while the marker of osteoclast growth, tartrate-resistant acid phosphatase (TRACP 5b), was un-
changed. This seems to indicate an uncoupling of bone formation and resorption that is atypical of
bone growth pathways and osteoporosis-targeting therapies. This KO model has a similar phenotype
to that elicited by LRP5 receptor mutations, which also resulted in a increase in osteoblasts without
an increase in osteoclast population [21], further supporting the decoupling phenomenon associated
with this mechanism.

Consistent with SOST KO models, monoclonal antibodies inhibiting sclerostin administered in
vivo resulted in increases in BMD of cortical and trabecular bone and vertebral and femoral bone
strength [22, 23]. In one study, serum osteocalcin at the trabecular and periosteal surfaces was in-
creased with increasing doses of the inhibitor. Another study showed bone formation markers serum
osteocalcin and N-terminal propeptide of type 1 collagen (P1NP) were significantly elevated for the du-

ration of 12-week-long treatment, while the bone resorption marker TRACP 5b remained unchanged

A Multiscale Systems Model for Advancement of a New Line of Therapy for Osteoporosis 3
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[23].

In healthy post-menopausal (PM) women, a single dose of the sclerostin inhibitor romozozumab

Table 1.1: Sclerostin Inhibitors Currently in Clinical Development

Company Therapy Development Stage
Amgen & UCB monoclonal antibody Phase 3 clinical trial
Eli Lilly monoclonal antibody Phase 2 clinical trial
Novartis monoclonal antibody Phase 2 clinical trial
OsteoGeneX small molecule Preclinical
Ossity, Inc.
(spinoff of OsteoGenex) Bone graft Unknown

resulted in dose-dependent increases in lumbar spine and total hip BMD. The largest increases were
5.3% and 2.8%, respectively, above the baseline value in the 10 mg/kg dose cohort after 12 weeks [24].
Consistent with in vivo studies, PINP and osteocalcin increased over 1.5-fold over their baseline val-
ues, while serum C-telopeptide (CTx), the bone resorption marker, decreased. In a comparison study
of post-menopausal women with low BMD, 210 mg of this mAb dosed once monthly increased BMD
at the lumbar spine by 11.3% [25]. Two phase-2 studies were also conducted in wherein blosozumab
was dosed in post-menopausal women every 2 weeks or every 4 weeks for a total of 16 weeks [26]. In
this study, consistent with the anabolic mechanism, PINP and osteocalcin were dose-dependently in-
creased, while serum CTx decreased. At the highest dose of 270mg, BMD increased 17.7% at the spine
and 6.2% at the total hip. These first in human studies seem to support a mechanism resulting in im-
proved performance compared to existing bone therapies, as increasing formation and sustained or
decreased resorption results in a larger anabolic window. The result is a much faster increase in BMD
compared to the gold standard therapy for osteoporosis, alendronate. It also surpasses effects seen with
teriparatide, the only other anabolic therapy on the market. Table 1.1 lists the sclerostin inhibitors cur-
rently being developed by various pharmaceutical companies and table 1.2 describes the development
status of leading compounds, romozosumab and blosozumab.

Questions remain about the sustained anabolic effect of this target mechanism, as changes in

bone formation markers did not persist and returned to baseline in patients still on active therapy, and

A Multiscale Systems Model for Advancement of a New Line of Therapy for Osteoporosis 4
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studies longer than a year in duration are not yet reported. The optimal treatment duration for the
greatest efficacy with these therapies is unknown. While there were no significant adverse events re-
ported in these relatively short studies, and off-target effects are limited with this mechanism, there is
still some concern about cardiovascular safety with longer-term treatment, particularly because Wnt
signaling is known to be involved in vascular pathophysiology [27]. These “unknowns” associated
with this mechanism of action are opportunities for model development and exploration. Duration
of treatment and washout, intermittent treatment, switching between therapies and possible thera-
peutic combinations are all areas that can be exploration within a modeling platform.

In order to develop a good understanding of what impacts expression of SOST and functions of

Table 1.2: Ongoing Clinical Trials with Romosozumab

Therapy Trial Duration Endpoints Estimated
Completion
Romozosumab Phase 3 Changes in BMD by DXA and QCT
and Teriparatide (STRUCTURE) 12 months and strength by FEA at total hip June 2015
Romosozumab 12 mo. followed by Phase 3 24 months Primary: Vertebral fracture incidence February 2017
denosumab for 24 months (FRAME) Secondary: BMD changes y
Romosozumab vs Placebo Phase 3 Changes in BMD by
in men with osteoporosis (BRIDGE) 12 months DXA at LS, FN, and TH December 2016

the sclerostin protein, it is essential to grasp the function of the cell the produces it. Recently the osteo-
cyte has received more attention from experimental researchers in the area of bone, because it is the
longest living bone cell and therefore constitutes more than 90% of all bone cells [28]. The ability of the
osteocyte to propagate mechanical signals of loading into chemical signals, make it an important part
of the remodeling and repair [29] mechanism. Osteocytes are terminally differentiated osteoblasts, and
function to synthesize mineralized matrix and remain trapped therein. They communicate through an
system of canaliculi which extend through the matrix and are proximal to circulatory systems, and thus
may function as an endocrine organ, directly releasing proteins into the circulation [30].

Through the production of sclerostin, osteocytes control bone formation by two mechanisms: 1.)
directly by antagonizing bone morphogenentic protein (BMP) and 2.) indirectly through prevention of
Wnt signaling [31], by binding to LRP5 and LRP6. While it is not fully understood cellular signaling in-

volved in resorption activities, the apoptosis of osteocytes is a cue which signals osteoclast recruitment

A Multiscale Systems Model for Advancement of a New Line of Therapy for Osteoporosis 5
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and increased bone resorption [30]. This is consistent with anti-remodeling properties of estrogens and
bisphosphonates, which prevent osteocyte apoptosis. Furthermore, it is known that osteocytes are a
major source of receptor activator of nuclear factor kappa-B ligand (RANKL), which also increases re-
sorption activity [32]. Wnt pathway activation in osteocytes has been shown to increase expression
levels of osteoprotegerin (OPG) [33]. Taken together, it is clear that osteocyte regulation of cytokines
involved in feedback signaling is integral to regulation of remodeling, and therefore understanding how

these signals are impacted by therapeutic modulation is imperative.

1.2 Systems Models in the Development of New Therapies

The bone remodeling process is a difficult system to describe at a cellular or molecular level be-
cause the cell populations and turnover markers involved are constantly in flux and regulated through
multiple control mechanisms. An in silico model-based approach is an efficient way to promote un-
derstanding of this highly dynamic behavior. Scientists, academic researchers, regulatory and industry
representatives desire to understand how new therapies impact biological systems, in order to maxi-
mize efficacy and minimize adverse events in patients.

Quantitative Systems Pharmacology (QSP) is somewhat new, or at least newly defined, discipline
using physiological modeling to understand how drugs function to affect the system and influence
pathophysiology and disease progression. This discipline has targeted the need to make the transi-
tion for drugs from discovery to market more efficient and widen the bottleneck caused by late-stage
failure in drug development. The goal of this discipline is to use mathematical models to define the
input-output relationship between disease and drug activity. Three steps are used in this process: 1.)
gather knowledge from literature or preliminary experiments 2.) construct the model, 3.) simulate the
outcomes [34]. Not only can this method be used to promote understanding of the underlying biology
and improve pathway targeting, it can also be used to impact clinical design via dose and patient se-
lection.

Benefits of applications of QSP to the development of new therapies for osteoporosis are numer-

ous. Mechanistic models promote understanding of how short-term clinical endpoints, like regional

A Multiscale Systems Model for Advancement of a New Line of Therapy for Osteoporosis 6
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changes in BMD, impact fracture outcomes. Dosing regimens and combination therapies can be in-
vestigated in these models to mitigate risks of failure during the long-term clinical trials required for
demonstration of efficacy of new therapies on fracture incidence. Recently, a QSP model of bone was
used in a clinical pharmacology assessment reviewed by the FDA and influenced a decision to recom-
mend a post-marketing study to test additional dosing regimens in order to avoid hypercalcuria [35].
Investigation of factors (covariates) on relevant outcomes such as turnover markers, BMD changes,
and fracture also point to the physiological pathways that have greater impact on these outcomes and

may reveal new therapeutic targets.

1.3 Other in Silico Models of Bone Physiology and Related Pathways

Pivonka and Komarova [36] issued a thorough review of in silico models of bone in 2010, and cat-
egorized them into four groups according to the physiological aspects that were the primary focus of
each model: 1.) Receptor-ligand interactions and intracellular signaling 2.) Cell dynamics 3.) Tissue-
function and 4.) Whole-body calcium homeostasis. Models that fall into these categories are discussed
here to highlight the strengths and weaknesses of different modeling approaches, as specifically ap-

plied to models of osteocyte function or Wnt signaling.

1.3.1 Receptor-Ligand Interactions and Intracellular Signaling

In an attempt to more fully elucidate the roles of different Wnt signal inhibitors Kogan et al. [37]
built upon the work of Lee and Mirams [15,38]. This model describes ligand binding (secreted frizzled-
related protein-1 (sFPR1) and Wnt inhibitory factor 1 (WIF) binding to Wnt, and dickkopf (dkk-1) bind-
ing to LRP, a Wnt co-receptor) and events leading to 3-catenin accumulation. This model was val-
idated by two independent published experiments, and provides quantitative measures for the pre-
dicted synergistic effects of sFPR1 and dkk-1 on f3-catenin accumulation. The aim of this model de-
velopment project was to suggest potential targets for treatment of cancer, which also involves the

Wnt pathway, therefore examining sclerostin-specific targets, like LRP5/6 or other implications of -
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catenin accumulation on bone metabolism was unfortunately not in the scope of this work. The au-
thors also acknowledge that many underlying mechanisms of Wnt pathway have not been elucidated
by experimentation; still this work illustrates how mathematical models can generate new hypotheses

and be used in generation of new targets, related to Wnt pathway modulation.

1.3.2 Cell Dynamics

A cell dynamics model created by Graham and colleagues, defines interactions between discrete
bone cell populations and predicts qualitative effects of sclerostin inhibition on bone mass [39]. De-
scriptive parameters in the model represent effectiveness of paracrine, autocrine and other regulative
signaling of bone cells, and the authors used the model to demonstrate how changing expression levels
of key proteins, like RANKL, may impact the bone remodeling cycle. A simulation of relative changes
in BMD after an increase in osteocyte apoptosis and corresponding inhibition of sclerostin inhibition
was demonstrated. Some generalized relationships are defined and sensitivity of parameters due to
system perturbation are demonstrated by this model. However, without using experimental data to fit
model parameters, it is difficult to make meaningful inferences about parameter estimates and related
cellular mechanisms, or to quantify effects of modulation of sclerostin in this qualitative framework.

A semi-empirical cell dynamics model developed by Carew [40] describes the effects of a strain
stimuli on bone turnover. The novel aspect of this model is the inclusion of the effect of a physical
stimulus on osteocyte response and the modified bone mass and calcium flux that results. The model
suggests relative lengths of formation vs. resorption phases under different strain stimuli and possible
mechanisms for loss of bone during “strain-free" conditions. One shortcoming of this model is that
the structure is mathematically uncoupled; that is, the amount of resorption is fixed for all simulations
while formation rate is estimated. In reality, increased strain inhibits osteoclastogenesis and this re-
sponse is coupled to an increase in osteoblast activity resulting in increased turnover. Also, while there
are parameters in the model for key protein binding kinetics, such as receptor activator of nuclear fac-
tor kappa-B (RANK), RANKL, OPG and PTH, there is no representation of sclerostin or other proteins

and factors important to the osteocyte contribution to the remodeling process. Finally, the model sim-
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ulations are unidirectional and do not describe cellular concentrations returning to equilibrium after
a remodeling event. Each of these shortcomings were addressed by the authors. Although the model
is still semi-empirical, the rate functions were derived from known relationships and the model simu-

lated absolute concentrations consistent with the underlying biology of strain effects on turnover rate.

1.3.3 Tissue-function

Another application of systems models of bone addresses the coupled biochemical and biome-
chanical processes that govern bone remodeling. This is a very important aspect, as bone quality as
the combination of geometry, material properties and microstructure [36], is ultimately what influ-
ences fracture risk in osteoporosis patients and disease severity. Van Oers et al. (2007) [41] constructed
amodel examining the mechanosensory role of osteocytes and their influence on osteon size changes
during mechanical load. The model describes the relationship between strain magnitude and osteo-
cyte signaling to osteoblasts and -clasts. Signals indicate specific spatial resorbtion and formation of
bone. Their model re-enforces the inverse relationship between osteon diameter and strain magni-
tude, where osteoclasts ultimately determine the size of the osteon and osteoblasts govern the rate
and extent of filling of the osteon volume. This model is speculative and qualitative in nature, describ-
ing volume/strain components of the biochemical-mechanical relationship of bone remodeling and
does not provide any link to specific binding interactions or cellular feedback between osteoclasts and
osteoblasts.

Colloca, etal (2014) [42] also constructed a similar model relating the mechanical sensing function
of the osteocyte to osteoblast and osteoclast activity in a 3-D finite element model describing longitudi-
nal and transverse stiffness in trabecular bone. The model predictions were compared to stiffness ten-
sors of healthy tissues spanning different ages and states of use. The model predictions were consistent
with experimental data. A limitation to this model is that the authors greatly simplified the represen-
tation of bone matrix in structure and shape in order to find an analytical solution to the model. There
was also no signaling between osteocytes and osteoclasts included in the model, nor any other kind of

biochemical messenger pathways or feedback signaling. Finally this model assumed constant lacunar
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porosity per volume element of bone matrix in the finite element analysis, when in reality, porosity per
volume is dependent on the extent of load-bearing activity specific to a region.

Buenzli (2015) [43] also created a mathematical model describing the embedding process of os-
teoblasts becoming osteocytes. The model estimates burial rate of osteoblasts based on experimen-
tally derived osteocyte densities and matrix secretory rates are scaled up from in vivo data. The model
shows that, rather than the density of osteocytes being determined by osteoblast density, there is in-
stead a greater dependency on burial rate of osteoblasts and secretory rate of bone matrix. The model
suggests that a large signal derived from multiple osteocytes, likely nonlocal to the embedding site, is
required for a negative correlation between burial rate and number of osteocytes in the zone of influ-
ence. While several of the model parameters were estimated based on experimental data, the model
in its entirety is empirical in nature, while assumptions of the bone mulitcellular unit (BMU) geometry

were made and while mechanisms of osteocyte formation remain poorly understood.

1.3.4 Whole-body Calcium Homeostasis

Hydroxyapatite of bone serves as a depo for calcium which is released into the blood stream
through resorption signals under the control of PTH, calcitonin, sex steroids and thyroid hormones
[44]. Kidneys and the intestine also regulate calcium for whole-body processes. Disregulation of whole-
body calcium homeostasis is implicated in diseases, such as hyper or hypo-parathyroidism, chronic
kidney disease, or other physiological states such as pregnancy or lactation. Therefore, mathematical
modeling of calcium homeostasis promotes understanding of how multiple levels of regulation of cal-
cium are affected by disease or physiological state.

