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2 1. INTRODUCTION

ABSTRACT

In this chapter we first state the goals of this work and we list the thesis
content. The rest of the chapter is then aimed at providing relevant biology
background, such as the concept of haematopoiesis, and its connection to
gene therapy clonal tracking studies. Finally we review the state of the art
methodologies for investigating haematopoietic reconstitution in terms of
cell differentiation, clonal dominance, and clonal diversity. We first briefly
discuss on their limitations, and then we introduce our proposed methods.

1.1. AIM

Mathematical models of haematopoiesis are increasingly in demand since
they can provide relevant insights on how blood cells develop, thus sup-
porting the design of novel clinical strategies. Clonal tracking is a recent
high-throughput technology that allows to quantitatively calibrate such
mathematical models. In gene therapy clonal tracking studies, cell differen-
tiation networks describe the cellular hierarchical relationships involved in
haematopoiesis, whereas clonality is aimed at quantifying the clonal popu-
lation complexity (clonal diversity) and to early detect therapy side effects,
such as events of clonal dominance. The work of this thesis is aimed at
providing stochastic frameworks to shed more light on those mechanisms
given the information provided by clonal tracking data. We investigate cell
differentiation using stochastic quasi-reaction networks, a framework that
allows to model stochastic biochemical reactions. Since clonal tracking
data suffers from missing cell types and false negative errors, we combined
stochastic quasi-reaction networks with extended Kalman filtering, lead-
ing to our Kalman Reaction Networks framework (Karen). We first test
our state space model in several simulation studies, showing an accurate
recovery of the true parameters and the generative differentiation struc-
ture. Then we use our proposed method to compare different biologically
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plausible models of cell differentiation in five in-vivo clonal tracking stud-
ies. Subsequently, we combine stochastic quasi-reaction networks with
random-effects (RestoreNet) to provide clone-specific expansion parame-
ters, thus allowing to detect possible events of clonal dominance. We have
shown in synthetic studies and in two in-vivo models that our framework
RestoreNet is able to detect events of clonal dominance, and thus it can pro-
vide statistical support in gene therapy safety studies. Finally, to objectively
assess clonal diversity, we have developed a shape-constrained regression
approach (SCS) that removes the effect of several technical artefacts from
the Shannon entropy index, thus providing an unbiased diversity measure.
Our SCS-rescaling method was first validated in a specifically designed
in-vitro assay, and then used to objectively evaluate the impact of vector
genotoxicity on the entropy decays of tumor prone mice.

1.2. THESIS OUTLINE

The thesis content is structured as follows:

* Chapter 1 provides relevant biology background, such as cell differ-
entiation and clonal complexity, their connection with gene therapy,
and how these can be computationally investigated by means of
next generation sequencing (NGS) clonal tracking. Subsequently,
(i) we report the state-of-the-art methodologies for investigating
haematopoiesis in clonal tracking studies, (ii) we discuss on their
limitations, and (iii) we briefly introduce our proposed methods.

e Chapter 2 focuses on our proposed Kalman reaction network frame-
work Karen and its application to infer cell differentiation networks
from clonal tracking data. Our framework is based on stochastic
reaction networks combined with extended Kalman filtering and
Rauch-Tung-Striebel smoothing. We calibrate the parameters of
our framework on typical clonal tracking data subject to measure-
ment noise, false-negative errors, and systematically unobserved
cell types. Given a clonal tracking dataset and a set of candidate
network structures, Karen infers the unknown dynamics parameters,
the generative differentiation structure, and the first two smoothing
moments. After introducing the method, we first validate it with
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several in-silico studies, then (i) we compare the dynamics of cell
differentiation in tumour-prone mice that were treated with two
different viral vector designs, (ii) we analyse cell differentiation in
an in-vivo study of Rhesus Macaques, and (iii) we infer cell differen-
tiation in gene-therapy treated patients from three distinct clinical
trials. In each in-vivo study we compared different plausible mod-
els of cell differentiation. Our tool can provide statistical support
in gene therapy clonal tracking studies to better understand clonal
reconstitution dynamics.