Kaiser, et al. (2011) [45] extended a model of interstitial fluid flow through the canaliculus to in-
clude movement of calcium to and from the bone tissue and examine how the movement of calcium
may affect sheer stress at the osteocyte membrane. This model takes into account fluid flow being
governed by electro-osmotic, osmotic and hydraulic effects. The model indicated that for most of the
canalicular fluid, the hydraulic gradient governs the flow velocity, but at the boundary layers near a

canalicular wall or osteocyte membrane, electro-osmotic and osmotic effects are significant. Shear
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stress experienced by the osteocyte is actually affected by a range of chemical gradients relevant to
those maintaining calcium homeostasis. These findings provide further explanation for the osteo-
cyte function in sensing mechanical change and translating these to chemical signals. This model as-
sumes simplifications of canalicular geometry and the authors acknowledge lack of understanding of
the complex in vivo environment of osteocytes, as these model parameter estimates were analytically
derived and were not based on experimental data.

In a research area where model applications and scopes vary widely, it is important to identify
model qualifications in advance of model selection. Many of these qualities are outlined in Agoram et

al. (2014), are used to validate the model discussed in chapter 8. These include:

1. Fit-for-purpose: In the presentation of the model do the authors clearly state model objects and
does the model contain all the elements needed to investigate the relevant questions? In efforts
to make a model well-representative of the physiology, are there also considerations of model

parsimony?

2. Quantitative in nature: Does the model accurately predict directional changes in state variables,
as well as magnitude of system dynamics with some level of precision, relative to experimental

data?

3. Validation by accepted methods: Were the criteria for choosing the best model established by the

authors, and was the model fully validated, preferably by an untested experimental dataset?

While there is a spectrum of mathematical models describing the mechanical role of osteocytes
and effects of stress/ strain on chemical signaling [36, 41, 42, 45], these models do not link these sig-
nals to full signaling networks which include the RANK/RANKL/OPG axis, transforming growth factor
beta (TGF-b) and other sources of feedback. The models lack quantitative descriptions of the system
as awhole. Across the spectrum of physiological bone models, there is a missing link between the role
of the osteocyte and Wnt pathway modulation required to predict clinical outcomes of new therapies
implicated in this pathway. The lack of experimental data linking the Wnt pathway intermediates like

[3-catenin, axin, APC-1, and other intermediates involved in differentiation pathways, to the feedback
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pathways involved in the regulation of bone remodeling, is likely the main reason for the lack of mod-
els describing osteocyte function. Much progress has been made in the recent years examining the
contribution of the osteocyte to the mechanical and chemical signaling pathways that direct remod-
eling. The novel aspect of this QSP model is the integration of information gained from experimental
data, (information contained in KO mice experiments, in vitro data generated from isolated osteocyte
cultures) and clinical data to explore hypotheses and help elucidate osteocyte function in the context
of therapeutic modulation of sclerostin. This quantitative modeling approach may help to link the
biochemical processes to cellular activity to help more clearly define the role of the osteocyte in re-

modeling.

1.3.5 The Basis of a Multiscale Systems Pharmacology Model Extension

In addition to the Pivonoka review, Webster and Muller issued a thorough review of published
physiological bone models in 2011 [46]. One of the featured cell populations models was development
by Peterson and Riggs in 2010 [47]. The goal of this model was to provide a platform for evaluating lon-
gitudinal effects of therapies and disease states on whole body calcium homeostasis by building upon
cellular dynamic models of Lemaire, et al. [48], a quantitative model of calcium handling by Raposo,
et al. [49] and a model describing relative activities of PTH by Bellido, et al. [50]. While this multiscale
model is comprehensive in descriptions of cell dynamics, signaling and calcium homeostasis, it was
published at a time when not as much was known about osteocyte biology. In their evaluation of sev-
eral bone models, Webster and Muller stated, “A major deficiency of the aforementioned mathemat-
ical models is that they exclude the role of the osteocyte and neglect the effect of mechanical stimuli
on bone formation.” The field is in agreement that a quantitative framework describing the osteocyte
role in bone remodeling has immediate relevance to the development of these therapies. The addition
of the osteocyte to the cell population-type models will be a more complete picture of physiological

response to proteins involved in modeling that was previously lacking.
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1.4

Project Aims

The goal of this work was to extend the Peterson and Riggs [47] model of whole body calcium

homeostasis (henceforth named the multi-scale systems pharmacology model (MSPM)) to create a

quantitative framework for simulation of clinical endpoints such as turnover markers, BMD and frac-

ture rate after administration of sclerostin monoclonal antibodies. In doing so the aim is to address the

criteria previously outlined for evaluation of the extended systems model.

The relevant questions are:

Are TMDD models a priori identifiable, and if not, which approximations to the model can be

used which are identifiable? If so, what are the conditions that lead to a posterioriidentifiable?

Does the model accurately describe changes in PINP and CTx and regional changes in bone min-

eral density (BMD) seen after sclerostin monoclonal antibody (mAb) administration?

What is the quantitative role of the osteocyte as it relates to feedback regulation during modeling

and remodeling?

Which dosing regimen with sclerostin inhibitors elicits the greatest increase in BMD in patients

with osteoporosis?

Which model involving changes in lumbar spine (LS) BMD best describes changes in fracture

rate from an aggregate dataset?

In a head-to-head comparison with teriparatide, does the model predict that sclerostin mAb

treatment will result in greater increases in BMD and protection from fracture?

Specific aims desgined to answer these questions were:

1.

Establish a priori identifiability of target mediated drug disposition (TMDD) models and model
approximations; estimate pharmacokinetic (PK)/pharmacodynamic (PD) parameters describ-

ing sclerostin mAbs and circulating sclerostin using a TMDD model approximation.
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¢ To provide discussion around structural vs. practical identifiability and how lack of identi-

fiability can affect the interpretation of parameter values.

¢ To discuss methods for establishing model identifiability, namely compare and contrast dif-
ferential algebra identifiability of systems (DAISY), exact arithmetic rank (EAR) algorithms

and likelihood profiling as methods for establishing model identifiability.
¢ Create and validate a PK/PD model to describe sclerostin mAbs and circulating sclerostin,

using data from published Phasel/Phase2 clinical trials with romosozumab and blosozumab.

2. Integrate the PK/PD model into the MSPM and create structural framework for osteocyte and

compartments and regional BMD changes after sclerostin mAb administration.
¢ Structure osteocyte and estimate parameters linking changes in sclerostin to cellular func-
tion.

¢ Link osteocyte population to changes in osteoblasts/-clasts by defining effect parameters

on the RANK/RANKL/OPG axis.

¢ Define structure for total hip, femoral neck, and lumbar spine BMD and estimate parame-

ters describing sclerostin mAbs effects on BMD.
¢ Validate the model with an external dataset (reference [51]).
» Estimate parameters for combination arm (denosumab + teriparatide) to use as a compara-

tor. This also served as another layer of validation for the model.

3. Further develop a time-to-event (TTE) / hazard model of fracture to describe a complete meta-
data set; use this hazard model of fracture to compare therapies for osteoporosis and investigate

parameter modulation effects in the context of sclerostin mAb administration.
¢ To systematically construct a metadata set with clinical studies reporting fracture and lon-
gitudinal changes in lumbar spine BMD.

e Develop a TTE / hazard model by testing candidate models with different BMD represen-

tations.

A Multiscale Systems Model for Advancement of a New Line of Therapy for Osteoporosis 14



CHAPTER 1. INTRODUCTION Rena Eudy

¢ Perform model simulations and sensitivity analyses to investigate drug effects on BMD and

probability of fracture.

For this project, the term “multi-scale” refers both to time scales ranging from minutes (e.g. half-
life of PTH) to years (BMD changes and fracture risk assessment), and size scales encompassing changes
in protein concentrations, cell populations, organ (e.g. parathyroid gland, kidney, bone) functions to
clinical measures and outcomes (e.g. BMD and fracture). As a part of future work, linking mechanical
stimulation described as the stress/strain dynamics to sclerostin expression and activity (as in [52]), as
well as characterizing the role of osteocyte in varying bone architecture would provide a more complete

picture of the entire bone remodeling process.
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Chapter 2

Methods

2.1 AIMI. Establishing Identifiability of Target-Mediated Drug Disposition
Models and Their Approximations (PAPER I, Chapter 7)

Often, unlike small molecules, monoclonal antibodies (mAbs) exhibit non-linear pharmacoki-
netic behavior. This target mediated drug disposition (TMDD) is caused by high affinity binding of a
drug to its target enzyme, receptor or transporter, relative to drug dose and limited number of targets
within the drug distribution space [53]. Sclerostin mAbs exhibit this property of non-linearity during
the elimination phase, which can be seen in the dose range used in a phase 1 study (fig. 2.1).

Therapeutics exhibiting TMDD can be difficult to model because often the drug’s target concen-
tration is not available, and the biological processes described by the full model occur on different time
scales [54], making it difficult to identify all parameters in the system. Establishing the a prioriiden-
tifiability of the TMDD model and TMDD model approximations is a novel contribution to the field
of pharmacokinetics, in which TMDD models are frequently being used to analyze clinical population
data. Identifiability analyses aid in interpretation of model parameters and indicate which parameters
may be more or less informed by the experimental data. In the context of MSPM development, TMDD
model approximations were also used to develop a PK/PD model linking sclerostin mAb concentration

to serum sclerostin.
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Fig. 1. Serum concentration-time profiles of AMG 785. Profiles shown are following a single subcutaneous (s.c.) dose (A) or intravenous (i.v.) dose (B) of
AMG 785. Data are mean and SD.

Figure 2.1: Serum concentration-time profiles of romozosumab from a phase 1 study. Note the non-linear decline in exposure, typical of
mAb elimination kinetics. Used with permission from [24]

Chapter 7 outlines identifiability analyses processes and summarizes results using the exact arith-
metic rank (EAR) approach. The differential identifiability of systems (DAISY) approach was also im-
plemented, but limitations to the algorithm prevented analysis of all input/output scenarios impli-
cated in TMDD models, so the EAR approach was relied upon for the final manuscript. DAISY was
developed by Saccomani and colleagues [55] and, unlike EAR, which can only establish local identifi-
ability, DAISY can be used to establish global a priori identifiability of a system. This algorithm is run
as a package within the REDUCE (v3.8) Algebra freeware [56]. It iteratively divides of the set of differ-
ential equations by ranked variable sets until a reduced set of minimum rank is reached. A test set of
pseudorandom parameter values chosen by the algorithm is evaluated within the reduced system to
determine if a unique solution exists.

The following was supplied in the input file:

¢ avector, B, of inputs, outputs and state variables.

¢ avector, B1, of unknown parameters. The parameters used in each test case are listed in table 1

(chapter 7).
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¢ aset, C, of differential and output equations.

¢ aseed value, which determines the range of pseudorandom values used for each variable in the

reduced system.

¢ avector, IC, of initial conditions.

Results are stored in a separate text file.

Initial conditions are not needed in DAISY if global identifiability can be determined without them. If
the system is locally identifiable or nonidentifiable without initial conditions, the algorithm re-starts
after the reduction step, with this information included. See appendix A for example input/output
files for the case of a single-target TMDD when only free drug concentration is available as an input.
Because DAISY can only deal directly with pure polynomial forms for the differential equations, the al-
gorithm did not accept the quadratic solution form for free drug concentration, C, thatis used in quasi-
equilibrium (QE) and quasi-steady state (QSS) approximations of TMDD models. However it was used
to establish global identifiability of single target, 2-target, and antibody-drug conjugate (ADC) TMDD
models.

The profile likelihood (PL) approach, as discussed briefly in chapter 7, can also be used to investi-
gate parameter identifiability of a system, but in a design-dependent way. Because it relies heavily on
experimental design, PL alone is not useful to determine whether a system is structurally identifiable,
but it can be used to assess impact of study design on a posterioriidentifiability, once a prioriidentifia-
bility has been determined. Compared with EAR and DAISY, this approach requires the most extensive
set-up time and thus was used for comparative purposes, but not to test identifiability of every sce-
nario. NONMEM (v7.3, Icon Development Solutions, Elicott City, MD, USA) was used to implement
this approach as maximum likelihood estimation (MLE) is a commonly used algorithm for parameter
estimation in this software and is the basis for likelihood profiling. The likelihood describes the prob-
ability of the data given the model and parameter values. The maximum likelihood is the highest joint
probability of the provided data in a multivariate system. A marginal likelihood profile can be con-
structed for each parameter by fixing each parameter at a different value above and below the MLE,

while reoptimizing all other parameter estimates.
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To test for identifiability using this method for a single target TMDD, each variable was fixed at
10 different values within +/- 3 standard errors of the ML estimate. These values are plotted against
the minimum objective function value (MOFV) generated in NONMEM, which is approximately pro-
portional to -2log(Likelihood) for each fixed value of the parameter. A perfectly flat profile indicates a
structurally non-identifiable parameter. Profiles that identify a unique minimum but exhibit a broad
profile within the range of parameter values indicate parameters that are not well supported by the
data generated from that experimental design.

Because the PL method requires posing a parameter estimation problem, a real-world example
of a TMDD model of the endothelin-receptor antagonist bosentan was analyzed. In the model de-
veloped by Mager and Jusko [53], the free target was treated as a time-independent variable and km
was used instead of ksyn and kdeg parameters. In order to analyze a full TMDD system, a simulated
dataset was generated with parameter estimates and the sampling times from the bosentan study [57]
(see appendix A for setup code and example control stream). An exponential inter-individual variance
model was applied to Vc and Km (10% coefficient of variation [CV], each) and a proportional residual
error model (15% CV) was also applied to simulate a more realistic study population. A full TMDD pa-
rameter set was then re-estimated from this simulated dataset of 16 subjects in each dosing arm. The

intravenous (iv) doses simulated were 10, 50, 250, 500 and 950 milligrams (mg).

2.1.1 PK/PD Model of Sclerostin mAbs (PAPER II)

As previously described, the plasma concentration profiles of sclerostin mAb exhibit nonlinear
clearance and with information about the binding protein (sclerostin) it would theoretically be possi-
ble to fit an approximation of a TMDD model. Unfortunately there are no published reports of scle-
rostin mAb concentration and resulting serum sclerostin levels for the same antibody at the same dose
levels. Currently there are published mAb concentration levels in a phase 1 study after single doses of
romozosumab and circulating sclerostin profiles from phasel/phase2 studies with single and multiple
doses of blosozumab. As a result, the PK and PD models used to describe these profiles were fit se-

quentially, as described in chapter 8 and concentration profiles from romozosumab were fixed while
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estimating the PD parameters, with the exception of km, which was re-estimated for blosozumab un-
der the premise that the two antibodies have different binding affinities (see the chapter 8 appendix

for additional assumptions).

2.2 AIM II. Implementing PK/PD Model in Bone Model and Determining
Model Structure and Parameter Values to Describe Changes in Turnover
Markers and BMD (PAPER II, Chapter 8)

The process of implementing osteocytes (OCY) into the MSPM is described in chapter 8. The
osteoblast-related compartments were developed initially, followed by the osteoclast-related compart-
ments. The compartments and parameters describing changes in BMD were implemented and esti-
mated last. Other additions to the model included BMD compartments for combination therapy of
teriparatide and denosumab, in order to be able to simulate effects seen in the DATA trial, in which
the combination arm elicited significantly greater increases in LS BMD, FN BMD and TH BMD after 24
months of active therapy [58]. These additions were built using data from from 27 documented clinical
trials with teriparatide [58-75] , denosumab (these are cited in chapter 8) and/or combination therapy.