In Chapter 3 we introduce our proposed random-effects stochastic
framework RestoreNet to detect possible events of clonal dominance
in gene therapy safety studies. In particular, starting from an Ito-
type formulation of a stochastic reaction network, the dynamics
of cells duplication, death and differentiation at clonal level with-
out clonal dominance is described by a local linear approximation.
The parameters of this model are assumed to be shared across the
clones. In order to incorporate the possibility of clonal dominance,
we extend the base model by introducing random effects for the
clonal parameters. This extended formulation is estimated using a
tailor-made expectation maximization algorithm. We first validate
our framework with several in-silico studies, then (i) we analyse a
clonal tracking dataset from a rhesus macaque study, and (ii) we
compare the dynamics of clonal expansion in a genotoxicity mice
study. Our proposed framework can guide gene therapy surveillance
studies to detect possible adverse events of clonal dominance.

In Chapter 4 we propose a shape-constrained method to quantify
and remove the effect of technical artefacts from the Shannon en-
tropy index, so as to get an unbiased measure of clonal diversity
in gene therapy longitudinal studies. In particular, we first show
that the Shannon diversity index, a well-established measure of
heterogeneity of the clonal population, is affected by several techni-
cal confounders such as the DNA amount of the collected samples
and the sequencing depth of the NGS library. In particular, with
an exploratory analysis, we first provide evidence that a direct com-
parison across clonal tracking samples, collected under different
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technical conditions, may provide misleading conclusions. Subse-
quently, (i) we define our shape-constrained rescaling method SCS,
(ii) we validate it on a tailor-made in-vitro study, and (iii) we apply it
to an in-vivo mice study to objectively evaluate the impact of vector
genotoxicity on the entropy decays. Our method does not only al-
low to compare the complexity of different clonal populations, but
does also provide insights on the artefacts mainly affecting diversity
measurements.

1.3. CLONAL TRACKING OF HAEMATOPOIESIS

Haematopoiesis (from Greek aiua, 'blood’ and moiciv 'to make’) is the
process by which blood cells are produced by haematopoietic stem cells
(HSCs) [1]. HSCs reside in the bone marrow niche and have the unique
ability to give rise to all of the different mature blood cell types and tissues.
HSCs are self-renewing cells, meaning that as soon as they differentiate,
they can still produce HSCs, so as to ensure that the pool of stem cells is not
exhausted. In a asymmetric HSC cell division a single HSC first duplicates
into two HSCs, and then one of the two differentiate into a more spe-
cialised cell, such as a myeloid or lymphoid progenitor cell [2]. Otherwise,
if both HSC copies keep the HSC status, this leads to a symmetric cell divi-
sion [3]. The other daughter (non-HSC) cells can continue to follow their
differentiation path towards more specific blood cell types, but cannot
renew themselves, except for the multipotent intermediate progenitors
that can be considered as only-transiently (short-term) self-renewing [4].
As a stem cell maturates, several changes in gene expression occurs that
move the cell closer to the final cell type, and further limits its potential to
differentiate. The dynamics of haematopoiesis may differ under normal
(healthy) and malignant circumstances [5], and therefore understanding
this process is important for therapeutic applications [6]. This is the case
of gene therapy, a medical treatment aimed at curing a genetic disease at
its source by delivering a functioning copy of the missing/corrupted gene
which is causing the disease [7].

Several high-throughput technologies based on next generation se-
quencing (NGS) and single-cell systems, allow to investigate haematopoiesis
both in in-vitro preclinical studies and in-vivo gene therapy studies [8].
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NGS is a recent approach for DNA and RNA sequencing, which consists of
a complex interplay of chemistry, hardware, optical sensors and software
[9-12]. One of the most used NGS-based approaches in gene therapy is
clonal tracking which consists in labelling the haematopoietic stem cells
by the random insertion in its genome of several copies of a genetically-
modified virus (viral vector). More precisely the labels, called the clones,
are the genomic coordinates where the viral vector integrates on the HSC
genome. As the stem cells grow and differentiate, all the offspring cells
inherit the clones from their ancestor. During follow-up, the labels are col-
lected from tissues and blood samples using bioinformatics pipelines. As
aresult, clonal tracking allows to calibrate mathematical models of clonal
dynamics and hierarchical relationships of haematopoiesis. In particular,
mathematical models of cell differentiation, clonal dominance and clonal
complexity (divertisty) can provide useful insights for safety and efficacy
of gene therapy strategies.

1.4. CURRENT STRATEGIES AND OUR PROPOSAL

1.4.1. CELL DIFFERENTIATION

Cell differentiation describes the cellular hierarchical relationships un-
derlying haematopoiesis. Clarifying how HSCs differentiate into mature
cell types is important for understanding how they attain specific func-
tions and offers the potential for therapeutic manipulation [13]. All the
models of cell differentiation that have been postulated can be divided
into two major categories, such as deterministic and stochastic models [6].
While deterministic models assume that all the possible scenarios of cell
differentiation are mainly characterized by deterministic (non-random)
environmental stimulating factors, stochastic models assume that un-
differentiated blood cells differentiate to specific cell types due to the
randomness of the stimulating factors. Recent studies support the stochas-
tic theory of cell differentiation by showing that the variability of certain
factors characterizes the cellular population into several groups exhibiting
different dynamics of differentiation [14]. There is also some evidence that
stochasticity plays an important role in regulating apoptosis (cell death)
and self-renewal, and that the process residing in the bone marrow aimed
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at balancing cell production has a stochastic nature [15]. Despite the
multiple studies in this regard, it has only been agreed that intermediate
progenitor cells lose the ability to proliferate, and each progenitor type
can produce one or several types of mature blood cells before exhausting
its own lifespan. Besides, it has not been reached a consensus about how
many types of progenitors exist in this intermediate stage and how they
differentiate [16]. Therefore mathematical modelling and inference of cell
differentiation from clonal tracking data can play a key role in shedding
more light on those mechanisms.

Several mathematical models have been proposed to describe cell dif-
ferentiation in-vivo. For example, Pellin et al. [17] proposed a continuous-
time Markov model able to describe the process of cell differentiation
from clonal tracking data. The inferential procedure provides parameter
estimates and structure selection of the differentiation network. More
recently Xu et al. [16] proposed a novel quantitative framework based on a
continuous-time, multi-type branching process aimed at describing the
mechanistic models of cell division and differentiation. In addition to the
dynamic parameters, the framework allows to compare structurally dis-
tinct models of hematopoiesis using cross validation. The model takes also
into account that data is partially observed, that is some of the cell types
are not collected. Many other mathematical models aimed at describing
cell differentiation have been proposed in research literature [18-23]. Still,
none of the already existent tools takes into account that clonal track-
ing data contains many missing values due to either threshold detection
failure or to false negative errors [24]. In this work we present a novel
stochastic framework to investigate cell differentiation while prudentially
treating all the missing values as latent states [25]. Our proposed frame-
work Karen is a continuous-discrete state space model having a stochastic
reaction network as dynamic model combined with a linear Gaussian
measurement model that links the noisy observations to the underlying
stochastic states. Parameters inference consists in three steps, such as
Kalman filtering, Rauch-Tung-Striebel smoothing, and a non-linear con-
strained optimization problem that are iterated until convergence on the
unknown parameters. A graphical representation of our proposed method
is reported in Figure 2.1.
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1.4.2. CLONAL DOMINANCE

Gene therapy treatments commonly use several multiple copies of a modi-
fied viral vector containing a functioning copy of the gene which is needed
to cure the disease (high gene transfer rate) [26, 27]. But genetic modifi-
cation of large numbers of cells is associated with the higher probability
of unintentional vector insertions near proto oncogenes that may lead
to insertional mutagenesis [28-30]. Insertional mutagenesis causes a sig-
nificant change in clone fitness that can lead to the clones’ abnormal
expansion and to an unbalanced contribution of different clones to blood
cells production. Thus, identifying such clones can guide the design of
safer and more effective viral vector designs for gene therapies.