Parameters were optimized using the R package minga[76] and changes in BMD were simulated
using R package mrgsolve. To avoid problems with parameter identifiability, only the rate constant for
the BMD compartment and the power term on the OC within the BMD equation, were estimated for the
combination. The other parameters were fixed to the values of the denosumab BMD compartments.
The rationale for this is that the turnover marker profiles for the combination arm resembled those of
denosumab, so the assumption is that the same mechanisms of action are at work in the combination

arm. The final model was evaluated by sensitivity analysis (shown in appendix A, Figure A.1).

2.2.1 Optimization Routines

For a parsimonious model, itis ideal to be able to optimize parameters simultaneously to the end-
points of interest. Although this is not a requirement of a fit-for-purpose systems model, multivariate

optimization is highly desired for parameters describing processes that are tightly regulated by feed-
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back control, in which there is a high level of dependency between parameters for a given outcome.
After the model structure and initial parameter estimates were in place, the parameters EMAXgcigR,
Ypr» Yocy» Yoprc Yo koutr, SMAX, and koutygo; were optimized simultaneously to the turnover
markers PINP and CTx.

Multiple optimization routines were explored for this task. Global optimization for large systems
models is difficult and this was especially true in this system where PINP and CTx are highly variable
endpoints regulated by feedback control and the available dataset was somewhat sparse. The opti-
mization routes that were explored are summarized in table 2.1. Criteria for optimization method se-
lection were that the method allowed all parameters to move (i.e. avoided falling into local minima
over the multivariate parameter space), the method resulted in a lower objective function value than
the initial parameter estimates, and that the resulting optimized parameter values resulted in predic-

tions that resembled the clinical data by visual inspection.
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Table 2.1: Optimization methods in R
Function Description Benefits Drawbacks
Gradient-based methods
optim::Nelder [77] Default optimization method; uses simplex e gives hessian e cannot specify bounds so
method that does not require gradients e derivative free for difficult problem it can

slip into unsolvable variable
space

optim::SANN [78] Stochastic method; searches neighboring re- e derivative free * very slow

gions and calculates acceptance probability us-
ing metropolis function.

optim::LBFGSB [79]

Quasi-newton method with box-constraints; re- ¢ allows bounds to be speci-
lies on approximation of inverse hessian and ex- fied

ecutes a backtracking line search until an accept-

able point is found and then it updates the hes-

sian

Rvmmin [80, 81]

Same method as BFGS-B, but updated for effi- « allows bounds to be
ciency by using masks ie. temporarily fixing pa- specified

rameters
Quadratic Approximation Methods
minga:newuoa [76] Forms a trust-region by models of interpolation e fast e easily falls into local
and searches within this space for minimum e derivative free minimum
function value e can set trust region radius

Continued on next page
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Continued from previous page

Function

Description

Benefits

Drawbacks

RsolnP:: solnp [82]

Solves a linearly constrained optimization prob-
lem. In the first step, the optimization prob-
lem tests a vector of Lagrange multipliers chang-
ing with each major iteration and this is sub-
ject to a function containing the numerical ap-
proximation to the jacobian. In the second step,
minor iterations approximate a solution to a
quadratic function is found, subject to the same
constraints

¢ takes boundary conditions
* gives hessian

e highly constrained by
boundary conditions

Sampling Methods

MCMCpack:
MCMCmetroplR
[83]

Calls optim first to generate a hessian (the
variance-covariance matrix for the Gaussian pro-
posal distribution) as a starting point from which
to sample. Then pulls samples from a continu-
ous distribution using a random walk Metropolis
algorithm

* user can supply a hessian
matrix from a previous opti-
mization step to help speed
up algorithm

* robust method for difficult
problems

e slow

DEoptim [84]

A genetic algorithm which creates a starting pop-
ulation of several vectors of parameter values,
based on draws from a uniform distribution de-
fined by specified bounds. This population is
transformed based on the strategy selected and
the vector most likely to minimize the function is
carried forward to the next iteration. New popu-
lations are generated and process is repeated un-
til the maximum number of evaluations (speci-
fied by the user) is reached

e can be easily parallelized

¢ good for stochastic, noisy
functions, or those difficult
to differentiate

e takes boundary conditions

e can specify a starting pop-
ulation, in addition to initial
estimates

* does not give hessian
* slow
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2.3 AIMIIL Fracture Model and Simulations (PAPER III, Chapter 9)

A time to event (TTE) / hazard model of fracture was also developed, to be implemented into the
bone model and used to explore how therapeutic modulation affects fracture outcome. The primary
objective of this part of the project was extend a previously-developed model of fracture to determine
the best covariate structure for lumber spine BMD and differentiate the effects of therapy on the the
probability of fracture in patients with osteoporosis. The methods for development, results and valida-
tion are shown in chapter 9. The final model simulations were performed within the MSPM by linking
continuous changes in LS BMD simulated by the systems model, to the TTE model of fracture. The
other model covariates required by the TTE model were supplied via an external dataset.

Simulations of regional changes in LS, total hip (TH), and femoral neck (FN) BMD were guided
by the STRUCTURE clinical trial that recently completed [85] . To populate baseline characteristics
of patients in these studies, patients were resampled from a normal distribution from a subset of the
NHANES dataset. Only patients with an osteoporosis diagnosis, age greater than or equal to 55, and
with a screening LS BMD of less than 0.83 g/cm? were included in the sampling pool. Parameters for
the hazard model were sampled from the posterior distribution generated by the model described in
chapter 9. 1000 samples were drawn from this posterior and inter-trial random variability was gen-
erated for the h0, and BMD parameters by sampling from a multi-variate normal distribution of the

estimated random effects for these parameters. These simulations were performed using mrgsolve[86].
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Chapter 3

Results

3.1 AIM I Results of Identifiability Analysis for Target-Mediated Drug Dis-
position (TMDD) Model (PAPER I, Chapter 7) and PK/PD Model for
Sclerostin mAbs (PAPER II, Chapter 8)

In the case of a full single-target TMDD, the system was fully globally identifiable under any out-
put scenario, with the exception of the complex only output under iv infusion, and single outputs drug
only, target only, or complex only after a subcutaneous dose. The Ritt algorithm performing these steps
required unreasonable run times and could not be resolved using this method. All input/output sce-
narios under the MM approximation were found to be globally identifiable using DAISY, as were all
of the TMDD2-target scenarios with the exception of free-drug only input, which was limited by time
constraints of the reduction steps, as described. The antibody-drug-conjugate TMDD model is at least
locally identifiable if either drug and toxins or target and toxins can be measured and it is globally
identifiable only if all species in the model are measurable. Results for this analysis are shown in ta-
ble 3.1.The results of the likelihood profile analysis of the bosentan study are shown in fig. 3.1 and the
code for the analysis is in appendix A.

The final PK/PD model structure and parameter estimates are shown in PAPER II (chapter 8). The
visual predictive checks with these parameter estimates are shown in the supplement to PAPER], fig-

ures 4 and 5. The PK and PD dynamics are well-described by the data, within the therapeutic dosing

25



CHAPTER 3. RESULTS Rena Eudy

range (1-5 mg/kg with romosozumab and 150-540 mg blosozumab, single and multiple doses).

Table 3.1: Analysis Results for Antibody-Drug Conjugate TMDD (See Appendix 2 for equations)

Inputs Outputs Parameters Result

ivinf Drugs & complexes only kdeg, kon, koff, kell, Non-identifiable:
kel2, kelT, kpt, ktp,
Ve, ksyn, kint, k2dec kelT

ivinf | Drugs & target or complexes &target Same as above Non-identifiable:

kelT
ivinf | Drugs & toxins or complexes & toxins Same as above Locally identifiable!
ivinf Drugs, targets, complexes & toxins Same as above Globally identifiable

! The system was too complex for the Ritt algorithm within DAISY; the algorithm which performs the reduction steps. The EAR approach
was used here, limiting results to nonidentifiable or locally identifiable

3.2 AIMIL Sclerostin-Related Modifications to the Multiscale Systems Phar-
macology Model (PAPER II, Chapter 8)

Development and selection of the final model structure for all sclerostin-related components are
presented in chapter 8. The step-wise process used to determine the compartmental structure of these

effects is outlined in this section.

3.2.1 Systems Model Equations Describing Compartmental Structure

Sclerostin Effect on Osteoblast Compartment

1. Increase formation rate of responding osteoblasts (ROB, yp,) and formation rate of osteoblasts

(OB) (kb), by applying a sclerostin effect, normalized to baseline.

OB, ( SCLER Y'or
Dr= kb . - . (31)
Pi Co SCLERO
. . SCLER b
bigDb = kb- OB, - Picy/ ROB- (3.2)
SCLER,
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Figure 3.1: Likelihood profiles for single-target TMDD model, showing all parameters to be identifiable
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both apply to the equations:

Fixed

0.5 H

T
— ul

-
Parameter Value

T

(]

d
—ROB=Dr - PicROB- ——
dt EST
d _ bigDb
dt  PicOB

Result: Rapid and large increases in PINP.

I
u
i

robGAM

1
[Ta]

_kpt’ROB

- D - FracOBfast - Frackb2— kb fast - OBfast

(3.3)

(3.4)

2. Apply an EMAX effect on a precursor pool in order to supply the responding osteoblasts (os-

teoblast precursor pool) (ROB) compartment with additional substrate and avoid ROB depletion:
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SCLER
d .
o PREROB= PREROB,, (1 - %) — koutprgrop- PREROB (3.5)
ECso+ SCLER,
d 1 robGAM ( 1 )
—ROB=Dr - PicROB- —— N\ ==~ |—k,, - ROBI (3.6)
PREROB pt
dt EST PREROB,

Result: Tmax (time at maximum PINP concentration) and the slope of the decline in PINP af-
ter the peak was now closer to the concentration curve in the clinical data, but the accumulation

phase of the simulations were still not as rapid as in the clinical data.

3. Apply a direct effect on OBfast compartment, using change from baseline (CFB) in sclerostin as

a signal.
d bigDb EMAX -CFB
— OBfast = l_g - D - FracOBfast - Frackb2- (1 + SCLER ) — kbfast- OBfast (3.7)
dt PicOB ECs5¢+ CFBgcrgr

Result: Rapid accumulation phase still not achieved.

4. Apply a direct effect on OBfast compartment, using sclerostin normalized to baseline as a signal.

d bigDbh - SCiERy
— OBfast = g - D - FracOBfast - Frackb2- | 1+ SCLER, ) kbfast- OBfast  (3.8)
dt PicOB 0+ sScC—Lllfli

Result: Again, the magnitude of the response can be adjusted by adjusting EMAX, but the accumu-

lation phase was still not as rapid as in the clinical data.
5. Apply a direct effect on OBfast compartment, using a power model of sclerostin normalized to
baseline.

SCLER
SCLER,

bigDb
PicOB

d
— OBfast =

I - D - FracOBfast - Frackb2- (

YDr
) — kbfast - OBfast (3.9)
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Result: This had a similar effect as the previous step.

6. Apply pre-cursor pool effect to in-rate and out-rate of ROB; power effect on in-rate precursor

pool effect to remove substrate from ROB pool more rapidly.

d
—ROB=Dr - PicROB- ——
dt EST

-K,;-ROBI1 (3.10)

“’bGAM( 1 )“” PREROB

PREROB o
PREROB, PREROB,

Result: Accumulation slope of PINP is closer to clinical data, but as soon as the ROB pool is de-

pleted, PINP declines (see fig. 3.2 and fig. 3.3, panels 3 and 4).
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Figure 3.2: P1NP results for different values of y, parameters  Figure 3.3: ROB results for different values of Y, parameters :
: 0,0.8,1.5, 2. Red represents clinical data 0, 0.8,1.5, 2. Red represents clinical data

7. Finally, an EMAX model was applied directly onto the OB compartment. This resulted in a supe-
rior fit than all other mechanisms that were tried. The structure of the final model was a sigmoid
EMAX model propagated through a "translation compartment" to allow for a lag time between

peak sclerostin response and peak P1NP response.

—trans=kin,,;-

(1 , EMAXscipg - SCLERTo"
dt

—kout - trans (3.11D)
)’ trans ’
EC5(()),BSCLER + SCLER” 08 )
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where

OB= OBfast- trans+ OBslow &  kiNgygus= ko Uty (3.12)

P1NP simulations using this model are shown in the appendix of chapter 8.

Sclerostin Effect on Osteoclast Compartment

Next, OC effects were implemented in the model and several modifications were also attempted

before arriving at a final model structure.

1. Change “OB effect” applied to the kin parameter on the RANKL compartment to an OCY effect:

OCY Y OCYeffect
OBeffect = oCY. (3.13)
0

Result: OC activity declined between yocyetiect V@lues of 0.1-1, but either did not decline quickly

enough or failed to return to baseline.

2. Keep an OB effect (as in the original model) and add an OCY effect on RANKL.
Result: This seemed to have the desired effect if the OB effect was very low (v ggettect <0.01) and the
OCY effect was relatively high (v ocyetiect between 0.2-0.3), but still did not have the initial decline

in CTx described by the data (see fig. 3.4).
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Range of BLEffect 0.01-0.18; range of CYeffect 0.01-0.25
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Figure 3.4: Simulations of CTx from a single arm in the clinical dataset show OB and OCY effects on RANKL with a range of test values for
the y parameters. Clinical data from a single treatment arm is shown in red

3. Finally, a sclerostin effect was implemented, in the form of a power model on OPG, as described
in chapter 8.
Result: This had the desired effect of rapidly decreasing OC in the early phase of treatment, but still

allowed for recovery at the later phase.

4. EMAX models for the sclerostin effect on OCY and the sclerostin effect on OPG were also tried,

but resulted in poor prediction profiles, specifically a 2-phase decline in CTx.

The CTx profiles simulated with the final model structure are shown in the appendix for chapter 8.
Final global optimization of parameters was performed after final model structure describing P1INP

and CTx profiles was in place. After optimization the parameters related to turnover markers, regional
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BMD compartments and parameters were implemented. The optimization methods and BMD portion

of the model development for sclerostin-related effects is also described at length in chapter 8.

Model Development for Simulation of Combination Therapy

Further adjustments had to be made to the model so that the OCY effects on RANKL would not
interfere with simulations of PTH or teriparatide administration. The steps taken which lead to the
final model structure in which sclerostin mAb or teriparatide could be correctly simulated are outlined

below.

1. Coupling the anabolic effects together on OCY
TERIgffect = 1 — TERICEN T7 TERIscLer (3.14)

d :

e OCY = OB-FRACTION ¢y — OBpaseline - FRACTION gy - SCLERT 0¥ - TERI e - OCY  (3.15)
Under the premise that PTH signals to stimulate OCY. There is evidence that increased PTH re-
sults in increased expression of OPG and RANKL; perhaps this is signaled through the osteo-
cytes [31,87].

Result: Magnitude of PINP and CTx response was still blunted and CTx effect did not decline ini-

tially to the extent of the clinical data.

2. Apply PTH effects to areas in the model where sclerostin has an effect, but to varying degrees by

supplying different values for yprp, .Y prH, ., @A Y pTH ) p -

d ) 1 robGAM , PTH \'Pip,
aROBIDr-PlCROB~ EST —SCLER gffeet 27 - (PTHOJ Ky, -ROBI (3.16)
d PTH \"PTHocy
aOCY= OB-FRACTION ¢y — PTH * OByaseline - FRACTION ¢y - OCY (3.17)
0
d P T Hy\"PTHorc
aOPG = OPG- SCLER gffeci 7€ - ( PTH ) —k1-OPG-RANK+ k2-COMPILEX—kO0-OPG

(3.18)

A Multiscale Systems Model for Advancement of a New Line of Therapy for Osteoporosis 32



CHAPTER 3. RESULTS Rena Eudy

Result: Profiles not improved from previous modification.