To the best of our knowledge, none of the existing mathematical mod-
els of clonal dynamics can identify clones that exhibit deviant behaviours
during haematopoietic reconstitution. For example in the continuous-
time Markov model proposed by Pellin et al. [17] all the dynamic param-
eters are shared across the clones, so that the model does not allow to
identify specific clonal patterns of duplication and differentiation. Also,
in the multi-type branching process of Xu et al. [16] the kinetics of cell
division and differentiation are assumed to be the same for each clone,
therefore not even this model is able to describe clone-specific growing
dynamics. Here we propose a stochastic framework aimed at detecting
possible events of clonal dominance based on clone-specific birth, death
and differentiation dynamics [31]. Our proposed model combines Ito-type
stochastic reaction networks with clone-specific random-effects for the
dynamic parameters. In this formulation all the unknown parameters are
estimated with a tailor-made expectation maximization algorithm. Our
random-effects stochastic reaction networks technique (RestoreNet) pro-
vides a quantification of clonal dominance in terms of random expansion
rates on a network of cell lineages. Furthermore, our proposed method
can also be used to infer clone-specific dynamics of cell differentiation.
Figure 3.2.1 shows a graphical representation of our proposed framework.

1.4.3. CLONAL DIVERSITY

Clonal population complexity (clonality or clonal diversity) provides in-
sights on the safety and efficacy of a gene therapy treatment. A high level of
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clonality, called polyclonality, is characterized by a high number of distinct
clones whose abundances are evenly distributed. Whereas a low level of
clonality is characterized by either few distinct clones or by a degener-
ate distribution of their abundances to few clones, which we refer to as
oligoclonality. Usually, a polyclonal population is associated with a normal
(healthy) haematopoiesis, whereas an oligoclonal distribution suggests the
occurrence of a malignant event, such as a disease progression. Therefore
quantifying and monitoring clonality after a gene therapy treatment is
important in safety studies to prevent or moderate potential side effects
[32-34].

The Shannon entropy index is one of the most used measure of clonal
diversity in medical applications [35, 36]. However, this index does not
take into account the measurement noise due to technical variations and
artefacts, such as the amount of the sequenced DNA, the sequencing depth
and many other tuning parameters of the NGS platforms. Several rescaling
methods haven been proposed in research literature to remove the con-
founding effects, such as the rarefaction method [37] and its scaled version
[38]. The application of such methods revealed that rarefied microbiome
count data may be strongly biased [39-41]. Besides, none of the already
existent methods can quantify the effect of each confounder on clonal
diversity. In this work we propose a method based on the combination of
the Shannon entropy index [35, 36] with shape-constrained splines (SCS)
for objectively measure clonal complexity while taking into account mea-
surement noise due to technical confounding factors [42]. Our proposed
SCS method first quantifies the effect of each confounder on the observed
Shannon entropies. The quantification is based on a B-spline basis whose
shape is restricted according to a biological-sustained hypothesis, such
as the positive correlation between the number of clones observed and
the DNA amount of the sample being collected. Subsequently, those con-
founding effects are removed from the observed entropies by means of
the estimated residuals. Effectively, our proposed SCS rescaling method
allows to distinguish between biological and artefacts related changes in
clonal complexity, thus providing an unbiased measure of clonal diversity.
A graphical representation of our proposed method is reported in Figure
1.3.




1. INTRODUCTION

10

clonal tracking data
e

o

cell types i
° i
5 Bl

LEGEND

observed
latent

-

KaRen

my_, ()
Py_1()

filtering

~

lvalv m () ‘

optimizing

()= v

- e | P

my(Y)
Py()

my ik (Y) mj k()
e
kik @) . P k@)

smoothing

S

J

CDN

‘U_.Gnm
‘ f/ \ OUvSmm::oG

o
O&/O/O

O committed cells

Figure 1.1 | Schematic representation of Karen: A clonal tracking dataset with partially-observed cells (left panel) is received as
input from our proposed stochastic framework Karen (middle panel). It mainly consists in three parts, such as a filtering step, an
optimization step, and a smoothing step which are iterated until convergence on the unknown vector parameter . Finally, a
cell differentiation network (CDN) is returned from Karen, where each arrow is directed and weighted according to the estimated

parameters (right panel).



11

1.4. CURRENT STRATEGIES AND OUR PROPOSAL

*(y311) sare1 uorsuedxa 112y 03 feuoniodoid pue oyroads adeaul] a1e sadI[s asoym a1d e Aq paynuapI SI UO[D YB3 3I9YM ‘pauInial
st 11eq091d [eUO(D ® ‘A[[eUI] "UONEB[NULIOJ S]109]Jo-PIXIUI 31} I3JuI 01 do)s UONBZIWIXRUWI-UONEID2dXa Uk PUR ‘[OPOW $109JJ-PxXT]
9 1a5ut 03 dals pooyI[aYI] WINWIXEW € Sk Uons ‘sired om] ur sisIsu0d Aurent ] “(S[ppIul) 19)\240159Y YIOMIUWEIJ I1)SBYI0IS
pasodoid mo woij Indur se paAIadal ST (3Ja]) 19seiep upoeI) [BUO Y :19NI01SaY JO uoneyuasaidal onewayds | g1 2amSLy

yo8eauy)
go8eau|
Z93edul| mm
To8edul| mm

Z3uopd

.\
\|
/

Tauop

T )

(uoneziwixew uonedadxa)
"IN V11 S19944° wopuel 3y

I_ (pooy1ay1] wnwixew)
O\ V11 @seq 1y

\_ w@ZO.—Ovmwﬂ\

1unod |92 aAlisod .
anN3Ioa

-— 5

[}

| sadA1 |22

25500

)

elep SuppeJy jeuo|d



1. INTRODUCTION

12

clonal tracking data \ SCS fitting j rescaled entropies
S,
o= :
cell types o = N T
I - @ 3 7
g * g SRR B R
= I £w o £ e
3 L ] L ] = o <
o °1 @ 200 a9
fie] o« z
o - ® £ 10 B> ® 8 5 0 209
NG 20 40 60 80 7000 e
LEGEND DNA (ng) DNA (ng)

. positive cell count / \

Figure 1.3 | Schematic representation of SCS: A clonal tracking dataset (left) is received as input from our proposed framework
SCS (middle). It mainly consists in two parts, such as a the computation of the Shannon entropy index (y-axis dots) and a
shape-constrained fitting step (green surface). Finally, the rescaled Shannon entropies are returned (right).




REFERENCES 13

REFERENCES

(1]

(2]

(3]

(4]

(3]

(6]

(7]

(8]

9]

(10]

(11]

(12]

I. Monga, K. Kaur, and S. K. Dhanda, Revisiting hematopoiesis: applications of
the bulk and single-cell transcriptomics dissecting transcriptional heterogeneity in
hematopoietic stem cells, Briefings in Functional Genomics 21, 159 (2022).

J.-P. Tassan and J. Z. Kubiak, Asymmetric Cell Division in Development, Differentia-
tion and Cancer (Springer, 2017).

S.J. Morrison and J. Kimble, Asymmetric and symmetric stem-cell divisions in devel-
opment and cancer, Nature 441, 1068 (2006).

J.E Zhong, Y. Zhao, S. Sutton, A. Su, Y. Zhan, L. Zhu, C. Yan, T. Gallaher, P. B. Johnston,
W. E Anderson, et al., Gene expression profile of murine long-term reconstituting
vs. short-term reconstituting hematopoietic stem cells, Proceedings of the National
Academy of Sciences 102, 2448 (2005).

D. Peixoto, D. Dingli, and J. M. Pacheco, Modelling hematopoiesis in health and
disease, Mathematical and Computer Modelling 53, 1546 (2011).

M. Kimmel, Stochasticity and determinism in models of hematopoiesis, A Systems
Biology Approach to Blood , 119 (2014).

T. Wirth, N. Parker, and S. Yla-Herttuala, History of gene therapy, Gene 525, 162
(2013).

J. D. Robin, A. T. Ludlow, R. LaRanger, W. E. Wright, and J. W. Shay, Comparison of
DNA quantification methods for next generation sequencing, Scientific Reports 6,
24067 (2016).

C. Ledergerber and C. Dessimoz, Base-calling for next-generation sequencing plat-
forms, Briefings in Bioinformatics 12, 489 (2011).