3. Apply PTH signal only to the in-rate on OCY compartment.

d PTH \"PTHocy
( ) — OBypaseline - FRACTION gy - OCY (3.19)

—OCY = OB-FRACTION ¢y - | ——
dt OY \PTH,

Result: Marked improvement in P1NP response, but no improvement on CTx.

4. Apply a direct PTH effect on OB compartment, either via the trans compartment or OBfast.

—trans=Kingygys-

(1 | EMAXscup- SCLERTOB) ( PTH
dt

ECI9 . +SCLERTos | \PTH,

YPTHgp
) —koutyy,s: trans,  (3.20)
50,SCLER

bigDb
PicOB

PTH
PTH,

d YPTHgp
@ OBfast = - D - FracOBfast - Frackb2- ( ) — kbfast - OBfast (3.21)

Result: Again, there is a marked improvement in P1NP response, but this is artificially elevated

and no feedback response is elicited to improve the CTx profile.

5. Apply a fractional contributions from OB and OCY to RANKL, so that when there is no sclerostin

effect present, the OB effect on RANKL takes the value from the original model.

OSTEOEFFECT—( ocy )5 TOT, (1 L ) (3.22)
B OCYbaseline OsteoEffect FRACTIONOBeffect ’

where TOTqgieortrect = 0-173833 and FRACTION ggefrect = 20 (fixed values)
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Result: Again there is a marked improvement in PINP response, but this is artificially elevated and

no feedback response is elicited to improve the CTx profile (see fig. 3.5).

PINP
£ a1 2
200 -
150 -
200 -
125-
150 -
150 -
100 -
100 - 100- 75- o
d )
- 4 )
£ U S T o e e e e T e e e s e
& 0.0 25 50 7.5 100125 00 25 50 7.5 10.0 125 00 25 50 7.5 10.0 125
z 38 34
0.200-
200 -
150 -
160 -
.
. .
100 - - 120 -
.
.
80 - .

i i ' i i i '
00 25 50 75 100125 00 25 50 7.5 10.0 125
time/24/28

CTX

120 - 100 -

90 -

100 -

80 -

70 -

60 -

00 25 50 7.5 10.0 125

i ' ' ' i ' i ' ' '
50 7.5 10.0 125 00 25 50 7.5 10.0 125
33 34

CTXsim

100 -

O‘O 25 50 75 10‘012‘5
time/24/28

'
0.0 25 50 7.5 100 125

Figure 3.5: Results of fractionating RANKL signal between the OB and OCY: OB contribution is o;th the OCY contribution. Magnitude of
PINP response (left) is slightly over-predicted, and initial decline in CTx (right) is still slightly under-predicted, for a subset of the clinical

data (shown in red)

6. Apply an EMAX “tolerance” model, whereby the OCY contribution to RANKL pool phases out

with the sclerostin effect.

TOLSCLER = (1

koutocy = OBpaseline - FRACTION pcy - TOLgcigr

SMAX - SCLERggpgcT

+
SC50 + SCLEREFFECT

) (3.23)

(3.24)

Result: PINP drops too quickly after repeated doses; CTx drops abruptly after initial dose and re-

bounds after therapy is removed.
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7. Structure tolerance as an independent compartment, as in an indirect response model; apply

this TOL effect on OCY compartment, in addition to sclerostin effect.

d
aTOL: kinTOL ~eXp(—5-TOL)—k0utTOL -TOL

where kinyor =koutror

kou tocy = OBbaseline -FRACTION ocYy * SCLER'oc¢Y . TOL

(3.25)

(3.26)

Result: Tolerance effect a little too strong. PINP / CTx responses look like the clinical data during

initial dose phase, but then increase as sclerostin-driven tolerance effect declines.

8. Use sclerostin effect as a signal to decrease TOL; Implement tolerance compartment like a pre-

cursor pool, tied into the osteocyte compartment.

Use the EMAX effect for TOLgcgR:

SMAX - SCLER

TOLscier = (1 - EEPECT ) (3.27)
kOror = OB-FRACTION ¢y - baseline (3.28)
ki nroL= OBbaseline ' OCYbaselineFRACTION OCYTOLbaseline (3.29)
ko utocy = OBpaseline - FRACTION ocy - TOLscrrr (3.30)

d .
aTOL: kOTOL —ki nror- TOLSC]_ER —kou tTOL -TOL (331)
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d
4 OCY = OB-FRACTION oy — ko utocy - OCY (3.32)

Result: PINP profiles resemble the clinical data but CTx responses do not decline during the initial

dose phase.

9. Final model: combine tolerance effect with portioned osteoeffect from #5: at full tolerance (TOL=1),

the OBeffect is 1/20 of the OCYeffect:
FRACTIONgeffect = 20/TOL (3.33)

Use the same equation for TOLgcigr

(3.34)

SMAX - SCLER
TOLge pg = ( EFFECT )

where kinrgr = ko utrgr, and the OCY compartment structure returned to what it was before:

d
4 OCY = OB-FRACTION oy — OBpaseiine * FRACTION oy - SCLERTOY - OCY (3.35)

Result: Both P1NP and CTxprofiles are better described with tolerance compartment and propor-

tioned osteoeffect (see fig. 3.6).

Additional modifications were made to the model in efforts to stabilize the model and allow an-
abolic mechanisms of PTH stimulations to persist along with anabolic effects of sclerostin modulation.

In the final model, the osteocyte effect on RANKL was modified.

Model Stability

In order to address the problem of model stability (ie. obtaining a complete simulation with the

same results every time without premature termination by the ODE solver), the steady-state principle
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from the original bone model [47] was applied to the sclerostin effect, and the EC50 was solved in terms

of EMAX:

log(EMAXscigRr — 1)) (3.36)

EC505cigr = exp(
Y SCLERog

The final, globally-optimized parameter values are shown in table 3.2. The final estimated BMD
parameters for teriparatide, denosumab, sclerostin mAbs and the combination of teriparatide and
denosumab is shown in table 3.3. The parameter estimates for the BMD compartments represent-
ing combination treatment were expressed as fractions of monotherapy-related parameters, in order
to make inferences about temporal aspects of modulation of two pathways at work in the combination
arm, ie. anti-resorptive activity and anabolic activity. Simulated teriparatide and denosumab studies
are shown in fig. 3.9 and fig. 3.10. Simulations for changes in LS BMD with the study design from the

DATA trial are shown in fig. 3.8.

3.2.2 Optimization Routines

A visual demonstration of the results of simulation using different algorithms to fit a subset of
parameters to a sclerostin PINP dataset is shown in fig. 3.7. In addition to the methods displayed,
Rsolnp was also tried but was unsuccessful after only a couple of iterations. The parameters were not
permitted to change very much and resulted in poor fits, but a hessian matrix was generated from the
parameter estimates. Gradient-based methods proved to be unreliable because it was difficult for the
solver to resolve at all possible values of the parameters, which the algorithm prompted it to explore.
The derivative-free method, minqa::newua was used for local parameter estimates and for estimates of
BMD parameters because the parameter sets were small and more manageable. The final parameter
optimization step, in which all parameters describing the turnover makers were optimized simultane-
ously was performed using DEoptim, which terminated at a pre-specified number of maximum itera-
tions (300), yielded alower objective function than the initial estimates, which had been determined by

tuning and prior optimization, and resulted in good predictions of PINP and CTx by visual inspection.
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Figure 3.7: A comparison of optimization methods using the blosozumab P1NP dataset and optimizing E C50s5¢cypr, EMAXscppr and
rscLer- Max interactions for DEoptim fits was 200
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Table 3.2: Final Estimated Values for Parameters Involved in Estimation of Turnover Markers
Variable Value
EMAXscipr (M) 4.67
FRACTIONpgeffect (Unitless) 20.0 fixed
FRACTION gy (1/hrs) 0.50 fixed
ypr (unitless) 0.0446
Yocy (unitless) 0.276
Yopc (unitless) 1.60
7 op (unitless) 0.163
kouty (1/hrs) 0.00607
koutror (1/hrs) 0.00190
SMAX (unitless) 8.69
TOTosteoEsfect (UNitless) 0.174  fixed
Table 3.3: Estimated BMD Parameters
LUMBAR SPINE
kout (1/hrs) | gamOC (unitless) | gamOB (unitless) | del (1/hrs)
SCLER 0.000145 0.0653 0.758 0.00246
DENO 0.0000740 0.0791 0.0793 -
TERI 0.000554 0.0169 0.271 0.00100
COMBO | 1.86-DENO 1.28-DENO 1-DENO -
TOTAL HIP
kout (1/hrs) | gamOC (unitless) | gamOB (unitless) | del (1/hrs)
SCLER 0.000145 0.0653 0.225 0.00246
DENO 0.000108 0.0552 0.0793 -
TERI 0.000139 0.131 0.298 0.00100
COMBO | 0.971-DENO 1.28-DENO 1.00-DENO -
FEMORAL NECK
kout (1/hrs) | gamOC (unitless) | gamOB (unitless) | del (1/hrs)
SCLER 0.000145 0.0653 0.131 0.00246
DENO 0.000119 0.0515 0.0793 -
TERI 6.63E-05 0.212 0.496 0.00100
COMBO | 1.08-DENO 1.30-DENO 1.00cDENO -
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Figure 3.8: Simulated changes in LS BMD in DATA trial. Points and bars indicate mean and 95%Cls from the clinical trial [58]. Lines and
ribbons are simulated means and 90%CI

3.3 AIMIIL Development of a Hazard Model of Fracture (PAPER III, Chap-
ter 9)

The results for the hazard model simulations are discussed in chapter 9. Section 3.3 shows the

relative hazard ratio for the additional drug effect for each class of drug represented in the metadataset.

DATA trial simulations for fracture rate are shown in fig. 3.12. This is the simulated survival (probability

of no fracture) if the DATA trial had been extended for 10 years.

The STRUCTURE study is an ongoing Ph3 study comparing head-head treatment of romosozumab

and teriparatide in women with osteoporosis with a high risk of fracture. The primary endpoint in this
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study is longitudinal changes in TH BMD over one year. STRUCTURE trial simulations are shown in
figs. 3.13 and 3.14. These are hypothetical three-year trial simulations, as the STRUCTURE trial is only

one year in duration. 3-year probability of fracture is shown in fig. 3.15.
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Figure 3.6: Results of using a tolerance model structure to describe OCY signaling on RANKL and effects on PINP, OCY, CTx and TOL com-
partments. A subset of the sclerostin mAb dataset is simulated here; yellow and orange lines represent the simulations from the model
without a tolerance compartment. Clinical data is shown in red
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Chapter 4

Discussion

4.1 AIMI. A Priori Analysis: A Comparison of Methods

In almost all cases, the results generated in DAISY and EAR were in agreement, except for in-
stances when DAISY could not resolve the model structure, took an unreasonably long time to compile,
or when the initial conditions influenced the EAR analysis. Software specific limitations were encoun-
tered in some cases that impacted identifiability results, specifically when DAISY was unable to gen-
erate a characteristic set from state variables represented by rational expressions. Differential algebra-
based algorithms like DAISY are one of the few types of algorithms that can systematically distinguish
global and local identifiability without a user-supplied domain of definition of the parameters or the
initial conditions [88]. However, DAISY can accept only some polynomial forms of state variables and
cannot analyze QE and QSS approximations which include quadratic expressions. Also in most cases
the DAISY program is very fast, but when the model system had a limited number of outputs relative
to the number of parameters, the program failed to converge within a reasonable timeframe.

In contrast, EAR can support large and complex systems and is easier to implement because it
operates within the Mathematica software package. A limitation of EAR is that the algorithm relies on

initial conditions. The inability to perform rank testing independent of initial conditions limits the abil-
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ity to establish unique solutions for some TMDD systems with initial conditions equal to zero. DAISY
was able to establish identifiability for these systems. Of the three approaches, the profile likelihood
(PL) approach requires more in-depth knowledge of the required software and it took the most time to
implement. It is also the only approach tested that is sensitive to both a priori and a posterioriidentifi-
ability of model parameters. The PL analysis performed on simulated TMDD data with low variability
confirms that all parameters are both a priori and a posterioriidentifiable (see fig. 3.1).

Cheung, et al. [89] illustrated how the issue of nonidentifiablity of PK/PD models can be formally
solved by reparameterization or by analysis of parallel experiments [90]. A prerequisite of the repa-
rameterization process is that all system parameters need to be at least locally identifiable, and glob-
ally identifiable parameters can be grouped in order to render the entire system globally identifiable.
However the nonlinear similarity transformation approach used is highly complex if the system can-
not be made into a polynomial form with a linear observation, which was also what prevented global
identifiability of the QE system in DAISY. The parallel experiments analysis is a way of achieving global
identifiability by formally constraining the system. Neither of these processes can be applied to the
antibody-drug conjugate (ADC) system in such a way that the elimination rate of the toxin can be ren-
dered identifiable without explicitly measuring free toxin in the experiment, or by making the assump-
tion that kelT is somehow a function of the other parameters in the system (see table 3.1).

Often achieving TMDD model convergence and well-defined minima under real world experi-
mental conditions is impossible without fixing some parameters or making assumptions to simplify
the model [54]. Given the findings of this work, a likely explanation is that it is impractical to achieve
an adequate experimental design at the time scales necessary for a posteriori identifiability of all pa-
rameters and appropriate model approximations should be used to estimate parameters. Following a
priori identifiability analyses for other complex systems, deoptimization and simulation can be used
to explore and explain sources of a posteriori nonidentifiability due to experimental noise or sampling

conditions.
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4.2 AIM II. Implementing PK/PD Model in Bone Model and Determining
Model Structure and Parameter Values to Describe Changes in Turnover
Markers and BMD

Discussion around the results of parameter estimation and the sclerostin-related changes made
to the model is included in chapter 8. An interesting finding of this work is that the BMD compart-
mental structure describing anabolics and anti-resorbtives is similar, however, an additional compart-
ment added to describe the delay for anabolic therapies to lay down new bone matrix and become
mineralized. Within the compartmental structure for each mechanism, parameters were shared be-
tween regions. For romosozumab and blosozumab, only the power term on the OB effect was re-
estimated for each region. This description supports a dose-dependent response of the mAb according
to sclerostin expression in the region tied to the degree of loading in that region [91]. For denosumab
and teriparatide, there were different time constants (kin, kout) estimated for each region. This sup-
ports site-specific remodeling/modeling activity characteristic of each mechanism. Denosumab has
demonstrated differential effects of site-specific remodeling and modeling [92]. It has been suggested
that teriparatide response is synergistic with loading and depends heavily on mechanical environment
at each site [93].

To truly understand site-specific activity of each drug mechanism an understanding of the under-
lying factors involved in bone microarchitecture is required, but is very complex. It is also important
to note not only the difficulties involved in acquisition and analysis of images of bone composition,
but the high degree of variability in these process between studies [94]. Some examples of mis-guided
interpretations can be 1.) interpreting cortical fragmentation measured as trabeculae [94], 2.) mis-
interpretation of incomplete coalescence of adjacent trabeculae as higher cortical “porosity” in a tran-
sitional zone, or 3.) mis-interpreting increased cortical thickness as secondary mineralization [72].
These types of analyses should be interpreted with discretion.