E Chang and M. M. Li, Clinical application of amplicon-based next-generation
sequencing in cancer, Cancer Genetics, Cancer Genetics 206, 413 (2013).

A. Kohlmann, V. Grossmann, and T. Haferlach, Integration of Next-Generation
Sequencing into clinical practice: Are we there yet? Seminars in Oncology 39, 26
(2012), molecular Pathogenesis of Hematologic Malignancies.

A. S. Gargis, L. Kalman, D. P. Bick, C. da Silva, D. P Dimmock, B. H. Funke,
S. Gowrisankar, M. R. Hegde, S. Kulkarni, C. E. Mason, R. Nagarajan, K. V. Voelk-
erding, E. A. Worthey, N. Aziz, J. Barnes, S. E Bennett, H. Bisht, D. M. Church,
Z. Dimitrova, S. R. Gargis, N. Hafez, T. Hambuch, E C. L. Hyland, R. A. Luna, D. Mac-
Cannell, T. Mann, M. R. McCluskey, T. K. McDaniel, L. M. Ganova-Raeva, H. L. Rehm,


http://dx.doi.org/10.1038/srep24067
http://dx.doi.org/10.1038/srep24067
http://dx.doi.org/ 10.1093/bib/bbq077
http://dx.doi.org/10.1016/j.cancergen.2013.10.003
http://dx.doi.org/https://doi.org/10.1053/j.seminoncol.2011.11.008
http://dx.doi.org/https://doi.org/10.1053/j.seminoncol.2011.11.008

14

REFERENCES

(21]

J. Reid, D. S. Campo, R. B. Resnick, P. G. Ridge, M. L. Salit, P. Skums, L.-J. C. Wong,
B. A. Zehnbauer, J. M. Zook, and I. M. Lubin, Good laboratory practice for clinical
next-generation sequencing informatics pipelines, Nature Biotechnology 33, 689
(2015).

H. Kawamoto, H. Wada, and Y. Katsura, A revised scheme for developmental path-
ways of hematopoietic cells: the myeloid-based model, International Immunology
22,65 (2010).

H. H. Chang, M. Hemberg, M. Barahona, D. E. Ingber, and S. Huang, Transcriptome-
wide noise controls lineage choice in mammalian progenitor cells, Nature 453, 544
(2008).

E Q. Alenzi, B. Q. Alenazi, S. Y. Ahmad, M. L. Salem, A. A. Al-Jabri, and R. K. Wyse,
The haemopoietic stem cell: between apoptosis and self renewal, The Yale Journal of
Biology and Medicine 82, 7 (2009).

J. Xu, S. Koelle, P. Guttorp, C. Wu, C. Dunbar, J. L. Abkowitz, and V. N. Minin,
Statistical inference for partially observed branching processes with application to
cell lineage tracking of in vivo hematopoiesis, The Annals of Applied Statistics 13,
2091 (2019).

D. Pellin, L. Biasco, A. Aiuti, M. C. Di Serio, and E. C. Wit, Penalized inference of
the hematopoietic cell differentiation network via high-dimensional clonal tracking,
Applied Network Science 4, 1 (2019).

C. Di Serio, S. Scala, and P Vicard, Bayesian networks for cell dif-
ferentiation process assessment, Stat 9, e287 (2020), e287 STAT-20-0009.R1,
https://onlinelibrary.wiley.com/doi/pdf/10.1002/sta4.287 .

M. A. Newton, P. Guttorp, S. Catlin, R. Assuncdo, and J. L. Abkowitz, Stochastic mod-
eling of early hematopoiesis, Journal of the American Statistical Association 90, 1146
(1995), https://www.tandfonline.com/doi/pdf/10.1080/01621459.1995.10476621 .

I. Roeder and M. Loeffler, A novel dynamic model of hematopoietic stem cell organi-
zation based on the concept of within-tissue plasticity, Experimental Hematology 30,
853 (2002).