However, these analyses are very important, as discussed in chapter 9, changes in turnover mark-
ers and aBMD do not automatically correlate with bone strength which is dictated by cortical and tra-

becular geometry [95, 96]. In fact, Burghardt, et al (2010) found that only volumetric BMD measures
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and cortical porosity at the tibia correlated with changes in turnover marker BSAP (not areal BMD or
trabecular microarchitecture) [95]. Findings like these have large implications on development of new
therapies or combination treatment strategies, especially when only turnover markers and aBMD are
measured in early clinical trials.

A few patterns emerge when examining the relationship between changes in microarchitecture,
areal bone mineral density (aBMD), and turnover markers between therapies. Anabolic therapies with
astrong renewing bone resorption mechanism, asindicated by a decline in CTx, tend to have no change
or a decrease in distal 1/3 radius BMD, a site usually associated with changes in cortical bone. How-
ever, an analysis by Poole [97] found that teriparatide increased cortical thickness in the femoral neck,
an area which sustains habitual mechanical loading. The authors suggest that PTH augments the me-
chanical load signal to osteocytes to reduce sclerostin secretion and increase formation in these re-
gions, similar to the mechanism of sclerostin inhibition by sclerostin mAbs. Teriparatide is known
to increase cortical porosity, which is correlated with bone-specific alkaline phosphatatse (BSAP) [95]
and cancellous bone volume [5] owing again to its metabolically active mechanism of high turnover. In
essence, teriparatide over-replaces areas of older mineralized bone with new bone with lower mineral
content in some areas.

Anti-resorptives, alendronate and denosumab, also elicit greater trabecular and cortical responses
in regions of loading, although denosumab has demonstrated improvement over alendronate in total
and cortical volumetric bone mineral density (vBMD) and cortical thickness [96]. In the DIRECT study,
3 years of denosumab treatment also resulted in significant increases in BMD from placebo in the 1/3
distal radius, unlike anabolic therapies [98]. It is possible that anti-resorptives are somewhat less dis-
criminating of regions of loading because they have no direct effects on osteocytes (only indirectly
through RANKL) and this, combined with increased vBMD at cortical sites, is why the mechanism is
able to elicit increased BMD at the distal radius, unlike teriparatide and romosozumab.

The combination of teriparatide and denosumab resulted in a decline in osteoclasts (OC) num-
ber, and OB but to a lesser degree [58]. In this arm, trabecular and cortical vBMD increased, cortical
thickness increased, consistent with mechanism of denosumab, and cortical porosity was unchanged.

It is difficult to say what is the source of the significant improvement of BMD in the regions of loading
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in the combination arm. The combination therapy resulted in a slight further reduction in resorbtion
activity over the monotherapies, but formation activity was also reduced in this arm. It could be that,
in accordance to Poole, et al. theory that PTH, by the same mechanism which causes a reduction in
sclerostin, that is, by signaling a remodeling event in the osteocytes, causes more RANKL to be secreted,
which in turn amplifies the denosumab effect as more target ligand is sequestered. Sugiyama et al. [93]
suggest the significant reduction in OC activity results from the combination of modeling-based for-
mation at specific sites and a non-site specific decline in remodeling-based bone formation. This is
consistent with findings of anti-resorptives increasing periosteal bone formation in the hip but not the
lumbar spine.

It is known that sclerostin inhibition, unlike teriparatide is not subject to coupled bone forma-
tion and resorbtion, dictated by bone remodeling processes, but is instead governed by uncoupled
model-based formation and resorption [91, 99], as markers of formation increases while resorbtion
markers simultaneously decrease. Sclerostin ablation results in increased cortical bone volume [100],
although increases in distal 1/3 radius BMD have not been seen at the doses of sclerostin mAb tested
in clinical trials to date. Sugiyama, et al. suggest that perhaps sclerostin levels are reduced in non-
weight bearing sites like this and may require much higher doses to see dose-dependent increases
in these regions. The attenuation of the modeling response after a year of continuous dosing sug-
gests that there are other mechanostat-related mechanisms at play that cannot be overcome only by
blocking sclerostin. The increase in bone mass after mechanical loading in the absence of sclerostin
has been demonstrated in mice [100], indicating mechanisms other than sclerostin signaling are im-
plicated in load response. Dkk-1 could increase Wnt/b-catenin in response to loading, independent
of sclerostin. Other factors involved in mechanotransduction may include estrogen-receptor alpha
(ER-a), insulin-like grown factor 1(IGF-1), leptin, prostanoids, prostaglandin E2 (PGE2), connexin 43,
interleukin-11, or BMPs. For this reason, administering sclerostin mAbs in sequence, or in combina-
tion with, a remodeling-modifying therapy may be the best approach for achieving sustained increases
in BMD.

As microarchitecture analyses become more robust and streamlined this information can be har-

nessed to inform parameters in the model-based framework developed here. Currently, the model links
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aBMD to underlying metabolic processes in the bone, as described by the markers routinely measured
in clinical studies. As discussed previously, time constants and implementations for lag-time may indi-
cate translation and signal transduction processes that inform drug mechanism and may help optimize

therapeutic combination strategies.

4.3 AIM III. Hazard Model Development to Predict Probability of Fracture

The discussion around the developed hazard model of fracture is included in chapter 9. The haz-
ard model was also used to simulate possible fracture outcomes after combination therapy, similar to
the regimen in the Leder study [58]. Both denosumab and teriparatide independently to improve frac-
ture rate, likewise the combination arm showed improved reduction in 10-year probability of fracture
(see fig. 3.12). Denosumab also showed improved reduction of fracture rate over teriparatide. This is
because the model also predicts that LS BMD continues to rise with repeated dosing while teriparatide
rapidly increases LS BMD returns to steady state (fig. 4.1). It is not completely understood why this is
the case, but likely the model predicts anabolic effects (increased P1NP) to return to the range of nor-
mal even after persistent treatment (see fig. 3.14). CTx activity with denosumab remains significantly
below baseline levels, indicating resorption activity is significantly curtailed throughout the duration
of treatment with this mechanism.

One of the significant findings of the hazard model development was the necessity of a model
parameter representing an additional drug effect, beyond the effects elicited by therapy on BMD. Be-
cause this cannot be estimated specifically for sclerostin mAb or combination treatment arms because
there are no fracture data available for this new therapy; it is difficult to determine with certainty if these
treatments will have an improved effect on fracture beyond denosumab or teriparatide. Simulations
with these arms were performed using the same version of the model but without the drug effect. Haz-
ard ratios for the additional drug effect, relative to placebo, are shown in section 3.3. The additional
drug effect elicited by bisphosphonates, teriparatide/PTH and denosumab have high probabilities of
significantly reducing the hazard of fracture, as compared to placebo, beyond the BMD effects elicited

by each therapy. The additional drug effect of calcitonin, the growth secretagogue MK-677 and stron-
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Figure 4.1: 10-year simulations of denosumab (yellow) and teriparatide (black), demonstrating denosumab causes continuous increase in
BMD after repeated doses

tium ranelate are not statistically significantly different than the placebo but the sparse data for these

treatments arms contribute to the long right tails of the respective posterior distributions.
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Limitations and Future Work

5.1 Limitations and Future Work

Many assumptions are made in the building of this systems model and are discussed at length in
papers II and III (chapter 8, chapter 9). Acknowledging these assumptions, making full use of model
diagnostic tools and fulfilling “good model criteria”, as described in Agoram et al. [101], help to build an
objective case for use of this systems model to generate hypotheses, explore optimal dosing regimens
and combination therapies, and evaluate different classes of therapies for prevention of fracture.

A major contribution of this work is the ability to link clinical outcomes to underlying biology
and microarchitecture in a more mechanistic way. More experimental data is needed to guide this ef-
fort. Specifically, there is also a lack of conclusive data linking Wnt-pathway intermediates to sclerostin.
This makes it difficult to mechanistically describe the relationship between osteoblasts and osteocytes.
B -catenin builds up in the presence of a Wnt signal, which is one of the mechanisms by which block-
ing sclerostin leads to increased osteoblast activity. Osteocytes also directly produce RANKL [102] but
presentation of RANKL at the cell surface is also tightly regulated by OPG in osteocytes [103]. There
is evidence to suggest membrane-bound RANKL on osteocytes plays a more significant physiological
role on osteoclastogenesis, contributing to localized bone remodeling [104]. There is also a temporal

element to Wnt signaling effects on osteoblast differentiation. For example, knocking out -catenin in
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osteoblasts did not change RunX2 levels, which suggests that early signals of osteoblast differentiation
do not depend on f-catenin but -catenin is essential for mature osteoblasts’ performance through
osteocalcin expression [33]. Because much is still unknown about the differentiation process of os-
teoblasts, osteocytes and osteoclasts and how the signaling pathways influence these processes, it is
difficult to fully characterize the pathway intermediates in the model.

As discussed previously, there are also sclerostin-independent mechanisms which govern mod-
eling [100]. BMP works upstream of sclerostin in osteoblasts to inhibit Wnt signaling [105]. However,
sclerostin can, in turn, antagonize BMP [31]. Dkk-1, like sclerostin is also a Wnt-pathway inhibitor and
is also regulated by BMP. In an in vivo study, sclerostin mAb administration resulted in an increase
of dkk-1 [106]. The authors of this study suggest the osteocytes themselves may regulate modeling
through the “mechanostat” mechanism by increasing expression of SOST and dkk-1. In a clinical study
with denosumab circulating levels of sclerostin increased, while dkk-1 decreased [107], which may also
indicate feedback signaling in response to treatment, at the level of the osteocyte. IL-6 has also been
shown to increase during osteocyte apoptosis [31], but mRNA expression decreases during exercise in
a rat model of osteoporosis [108], thereby reducing resorption during loading. These all represent ad-
ditional layers of regulation by which osteocytes can direct modeling activity. These are mechanisms
not currently represented in the bone model but should be implemented in future work.

In the fracture model, outlined in chapter 9, LS BMD is the major driver of changes in fracture rate
contributed by most of the drug classes represented in the dataset. This assumes that the integrated
effects on LS BMD resulting from the action of different drug mechanisms contribute to changes in
fracture rate in the same way. This assumption does not account for differences in patient response to
therapy and does not acknowledge that measures of LS BMD may not be fully representative of changes
in bone quality attributed by each drug mechanism individually. In the latter case, including the ad-
ditional drug effect covariate accounts for the contribution of each mechanism to the probability of
fracture independent of LS BMD. The interpretation of this covariate is rather vague but is discussed
at length in the discussion section of paper III (chapter 9). In future work the model maybe improved
upon by including more data at the level of the individual patient and incorporate some measure of

bone quality (volumetric BMD, trabecular or cortical thickness, ect) into the calculation of fracture
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probability.

As described in Aim I (section 1.4), there are many mechanistic models in the literature which
describe the effects of loading and shear stress on osteocyte activity and sclerostin production. An-
other future application of the model is leveraging finite element analysis data to describe localized
remodeling in bone occurring during loading. This would allow model application to extend beyond
osteoporosis with BMD outcomes to bone healing during traumatic events or implant placement [36].
Several efforts have been made to link the function of mechanoreceptors to biochemical signals in
the loading process [41]. Still, all of the osteocytic signaling molecules involved in inhibition of bone
resorption during loading and the extent of their involvement in this process have not been fully iden-
tified. Current models are limited to aspects of loading in narrower terms, such as osteon diameter
in response to an osteocyte signal [41] or mechanical bone adaptation only at the bone surface [109].
Propagation of chemical signaling after mechanical stimuli to bone cell populations is an aspect of
osteocyte function within the remodeling process that is still needed in the current model of calcium

homeostasis.
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Chapter 6

Conclusion

6.1 Conclusion

This work demonstrates:

¢ A prioriidentifiability of PK/PD models typically used to describe mAbs using differential algebra
identifiability of systems (DAISY), exact arithmetic rank (EAR) and likelihood profiling (LP) and

drawing a comparison of these methods.

¢ PK/PD model development of sclerostin mAb and circulating serum sclerostin using a TMDD

approximation of Michaelis-Menten (MM) kinetics.

¢ Implementation of this PK/PD model into the MSPM in order to investigate the role of osteocytes

in the remodeling process and link OCY activity to changes in OB and OC.

¢ Development of model structure and estimation of parameters for regional changes in BMD after

sclerostin, teriparatide, denosumab, or combination therapy.
¢ Development of a hazard model for fracture using a systematically-derived metadata set

¢ Linking MSPM-simulated LS BMD to the fracture model in order to compare effects of therapy

on fracture risk.
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Quantitative model building can inform both experimental research and drug development. In the
context of bone remodeling, models are used to understand signaling pathways and feedback pro-
cesses that are highly regulated and often misunderstood. Models can also be used as powerful simu-
lation tools to investigate dosing regimens or combinations of therapies in patients, when perhaps little
information about a new therapy is available. As computational models increasingly become an inte-
gral part of experimental research, both bodies of work inform one another to quickly bring new ther-
apies to market as well as promote a greater understanding of the underlying physiology. This original
work is only a small representative piece of continuing advancements in mathematical modeling and
points towards a future of stronger collaborative efforts between experimental and theoretical groups

to advance bone biology research.
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Abstract. A priori identifiability of mathematical models assures that for a given input/output experiment,
the parameter set has one unique solution within a defined space, independent of the experimental
design. Many biologic therapeutics exhibit target-mediated drug disposition (TMDD), and use of the full
compartmental model describing this system is well documented. In practice, estimation of the full
parameter set for TMDD models, given real-world clinical data, is characterized by convergence
difficulties and unstable solutions. Still, the formal assessment of the a priori identifiability of these
systems has yet to be reported. The exact arithmetic rank (EAR) approach was used to test the a priori
identifiability of a TMDD model as well as model approximations. The full TMDD and quasi-
equilibrium/rapid binding (QE/RB), quasi-steady state (QSS), and Michaelis-Menten (MM) approx-
imations were fully identifiable, a priori, regardless of whether observations were taken from a single or
multiple compartments. The results of these identifiability analyses indicated that the difficulty with
TMDD model convergence, a posteriori, lies in the experimental design, not in the mathematical
identifiability in the lack of samples from several compartments. Experiments can be tailored to resolve
these structurally non-identifiable parameters, notwithstanding practical implementation challenges. This
work highlights the importance of identifiability analyses, specifically how they can influence
experimental design and selection of the appropriate model structure to describe a dynamic biological

system.

KEY WORDS: approximation; a posteriori; a priori; identifiability; target-mediated.

INTRODUCTION

A priori global identifiability analysis is the process of
determining if different combinations of parameter values
lead to indistinguishable model output in terms of inherent
model structure (1). A system is a priori globally identifiable
(also known as structurally or mathematically identifiable) if
all parameters have a unique solution within the full domain
of the parameter space, given specific observation points
within the system. A system is locally identifiable if a unique
solution to a parameter is found within some neighborhood of
that parameter (2). In contrast, a posteriori, also known as
practical identifiability, is the quality of a system that
determines whether or not parameters can be estimated
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based on informativeness of an experimental design and
resulting data. A priori identifiability is a requirement for a
well-posed mathematical system and a prerequisite for
parameter estimation because if identifiability is not achieved
independent of experimental design conditions, the system
will not be identifiable in practice. Determining which
parameters in the system are not identifiable before running
an experiment may save resources by informing experimental
design. Unfortunately, this practice is underutilized because
of the computational complexity involved in these analyses.
Establishing a priori, identifiability for the highly non-
linear models common in systems biology is especially non-
trivial in cases when there are many more parameters than
observables. A comparison of three approaches for evaluat-
ing identifiability for complex systems (two of these were
focused on a priori) was recently published by Raue and
colleagues (3) and forms the basis for the approaches
considered in this analysis. Of these methods, the exact
arithmetic rank (EAR) approach was the most robust and
most easily implemented. The a priori identifiability of the
widely used target-mediated drug disposition (TMDD) mod-
el, describing the dynamic system of antibodies binding to the
target molecule (4), and approximations to this model has
never been established. Gibiansky and Gibiansky also
formulated extension of this model to include two-target
TMDD (5). The model equations for the TMDD model
represent amounts of free drug, target, the drug-target

» aaps
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complex, and the transfer rates between these states (Fig. 1),
and the extension includes dual targets and complexes
(Fig. 2). Model approximations include quasi-equilibrium or
rapid binding (QE/RB), quasi-steady state (QSS), and
Michaelis-Menten (MM) (6). While approximations to the
model make it possible for one to mathematically describe
experimental data, the interpretation of these model param-
eter values can be vague or even inaccurate (6). Identifying
system parameters that are not unique, a priori, indicates the
need for re-parameterization or model simplification in
advance of the parameter estimation step. A priori analyses
may also assist in understanding which modifications of the
experimental design are necessary to achieve meaningful
parameter estimates.

METHODS

Of the three different approaches discussed by Raue and
colleagues (3), the exact arithmetic rank (EAR) approach
was chosen to evaluate parameter identifiability for TMDD
models and their approximations. The EAR approach was
developed by Karlsson and colleagues (7) and is designed to
handle larger systems with more generally parameterized
initial conditions. This algorithm constructs a symbolic form
of the Jacobian matrix by way of generating a truncated
power series expansion of partial derivatives of the output
with respect to state variable x(0) (the value of each
compartment at its initial condition) and parameter 6 and
performs rank testing, the process of relating higher order
derivatives to lower order derivatives and using the
inverse function theorem, to determine local identifiability.

Single-target TMDD (Fig. 1) and QE/RB, QSS, and MM
approximation models were tested first, followed by a TMDD
model with two targets (Fig. 2). The input of each model was
an intravenous (i.v.) infusion or subcutaneous (s.c.) dose.
Whether or not the output scenario was plausible, all were
included in the analysis for completeness and for use as a
reference. To use EAR, the package “Identifiability Analysis”
was loaded in Mathematica (v9.0). The differential equation
set and initial conditions were assigned to variable deq. In this
approach, the initial conditions must be supplied by the user,

kyyn
Fepe fp
In(t) kon
—_ + —
(ka) -—
ko,ff‘
ke[ k deg kmt

Fig. 1. TMDD model schematic. C, R, RC, and A, represent the drug
concentration, target, drug-target complex, and peripheral compart-
ments, respectively. Ks indicate time constants
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Fig. 2. Extension of the TMDD model to the two-target case. C, R/,
R2, RIC, R2C and A, represent the drug concentration, targets 1 and
2, drug-target complexes 1 and 2, and peripheral compartments,
respectively. Kss indicate time constants
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even if they are unknown and set to zero, as they are required
to construct the Jacobian. The arguments to the Identifiabi-
lityAnalysis function are simply deq, the system outputs, a
vector of variables, the independent variable (f), and the
input variable (u). The vector of variables represents the
parameters in the model but are supplied symbolically and
assigned no values or bounds. If the results of the analysis are
“false,” the system is unidentifiable and the parameters without
unique solutions can be identified with the call
“NonldentifiableParameters.” Example code for a full TMDD
model analysis is included in the Supplementary Materials.

RESULTS

Results for all model structures and output scenarios
are shown in Tables I and II. The full single-target
TMDD model was identifiable with any system output. It
follows that the QE/RB, QSS, and MM are also identifi-
able with any output. Like the single-target TMDD, the 2-
target TMDD model structure was found to be identifi-
able under any output scenario.

DISCUSSION

The EAR application has been used to demonstrate a
priori identifiability of TMDD models and model approx-
imations within scenarios when different outputs are avail-
able. The full TMDD model is a priori identifiable, even
when only information about the drug (free or total) is
available. This was not an obvious finding because a posteriori
parameter estimates are often imprecise at best, and usually
at least one parameter must be fixed in order for the model to
converge. Gibiansky et al. show many examples of this in
their 2009 publication (8). Often, it is the time scale of the
drug measurements being much greater than that of the



Table I. Identifiability Results for Full TMDD and Approximations (Supplemental 1 Eqs 1-20)

Model

System parameters
Possible outputs
Result

Model

System parameters
Possible outputs
Result

Model

System parameters
Possible outputs
Result

Model

System parameters
Possible outputs
Result

Model

System parameters
Possible outputs
Result

Full TMDD, iv inf

Kons Koty Kets Kpts Kipy V€, Ksyny Kdegs Kint

Free drug Target Complex Free drug and target
Model is locally identifiable with any output

Full TMDD, sc dose

Kas Koty Kets Kpts Kips VC, Ksyns Kdegs Kint

Free drug Target Complex Free drug and target
Model is locally identifiable with any output

Quasi-equilibrium (QE) approximation, iv inf

kas Kers Kots kip, VC, Ky, kdeg

Free drug Target Total target Free drug andtotal drug
Model is locally identifiable with any output

Quasi-steady-state (QSS) approximation, iv inf
Kis, ke, kpus Kip, Ve, ksyn, Kaeg

Free drug Target Total target
Model is locally identifiable with any output

Michaelis-Menton (MM), iv inf
K, Kints ke, kp\s klpv Ve, kaynv kdcg
Free drug Total target

Model is locally identifiable with any output

Free drug and total drug

Free drug and total target

Free drug and complex

Free drug and complex

Free drug and total target

Free drug and total target

Target and complex

Target and complex

Total drugand total target

Total drug and total target

Free drug, target, and complex

Free drug, target, and complex

Free drug, total drug, and total target

Free drug, total drug, and total target

TMDD target-mediated drug disposition, OSS quasi-steady-state, QE quasi-equilibrium, MM Michaelis-Menten, iv inf intravenous infusion, sc subcutaneous

k4148

‘v 12 Apnyg



Establishing Structural Identifiability of Models 1283

binding process that limits practical identifiability of kon and
koff. The QE or QSS approximations are often used to avoid
overparameterization. Selection between these approxima-
tions involves availability of target dynamics or pharmacody-
namic data (9). Peletier and Gabrielson determined that
specific regions of the drug concentration curve inform
specific model parameters and parameter identifiability
largely depends on the richness of data in each of these
regions (10). These identifiability results confirm that all
parameters in a full TMDD model can be uniquely estimated
using a dataset with ideal sampling and no experimental
noise. The full two-target TMDD system is also structurally
identifiable under the same conditions.

Of the available approaches used for establishing
structural identifiability of a system, the EAR algorithm was
relied upon as the more robust of the approaches, specifically
for approximations to the TMDD model when the model
contains rational expressions that cannot easily be converted
to polynomial. A limitation of EAR is that the algorithm
cannot perform rank testing independent of initial conditions,
and this limits the ability to establish unique solutions for
some systems with initial conditions equal to zero. The
differential identifiability of systems (DAISY) approach (11)
was used as a first-pass attempt at establishing global a priori
identifiability. Unfortunately, DAISY can only deal directly
with pure polynomial forms for the differential equations, and
the program did not accept the quadratic solution form for
free drug concentration, C, that is used in the QE and QSS
approximations. This shortcoming of DAISY is well docu-
mented (3, 12). Finally, the profile likelihood (PL) approach
was also considered, but it is a data-based approach and not a
specific analysis of a priori identifiability.

Free drug and a single complex
Free drug, target, and complex

for both targets

Free drug, target, and complex

Free drug and a single target
for a single target

Targets and complexes

Complexes

CONCLUSION

In the case of single-target TMDD models and approx-
imations, all parameters are a priori identifiable, as is the full
two-target TMDD model. These findings indicate that
sampling times relative to the widely varying time scale of
binding kinetics vs. distribution and elimination kinetics are
the most likely culprit limiting a posteriori identifiability of
TMDD model parameters. The principle of a priori identifi-
ability is that a unique solution can be found under ideal

Free drug and both complexes

Table IL. Identifiability Results for TMDD Model Extension (Supplemental 1 Eqs 21-27)
Targets

kdegla kdegZa konlv konZa koffla koft?* kel’ kpl7 ktpa

TMDD target-mediated drug disposition, OSS quasi-steady-state, QF quasi-equilibrium, MM Michaelis-Menten, iv inf intravenous infusion
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R 2 sampling times and error-free experimental conditions. While
-1 < . . . . oqe
— - £ noise-free systems do not exist, identifiability analyses are an
E 3 = _q"; important first step in model design. If parameters are found
= < 8 I not to be structurally identifiable, they will never be a
Gc:o - ?g posteriori identifiable when experimental noise and design
g < s 2 limitations abound. As shown in Gibiansky and Gibiansky
A Eg 5 2 (13), it is possible to achieve good model fits without
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% “: 8y 2 establishing identifiability of model parameters. In this same
= SEE = work, however, it was noted that resulting parameter
estimates were not always accurate or reliable reflections of
” the proposed drug disposition mechanisms. Identifiability
8 . analyses, on the other hand, allow for meaningful interpreta-
Qg’ 2 tion of parameters under “real-world” conditions if model
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5 B assumptions hold. Non-identifiability in these types of anal-
_ 2‘ 2 P yses can indicate the necessity for model simplification and
% 2 7 g show when more information is needed within a given
Slea & <7 experimental design to achieve a posteriori identifiability of
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all parameters. Recent advances of computational algorithms
allow for easy and fast determination of structural identifi-
ability of a biological system.
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Supplemental 1: Model Equations

Full Target-Mediated Drug Disposition (TMDD) Model

In(t) refers to a continuous i.v. infusion

dd—jid = —kqAa
% - m(t)vﬂ = (ket + kp)C = konC - R+ ko RO + ’“%
d;% = kuC - Ve — kypAr
C;_]: = koyn — kaegR — konC - R+ kop s RC
% = konC' - R — (King + kosp) RC

Ag = Dose;  C(0)=0; Ar(0)=0; RC(0)=0; R(0)= %
deg

Equations from: D. E. Mager and W. J. Jusko. General pharmacokinetic model for drugs exhibiting

target-mediated drug disposition. J Pharmacokinet Pharmacodyn, 28(6):507-532, Dec 2001.



Quasi-Equilibrum/Rapid Binding (QE/RB) Approximation

In(t) refers to a continuous i.v. infusion

1
C= 2 (Ctot — Ryot — KD) + \/(Ctot — Ryot — KD)2 +4KpCio (7)
dCl, ln(t) ki Ar
d; - = Ve KintCrot — (ket 4 kpt — Kine)C + t‘p/c (8)
dA
— L — | C - Ve — kyAr (9)
dt
dR,,
d; ! = ksyn - kdegRtot - (kznt - kdeg)(ctot - C) (10)
ksyn
Ctot(o) = 0; AT(O) = 0; Rtot<0) = ke (11)
eg

Equations from: L. Gibiansky, E. Gibiansky, T. Kakkar, and P. Ma. Approximations of the target-
mediated drug disposition model and identifiability of model parameters. J Pharmacokinet Pharma-
codyn, 35(5):573-591, Oct 2008.



Quasi-Steady-State (QSS) Approximation

In(t) refers to a continuous i.v. infusion

1
C = B (Crot — Riot — Kgg) + \/(Ctot — Rt — Ks5)? + 4K55C;0 (12)
dCiot ln(t) Riotkin:C KtpAT
= —> —(kg+k — 1
dt Ve ( 1+ pt)C KSS + C * Ve ( 3)
dA

d—tT = kpC - Ve — kA (14)

dR,, R C
d; b = Eayn — kaegRiot — (Kint — kdeg)m (15)

kS n
Ctot(o) = 0, AT(O) = 07 Rtot<0) = kdy (16)

eg

Equations from: L. Gibiansky, E. Gibiansky, T. Kakkar, and P. Ma. Approximations of the target-
mediated drug disposition model and identifiability of model parameters. J Pharmacokinet Pharma-
codyn, 35(5):573-591, Oct 2008.



Michaelis Menten (MM) Approximation

In(t) refers to a continuous i.v. infusion

dC In(t) Riotkine  kipAr
@~ ve W tha)C - TG T
dA
d_tT = ptC -Ve— ktpAT
thot RtotC

= Rsyn - kdegRtot - (kint - kdeg)

dt K, +C

ks n
O(O) = 07 AT(O) = O, Rtot(o) = 2 L
deg

(17)

(18)

(19)

(20)

Equations from: L. Gibiansky, E. Gibiansky, T. Kakkar, and P. Ma. Approximations of the target-
mediated drug disposition model and identifiability of model parameters. J Pharmacokinet Pharma-

codyn, 35(5):573-591, Oct 2008.



TMDD Extended to Two Targets

In(t) refers to a continuous i.v. infusion

@ . ktpAT -+ [n(t)

7 Ve — (k?el + k:pt)C — (konlC - R+

konaC' - RQ) -+ (k?offlRlC + kofoRQC> (21)

dAr

— = kpCVe — kyAr (22)

% — kpnt — kaegt Ra — komiC - Ry + kosj1 RaC (23)
% = kayns — kaegaRo — konaC - Ry + kogpa RoC (24)
d}jlio = kon1C'+ R1 — (Kint1 + kopp1) FrC (25)
d]j;C = kon2C - Ry — (Kinga + kopp2) RaC (26)

C(0) =0; A7(0) = 0; Ri(0) = ksynl; Ry(0) = ksyn2; R,C(0) =0; RyC(0)=0
kdegl kdegZ
(27)

Equations from: L. Gibiansky and E. Gibiansky. Target-mediated drug disposition model for drugs
that bind to more than one target. J Pharmacokinet Pharmacodyn, 37(4):323-46, Aug 2010.
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Connecting the Dots: Linking Osteocyte Activity
and Therapeutic Modulation of Sclerostin by Extending
a Multiscale Systems Model

RJ Eudy'?, MR Gastonguay'>*, KT Baron® and MM Riggs®

The goal of this work was to extend a mathematical, multiscale systems model of bone function, remodeling, and health in
order to explore hypotheses related to therapeutic modulation of sclerostin and quantitatively describe purported osteocyte
activity within bone remodeling events. A pharmacokinetic model with first-order absorption and dual elimination pathways
was used to describe the kinetics of romosozumab, a monoclonal antibody (mAb) against sclerostin. To describe total
circulating sclerostin, an extended indirect response model of inhibition of offset was developed. These models were
subsequently linked to the systems model, with sclerostin signaling changes in resorption and formation through established
osteocyte-mediated mechanisms. The model proposes relative contributions of the osteocyte to the RANKL pool, a major
player in feedback signaling, and is used to explore hypotheses surrounding attenuation of anabolic activity after multiple

doses of sclerostin mAbs, a phenomenon whose mechanism is poorly understood.
CPT Pharmacometrics Syst. Pharmacol. (2015) 00, 00; doi:10.1002/psp4.12013; published online on 0 Month 2015.

Study Highlights

WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC? M The current systems pharmacology models that include
osteocyte activity or sclerostin mAb intervention are not designed to predict quantitative clinical outcomes. ¢ WHAT
QUESTIONS DID THIS STUDY ADDRESS? M Is it possible to leverage the clinical study data available with sclerostin
mAbs to extend a systems model to predict responses to therapeutic modulation of sclerostin and describe osteocyte
activity within bone remodeling events? ¢ WHAT THIS STUDY ADDS TO OUR KNOWLEDGE [ The extended systems
model can be used to examine hypotheses surrounding the mechanism for attenuation of anabolic activity after multiple
doses of sclerostin mAbs. This has not been fully explored by laboratory experimentation. It is also used to investigate
the relative contribution of osteocytes to feedback regulation within the bone. ¢ HOW THIS MIGHT CHANGE CLINICAL
PHARMACOLOGY AND THERAPEUTICS M The extended model can be used to explore therapeutic target modulation
in order to maximize and maintain increased BMD in osteoporosis patients.

Sclerostin has been identified as a target for osteoporosis
treatment because preventing sclerostin inhibition of Wnt
has been shown to both increase markers of bone forma-
tion and decrease markers of resorption, expanding net
gain of bone calcification and increasing bone mineral den-
sity (BMD).! This mechanism, which “decouples” bone for-
mation and resorption, is differentiated from other
osteoporosis treatment mechanisms that are either purely
anabolic (both formation and resorption increase, e.g.,
intermittent parathyroid hormone (PTH)) or catabolic (both
formation and resorption decrease, e.g., bisphosphonates,
RANKL-inhibition).  Furthermore, sclerostin is mainly
expressed in the osteocyte, limiting off-target effects of inhi-
bition in other tissues.

Questions remain about the mechanism of sclerostin inhi-
bition and how this is linked to osteocyte activity and feed-
back regulation in bone remodeling.? One clinical question
is whether or not efficacy can be maintained after multiple
doses of an anti-sclerostin monoclonal antibody (mAb).
Identification of appropriate dosing regimens of sclerostin
mAb and/or its combination with an antiresorptive to pro-

mote greater formation and prolonged maintenance of
strong bone is a critical step in the advancement of this
therapy. Potential for a model that is aimed at elucidating
the mechanisms of sclerostin modulation includes explora-
tion of dosing regimen and trial design considerations.
Such inputs, although not meant at this stage to generate
statistical probabilities, could generate hypotheses (learn-
ings) for further experimental confirmation, e.g., through
clinical investigation.

A multiscale bone model has been published® that com-
bines important aspects of three previous models of bone
in order to combine quantitative aspects of bone physiol-
ogy: all major organ systems involved in calcium handling,*
feedback control between osteoblasts (OB) and osteoclasts
(OC) through the Receptor Activator of Nuclear Factor x#/
RANK-ligand/Osteoprogerin  (RANK/RANKL/OPG) axis,’
and dynamics of intermittent PTH administration.® In its cur-
rent construct, the model lacks the osteocyte and
sclerostin-related components necessary to predict effects
of sclerostin mAb treatment on clinical outcomes like BMD.
Other published models of sclerostin, osteocytes (OCY),

1Department of Biomedical Engineering, University of Connecticut, Storrs, Connecticut, USA; 2Metrum Institute, Tariffville, Connecticut, USA; *Metrum Research Group,
Tariffville, Connecticut, USA. Correspondence: RJ Eudy (renae @metrumrg.com)
Received 1 May 2015; accepted 12 July 2015; published online on 0 Month 2015. doi:10.1002/psp4.12013
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and Wnt signaling are either qualitative in nature, with
model variables lacking physiological meaning,” or they are
focused on mechanical strain analysis.®° The “strain” mod-
els depict quantitative changes in a single bone unit during
loading, but they do not account for feedback signaling
between bone cells, which largely contribute to signal trans-
duction and remodeling. In contrast with other models, the
multiscale bone model provides an evaluated platform to
predict changes in BMD based on clinical markers of for-
mation and resorption. It has already been used to predict
changes in BMD after treatment with denosumab.™® The
new model components were developed by incorporating
knowledge of the Wnt/f-catenin signaling and its role in
bone formation by leveraging data from recent clinical stud-
ies.m 12 The updated model promotes understanding of
how OCY signals contribute to remodeling within the bone
and how sclerostin mAbs can be used to harness these
signals to maximize bone formation in patients with
osteoporosis.

MATERIALS AND METHODS

Data

A phase | study reporting time—concentration profiles of
romosozumab after a single dose' was used to build the
pharmacokinetic (PK) model. Total sclerostin concentrations
measured in two phase | studies over a range of single and
multiple doses of blosozumab'® were used to estimate
parameters in the pharmacodynamics (PD) model. C-terminal
telopeptide (CTx) and procollagen type 1 N propeptide
(P1NP) data from these three studies and two additional stud-
ies'""13 were used to build the sclerostin-related components
and BMD changes into the model. A sixth was used as a qual-
ification dataset.'

The bone formation marker, serum P1NP, as a marker of
bone formation, has replaced serum bone-specific-alkaline-
phosphatase (BSAP) in newer clinical trials. Since the exist-
ing model only described changes in BSAP, a regression
model was developed to calculate P1INP as a function of
BSAP. Data collected from 21 different studies (Supporting
Information refs. 4-22) identified by a PubMed search con-
ducted on or around March 6, 2014, using keywords
“osteoporosis” or “postmenopausal,” and “alkaline phos-
phatase,” or “ALP,” “amino-terminal propeptide,” or “P1NP”
and “clinical trials,” and “humans.” Graphical presented
data from these publications were digitized using Graph-
Click (v. 3.0 Arizona Software).

PK/PD model

A PK model was used to describe nonlinear kinetics of
sclerostin mAbs and this was linked to a PD model describ-
ing changes in levels of circulating sclerostin. Typical values
for PK parameters were estimated using a maximum likeli-
hood (MLE) approach, based on the reported treatment
arm-level data. Unexplained residual variation was
described with a proportional residual variance model, with
residual random effect assumed to be normally distributed
with mean zero and variance, ¢.2 Four subcutaneous dose
levels of 1, 3, 5, and 10 mg/kg and two intravenous (i.v.)
dose levels of 1 mg/kg and 5 mg/kg were used to fit a two-
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compartment model with first-order absorption and parallel
linear and nonlinear clearance pathways. An indirect
response PD model was used to describe changes in total
circulating sclerostin. The PK/PD parameters were esti-
mated using nonlinear-mixed effects models (NONMEM
software, v. 7.2, ICON Development Solutions, Hanover,
MD).

Translational relationship between formation markers
Regression models were used to explore the relationship
between time-matched BSAP and P1NP, both normalized
to baseline. Model development considered linear and non-
linear relationships between P1NP and BSAP. Inter-arm
variance for BSAP was weighted by the inverse of the sam-
ple size for each arm'®:

BSAPy,=BSAP; % /"), (1)

where ¢ represents the random effect and n=the number
of subjects contributing to the data point for the th arm.

A random effect was applied to the slope term in linear
and nonlinear models to account for longitudinal differences
between arms. Model selection was based on successful
model minimization and the Akaike Information Criteria
(AIC).'®

Multiscale model expansion to include osteocyte
function and sclerostin modulation

Code to represent the multiscale bone model has been
developed in R."” Simulations were performed using the
DLSODA differential equation solver provided through
ODEPACK within C++ interfaced to R (“Rcpp” package'®).
Parameters were coarsely estimated by tuning individual
parameters involved in indirect changes in OB and OC over
physiological ranges, solvable by the ODEsolver. Model
performance was evaluated by visual inspection, compared
to the clinical data. After model structure and initial parame-
ter estimates were in place, the parameters were optimized,
individually or in groups, using the R package “minga.”’®
This is a derivative-free optimization algorithm by quadratic
approximation, used to minimize an ordinary least-squares
objective function. BMD-related parameters were tuned and
optimized last. The order in which parameters were opti-
mized and the data used to optimize each parameter is
summarized in Table 3.

Qualification of expanded multiscale model

To evaluate model structure, simulated data were plotted
against the model-building dataset."''~'3 After the final
model structure was in place and the univariate parameter
optimization step was performed, a local sensitivity analysis
was conducted on all of the 23 estimated sclerostin-related
parameters (Tables 2, 3; Supplementary Figure 1). This
analysis determined the influence of each parameter esti-
mate on clinical endpoints, since simultaneous optimization
in this context was not possible. Monte Carlo simulations
over a range of parameter estimates spanning +0.8 * the
value of the final parameter estimate were plotted against
time-matched changes in P1NP and CTX from a new clini-
cal study,'* which had not been used for the initial parame-
ter estimation. This same analysis was also performed for
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Figure 1 (a) The PK model describes circulating sclerostin mAb concentrations that drive changes in circulating total sclerostin protein
(SCLER) in the PD model. C represents drug concentration; At is the peripheral compartment; sc = subcutaneous; iv = intravenous;
Ve, Vp, CL, Kin, Kout, Vmax, Km are model parameters defined in Table 1. (b) Parameter estimates for the PK model were generated
by fitting the model to romosozumab data, and parameter estimates for the PD model were generated by fitting the model to blosozu-

mab data.

each of the lumbar spine (LS) and total hip (TH) BMD
parameters (femoral neck (FN) BMD was not reported in
the new study).

Simulations were performed to verify that changes made
in the model did not negatively impact the denosumab ther-
apy simulations from previous works.'® The simulated
denosumab dataset contained nine treatment arms with
doses taken from several clinical trials of denosumab: pla-
cebo, 6, 60, 140, 100, and 210 mg at dosing intervals of 3
and 6 months.2°2* Simulated P1NP and CTx concentra-
tions for each of these arms were overlaid with time-
matched observations and validated by visual inspection
(Supplementary Figure 2). Dose-matched simulations
were performed to explore the impact of dosing interval on
clinical outcomes. The final model was evaluated according
to the criteria outlined by Agoram?®® for large systems phar-
macology models.

RESULTS

PK/PD model

The PK of rosozumab and blosozumab were used to drive
the PD response in sclerostin (Figure 1). Identifiability of
PK and PD parameter estimates for each drug was dictated
by data availability. Currently, public-source data included
only PK data for romosozumab, but not blosozumab, and
only sclerostin data for blosozumab, but not romosozumab.

Therefore, the PK parameters were estimated from the
antibody concentration—time profiles of romosozumab' and
the PD parameters were estimated from blosozumab'2
(Table 1).

For the PD estimates, the PK parameters, including the
Vmax parameter describing binding kinetics, were assumed
to be the same for both mAbs and the PD parameters were
subsequently estimated. In this sequence, the K,

Table 1 Estimated PK/PD parameters for antibodies against sclerostin

Parameter

Value (95% ClI)

Absorption rate constant k,

Linear clearance, CL

Maximum elimination rate constant, Vax
Michaelis-Menten constant, Kk,

Volume of the central compartment, Vc
Volume of peripheral compartment, Vp
Intercompartmental clearance, Q
Bioavailability, F

Synthesis rate constant, ki,
Degradation rate constant, Koyt
Internalization rate constant, ko

0.187 (0.142, 0.233) day '
0.254 (0.228, 0.281) L/day
5.87 (2.49, 9.26) L/day "

0.423 (0—1.64) nM for
blosozumab and 9.93
(0.777-1.03) nM for
romosozumab

2.9 (2.31,348) L

3.29 (2.43, 4.16) L

0.467 (0.326, 0.609) L/day
0.904 unitless

3.68 (0—15.3) nM/day

26.0 (0-95.9) day '

0.195 (0.0349-0.356) day "

Cls were calculated as the estimate + 1.96* asymptotic standard error of the
estimate; symmetric Cls were truncated at O for rate constants kq, kin, and koyt.
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Table 2 Six candidate models describing the relationship between time-
matched BSAP and P1NP

Model Random

Model equation effects AlC

Linear y=Ax+b On A 5,035.57
Exponential y=Ae*+b On A 4,904.99
Emax y= %’:’fﬁ; On ECso 5,036.15
Sigmoid Emax y=Epaxex On ECso 4,707.93
Sigmoid Eax + Intercept y= Eg;";’x‘ +int On ECso 4,710.38
Quadratic y=Ax?+Cx On A 4,721.53

Data from 21 clinical trials were evaluated. Random effects were added on
the “slope” parameters in each model to account for variability between
arms.

parameter in the nonlinear clearance component of the
PK model was estimated based on romosozumab concen-
tration and was estimated separately for blosozumab
using the sclerostin response. Therefore, all the PK
parameters derived for romosozumab were fixed and used
to simulate mAb concentration in the PD model, with the
exception of k., which was reestimated for blosozumab.
The rationale for this is discussed further in the Support-
ing Information.

Translational relationship between formation markers
Various linear and nonlinear relationships were explored to
describe the BSAP-P1NP translation (Table 2). The lowest
calculated AIC value resulted from the sigmoid E,,,x model
(AIC =4707.93), and this model structure was carried for-
ward. An intercept parameter of int=20.4181 was also
added to this model within the multiscale bone model, so
that at the initial conditions, percentage of baseline
BSAP = P1NP = 100%.

The estimated parameters for this model were E,.x=
2,050, 95% CI: (295, 3,800), y = 1.8, 95% CI: (1.52, 2.08),
and ECgo =467, 95% Cl: (128,805). Qa=2.27, 95% CI:
(0.376-4.16), %CV =38.2, ¢=0.515, 95% CI: (0.0756—
0.955), %CV = 18.0, for n= 50 subjects.

Developing model structure to describe changes in
turnover markers and BMD

Based on supporting literature, six points of intersection
were identified within the multiscale bone model where
changes in sclerostin have a known effect. These are
(i) the depletion rate of pre-osteoblasts (ROB); (ii) the for-
mation rate of OB; (iii) the rate of OCY apoptosis; (iv) the
level of OCY effect applied to RANKL; (v) the accumulation
of OPG; and (vi) the differential effects of sclerostin on
regional changes in BMD. See Figure 2 to see schemati-
cally how these pieces fit into the model structure. Because
identifiability of new model parameters is problematic if all
are estimated simultaneously, P1NP-associated parameters
were estimated first, followed by those parameters affecting
CTx. This follows our understanding of the mechanism of
Wnt pathway upregulation; f-catenin accumulates and
causes changes in transcription factors regulating differen-
tiation of pre-OB to OB. This effect is upstream, or takes
place ahead, of modification of bone resorption through this

CPT: Pharmacometrics & Systems Pharmacology

pathway, which is largely controlled by signaling through
RANK/RANKL/OPG in OB?® and OCY.?”

To apply a sclerostin signal to the OB, two methods were
tried. First, a “precursor pool” compartment was applied
upstream of the ROB. This physiologically represents cells
earlier in the OB lineage being recruited for differentiation
which cause an increase in formation activity, as the flux of
substrate moving through the OB differentiation pathway
increases.?® The precursor-pool approach resulted in
a very rapid depletion of the ROB pool and a peak P1NP
concentration—time profile that was right-shifted relative to
the true response. An alternative way to signal the flux of
substrate through the OB pathway was to use a direct
approach whereby a sclerostin effect was applied to the
depletion rate of ROB and a separate effect was applied
directly to the OB accumulation rate. Together, these
increased OB activity, but caused an attenuation of OB activ-
ity over time as the ROB became depleted, which is consist-
ent with the pattern of anabolic turnover markers seen after
multiple doses of sclerostin mAb.'? A “translation” compart-
ment was also added in the direct approach to delay the
effect of sclerostin on the increase in OB activity only slightly,
relative to the delay that was elicited by the precursor-pool
approach. Together, these additions represent the first two
points of interaction in the modified model.

OCY are the major source of sclerostin,2 and the cell
type responsible for sclerostin modulation in response to
mechanical stimulation.?® Studies have also shown that
OCY are a major contributor to RANKL trafficking and regu-
lation of osteoblast- and osteoclast-ogenesis at the level of
the RANK/RANKL/OPG axis.*®* Membrane-bound RANKL
is provided by dendritic processes on the osteocyte to sig-
nal to osteoclast precursors and upregulate osteoclastogen-
esis. Conversely, upregulating the Wnt pathway can
suppress osteoclast-mediated bone resorption through
reduced expression of RANKL.283! For the third and fourth
points of intersection, a sclerostin effect was applied to the
depletion rate (or rate of apoptosis) of OCY and an osteo-
cyte effect was applied to the RANKL production rate. The
combined result is that when sclerostin mAb is dosed, OCY
activity is purportedly decreased, concurrent with dimin-
ished SOST expression®® and RANKL production falls as
well, gradually inhibiting osteoclastogenesis.

For the fifth point of intersection, a direct sclerostin effect,
was applied to the production rate of OPG to simulate the
effect of Wnt-pathway regulation of OPG secretion. In the
literature, this level of regulation was demonstrated by
knocking out osteocytic f-catenin in mice. These mice
became osteoporotic due to increased numbers of OC and
increased bone resorption?” and had diminished expression
of osteocytic OPG, demonstrating that signaling through f-
catenin in the osteocytes is required for regulation of
resorption activity. Modeling a direct sclerostin signal on
OPG production rate had the desired effect of rapidly
decreasing the simulated CTx levels, immediately following
a dose of sclerostin mAb.

To model sclerostin antibody effects on FN, TH, and LS
BMD, the same model structure as was used to describe
denosumab effects on BMD'® was adapted, by reestimating
the power term reflecting the impact of OB activity on BMD.
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Teri = teriparatide, SCLER = sclerostin, WNT = Wnt gene, OPG = osteoprogerin, RANK/L = Receptor activator of nuclear factor k B / -
ligand, PTH = parathyroid hormone, CREB = cAMP response element binding protein, BCL = B-cell lymphoma 2, RUNX2 = Runt-related
transcription factor 2, TGF-B = transforming growth factor beta (active and latent forms), ROB = responding osteoblasts, Denos =
denosumab, OB = osteoblasts, PINP = procollagen type 1 amino-terminal propeptide, OCY = osteocytes, SCLER mAb = monoclonal
antibody against sclerostin, OC = osteoclasts, CTX = cross-linked C-telopeptide, FN, LS, TH BMD =femoral neck, lumbar spine, and total
hip bone mineral density

AN

Figure 2 Schematic of the bone-remodeling systems model. Intersection points of sclerostin signaling effects within the model are
identified with numbers corresponding to description in the text. New model compartments are indicated with white text and shading
and corresponding equation numbers.

www.wileyonlinelibrary/psp4



Extension of a Multiscale Systems Model
Eudy et al.

The predictions resulting from this model yielded a peak
increase in BMD that occurred earlier than it did in clinical
reports. In order to correct for this, a delay compartment
was used to adjust the rate of anabolic bone formation
under the premise that it takes more time for OB to become
embedded in the bone matrix, calcify, and contribute to an
increase in overall BMD than it does for catabolic (OC-
driven) impact on BMD.

Model equations and parameter estimates describing
turnover markers and BMD

For all of the intersection points added to the model, the scle-
rostin effect was applied as a power model in the form of:

SCLEREFF = ——— 2
(SCLEHBASELINE @

SCLER )

where y = a parameter modulating the sclerostin effect.
In general, the steady state assumption used in the origi-

nal publication® was used and compartmental equations

were solved at initial conditions to minimize identifiability

problems for estimated rate constants. The OB effect took

the form:

d trans _ Kinrs ( 1+ EMAXSCLER x SCLEREFFSCLEROB )
EC50SCLERYSCLEROE 4 SCL EREFFSCLEROB
— koutr
@)
kinr = koutr (4)
OB=(OBfast * trans+ OBslow) (5)

OBfast and OBslow represent the two pathways of active
OB elimination described in the original model publication.®
The osteocyte compartment was represented as:

% =0B x* FI’aCocy - kOUfocy * OCY (6)

where Fracocy represents the rate of conversion of OB to
OCY and

koutocy = OBO  Fracocy + SCLEREFFO%Y )

The osteocyte effect took the same form as the sclerostin
effect:

8)

B
OSTEOCYEFFECT:( ocY )

OCY aseLine

where ¢ = a parameter modulating the osteocyte effect.

The final BMD model for sclerostin has separate com-
partments for TH, FN, and LS BMD, where the koutpgay
and yog Were estimated separately for each region and
each region’s set of compartmental equations took the
form:

kin=kout * BMDyaseiine ©)
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kinpeLay = koutpe ay (10)
DELAY B os
di =KinpgLay * o —Kkoutpg ay * DELAY (1 1 )
dx OBpgaseLiNe

d BMD _ oc e

~ g —kin+ DELAY— skoutx BMD  (12)

OCpaseLiNe

Because simultaneous parameter optimization was not
possible, considerations with regards to the parameters
describing the turnover markers and BMD included the
order in which they were implemented and optimized, and
the data used to fit each parameter (Table 3).

Qualification

In the model qualification step, simulated PINP and CTX
were consistent with changes in the turnover markers from
three clinical trials with romosozumab and two clinical trials
with blosozumab (Supplementary Figure 3). TH, FN, and
LS BMD profiles from these same studies were also well
described by the model (Supplementary Figure 4). A qual-
ification dataset from a phase Il clinical trial with blosozu-
mab in postmenopausal women was simulated using the
final model and changes in turnover markers and LS and
TH BMD were plotted (Figure 3). The predicted mean
change from baseline for the 180 mg dosed Q2W arm at 4
and 52 weeks were 229% (observed median; 95% CI: 231;
199-262%); for P1NP and 73.5% (83.9; 73.7; 94.2); for
CTX and 152% (90.2; 81.4-99.0%); for PINP, and 79.2
(84.6; 69.7-99.6%); for CTX, respectively. The predicted
mean change from baseline at 52 weeks (180 mg dosed
Q2W) for LS BMD was 16.5% (observed; 95% CI: 14.9;
12.6-17.1%) and 6.8% (4.5; 3.2-5.8%) for TH BMD.
Despite the small dataset, for most data points the model
predicted the change in the clinical endpoint that fell within
the 95% CI reported in the literature.

In order to demonstrate how the model can be used to
investigate the role of dosing protocol on clinical outcomes,
dose-matched administrations of sclerostin mAb were simu-
lated at several dosing intervals (Figure 4). Simulations of
larger dosing intervals promote greater increases in P1NP
(Figure 4a), due to precursors also achieving higher levels
(Figure 4b). Maximum simulated resorption activity, how-
ever, is also increased with a larger dosing interval
(Figure 4c), resulting in lower increases in total hip BMD
when compared to smaller dosing intervals (Figure 4d).

DISCUSSION

Despite having a limited availability of clinical data, the
updated model was able to capture the central tendency of
the changes in turnover markers and BMD after single and
multiple doses of sclerostin mAb, over a large dose range.
The model, however, greatly underpredicted the peak per-
centage change of PINP in the highest dosing groups with
blosozumab (Supplementary Figure 1, arms 16 and 23).
This was a consequence of the blosozumab data showing
that a single 750 mg dose did not greatly increase sclerostin
change from baseline over a single dose of 225 mg. The
270 mg dose elicited much greater changes than the
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Table 3 Parameters describing changes in turnover makers and BMD associated with sclerostin mAbs

Data used to

Order Parameter Definition Value (units) estimate

1 yROB Exponent on sclerostin effect on differentiation rate of OB 0.07083 (unitless) P1NP

2 EMAXSCLER Max sclerostin effect on OB 5.22 (hours) P1NP

2 ySCLEROB Hill coefficient for sclerostin effect on OB 1.15 (unitless) P1NP

2 EC50SCLER Half-max effect of sclerostin on OB 667 (hr ") P1NP

3 kout_T Depletion rate on translation compartment 0.00692 (hr™") P1NP
Fixed* FracOCY Fraction of OB becoming OCY 0.50 (unitless) -

Fixed* p Exponent on osteoblast effect on RANKL 0.0100 (unitless) -

4 J Exponent on osteocyte effect on RANKL; scales PTH effect on RANKL 0.0592 (unitless) P1NP, CTx

4 yOCY Exponent on sclerostin effect on OCY apoptosis rate 0.405 (unitless) P1NP, CTx

5 yOPG Exponent on sclerostin effect on OPG 1.61 (unitless) CTx

Fixed* kout_BMDdel Delay parameter on anabolic effects on BMD 0.001 (unitless) Lumbar spine BMD
6 yOB s Exponent on anabolic contribution to overall lumbar spine BMD 0.711 (unitless) Lumbar spine BMD
6 OB En Exponent on anabolic contribution to overall femoral neck BMD 0.0934 (unitless) Femoral neck BMD
6 yOB 14 Exponent on anabolic contribution to overall total hip BMD 0.686 (unitless) Total hip BMD

*These parameters were shown to be relatively insensitive within the tested range so these values were fixed prior to optimization.

750 mg dose with the same dosing interval (see ref. 12,
fig 4). Because the model relies on the change in sclerostin
as the signal for increase in P1NP, this apparent discrepancy
can be seen in the model predictions at the 750 mg dose
level, and to some degree in the 540 mg dosing arms.

There are many regulating elements of cellular feedback
that are not explicitly defined in the model. This may
explain why the model failed to recapitulate some of the
dynamics of the CTX-time profile, which was also highly
variable between arms. Recent data has shown that OCY
and OB can also control bone remodeling directly through
bone morphogenetic protein (BMP), which can affect
endogenous sclerostin, independent of Wnt signaling,®® but
sclerostin is also a potent antagonist of some BMPs.*® This
feedback mechanism needs to be fully elucidated by experi-
mental data before implementation into the model. OCY
undergoing apoptosis also secrete interleukin (IL)—1 and
IL-6, which promote osteoclastogenesis®* and provide
another layer of feedback control that is not yet represented
in the model. OB are also a source of IL-6, as well as
macrophage-colony-stimulating factor (M-CSF), which also
contributes to osteoclastogenesis.>* Supporting data are
needed to fully characterize effects of sclerostin mAb on
changes in CTx, as even the PBO arms show relatively
large fluctuations in CTx over several months.''"+12

It was hypothesized that diminishing the pre-OB pool with
sclerostin inhibition contributes to attenuation in bone-
formation activity after multiple doses. A consequence of
this from a treatment perspective is that if a sclerostin mAb is
dosed with a small dosing interval, and the mesenchymal-
derived pre-OB do not have sulfficient time to be replenished,
the anabolic effect of the mAb will be diminished with
repeated doses. Indeed, simulations of sclerostin mAb
administration at equivalent dose levels, but at different dos-
ing intervals, demonstrate that higher P1NP levels can be
achieved by dosing in longer intervals (Figure 4a), because
levels of pre-osteoblasts have time to recover between doses
(Figure 4b). However, achieving the greatest magnitude of
anabolic activity does not necessarily translate into larger

gains in BMD, due to feedback signaling to OC. Simulations
also show that at longer dosing intervals peak levels of
resorption activity are also higher than at smaller dosing
intervals, blunting the net gain in total BMD that can be
achieved within the dosing interval (Figure 4c,d). This find-
ing suggests that osteocyte-controlled feedback involved in
sclerostin modulation has a considerable impact on turnover
markers and that dosing protocol of sclerostin mAbs impacts
these markers as well as changes in BMD. This model there-
fore offers a potential platform for simulating different regi-
mens in order to explore the effect of dose strength, interval,
and/or combination with other treatment combinations. The
multiscale functionality enables consideration of feedback
effects, for example, and how these mechanisms relate to
BMD changes over a prolonged treatment period.

The model underpredicts BMD changes at the lumbar
spine and total hip after multiple doses in the low dosing
arm (Supplementary Figure 2A,B, arms 32, 33). This is
likely due to the simulated peak P1NP responses, which
reflect OB activity, at these later timepoints falling below
baseline values (see Supplementary Figure 1A). Although
it is difficult to assess what the true peak P1NP values are
under this dosing regimen, it appears that P1INP response
is attenuated after multiple doses in this arm, for reasons
discussed previously. It is unclear what is responsible for
maintaining the increase in BMD seen in the clinic at these
later timepoints. It is possible that the decreased rates of
resorption play more of a role at these later timepoints and
account for a greater amount of the increase in BMD than
the model currently predicts.

Another interesting finding of this work is the interaction
of sclerostin modification with the RANK/RANKL/OPG axis
and resulting dynamic changes in resorption/OC activity.
The model suggests the immediate and significant
decrease in CTx results from osteocytic Wnt signaling,
which is known to increase OPG directly.>® This effect is
coupled with a more gradual decline in CTx due to a drop
in osteocytic contribution to RANKL. Finally, a mechanism
in the model was needed to delay the anabolic effects of
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Figure 3 Simulated P1NP (a), CTx (b), lumbar spine BMD (c), and total hip BMD (d) (blue line) overlaying data from a clinical trial
with blosozumab (red points). This qualification dataset was not used in constructing the model (n=29, 31, 30, 30 for arms PBO,

180 mg Q2W, 180 mg Q4W, and 270 mg Q2W, respectively).

sclerostin inhibition on overall BMD. We conjecture that it
takes more time for OB to embed themselves in the matrix
and form new bone than it does for a decrease in resorp-
tion to produce an increase in BMD. This finding may help
efforts to characterize the effects of other anabolic thera-
pies like PTH and teriparatide on regional changes in BMD
within the modeling framework.

Although simultaneous parameter fitting and full parameter
identifiability could not be accomplished in this context, the
updated model fulfilled the Agoram?®® criteria: (i) Fit for pur-

CPT: Pharmacometrics & Systems Pharmacology

pose: only compartments and parameters that were neces-
sary to improve predictions of specific measurable clinical
endpoints were added to the model. (i) Justification of model
structure: every point of intersection for a sclerostin effect has
an experimental or clinical basis in the published literature. (iii)
Evaluation of component submodels: models were evaluated
by goodness-of-fit and individual parameter sensitivity analyses
were conducted. (iv) Qualification of the emergent properties of
the system: the final model was cross-validated with denosu-
mab therapy simulations to ensure the changes in turnover
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Figure 4 Simulations of dose-equivalent sclerostin mAb administered at different dosing intervals demonstrate that changing the dosing
interval may alter clinical outcomes. P1NP (a), osteoblast precursors (b), CTx (c), total hip BMD (d). Colored marks indicate the final

dose in each arm.

markers were consistent with what was reported in previous
work.' The model also predicts a significant increase in circu-
lating PTH, after sclerostin mAb administration, which is con-
sistent with clinical reports. '

CONCLUSION
A previously published multiscale model of bone function,

control, and health was extended to include OCY, sclerostin,
and effects of the upregulated Wnt signaling pathway elicited

by sclerostin mAb administration. The model was used to
simulate PINP, CTX, and BMD profiles that resembled those
in clinical studies with sclerostin mAb treatment. The utility of
the model to explore biological implications of Wnt pathway
modification and the role of the OCY in bone remodeling
was demonstrated. Model simulations point to differential
effects of osteocyte-driven feedback-driven increases in
resorption activity and suggest possible benefits of shorter
dosing intervals in future clinical trials with sclerostin mAbs.
The model also suggests osteoporosis patients may benefit
from combination therapy to mitigate these feedback effects.
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The extended model offers a broader in silico model-based
platform to explore therapeutic target modification towards
the goal of more efficiently addressing clinical development
considerations and improving long-term outcomes.
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