I. Roeder, L. M. Kamminga, K. Braesel, B. Dontje, G. de Haan,
and M. Loeffler, Competitive clonal hematopoiesis in  mouse
chimeras explained by a stochastic model of stem cell organiza-
tion, Blood 105, 609 (2005), https://ashpublications.org/blood/article-
pdf/105/2/609/1706042/zh800205000609.pdf .


http://dx.doi.org/10.1038/nbt.3237
http://dx.doi.org/10.1038/nbt.3237
http://dx.doi.org/ https://doi.org/10.1002/sta4.287
http://arxiv.org/abs/https://onlinelibrary.wiley.com/doi/pdf/10.1002/sta4.287
http://dx.doi.org/10.1080/01621459.1995.10476621
http://dx.doi.org/10.1080/01621459.1995.10476621
http://arxiv.org/abs/https://www.tandfonline.com/doi/pdf/10.1080/01621459.1995.10476621
http://dx.doi.org/10.1182/blood-2004-01-0282
http://arxiv.org/abs/https://ashpublications.org/blood/article-pdf/105/2/609/1706042/zh800205000609.pdf
http://arxiv.org/abs/https://ashpublications.org/blood/article-pdf/105/2/609/1706042/zh800205000609.pdf

REFERENCES 15

(22]

(23]

(24]

(25]

(26]

(27]

(28]

(29]

(30]

[31]

[32]

D. Dingli and J. M. Pacheco, Modeling the architecture and dynamics
of hematopoiesis, WIREs Systems Biology and Medicine 2, 235 (2010),
https://wires.onlinelibrary.wiley.com/doi/pdf/10.1002/wsbm.56 .

S.N. Catlin, J. L. Abkowitz, and P. Guttorp, Statistical inference in a two-compartment
model for hematopoiesis, Biometrics 57, 546 (2001).

Y.-H. Kim, Y. Song, J.-K. Kim, T.-M. Kim, H. W. Sim, H.-L. Kim, H. Jang, Y.-W. Kim,
and K.-M. Hong, False-negative errors in next-generation sequencing contribute
substantially to inconsistency of mutation databases, PLOS One 14, 0222535 (2019).

L. Del Core, D. Pellin, M. A. Grzegorczyk, and E. C. Wit, Stochastic modelling of
cell differentiation networks from partially-observed clonal tracking data, bioRxiv
(2022).

0. S. Kustikova, A. Wahlers, K. Kiihlcke, B. Stidhle, A. R. Zander, C. Baum, and B. Fehse,
Dose finding with retroviral vectors: correlation of retroviral vector copy numbers in
single cells with gene transfer efficiency in a cell population, Blood 102, 3934 (2003).

B. Fehse, O. Kustikova, M. Bubenheim, and C. Baum, Pois (s) on-it’s a question of
dose. .., Gene Therapy 11, 879 (2004).

C. Baum, J. Diillmann, Z. Li, B. Fehse, ]. Meyer, D. A. Williams, and C. Von Kalle, Side
effects of retroviral gene transfer into hematopoietic stem cells, Blood, The Journal of
the American Society of Hematology 101, 2099 (2003).

U. Modlich, O. S. Kustikova, M. Schmidt, C. Rudolph, J. Meyer, Z. Li, K. Kamino,
N. Von Neuhoff, B. Schlegelberger, K. Kuehlcke, et al., Leukemias following retroviral
transfer of multidrug resistance 1 (mdrl) are driven by combinatorial insertional
mutagenesis, Blood 105, 4235 (2005).

C. Baum, O. Kustikova, U. Modlich, Z. Li, and B. Fehse, Mutagenesis and oncogenesis
by chromosomal insertion of gene transfer vectors, Human Gene Therapy 17, 253
(2006).

L. Del Core, M. A. Grzegorczyk, and E. C. Wit, Stochastic inference of clonal domi-
nance in gene therapy studies, bioRxiv (2022).

D. B. Kohn, C. Booth, E. M. Kang, S.-Y. Pai, K. L. Shaw, G. Santilli, M. Armant, K. E
Buckland, U. Choi, S. S. De Ravin, M. J. Dorsey, C. Y. Kuo, D. Leon-Rico, C. Rivat,
N. Izotova, K. Gilmour, K. Snell, J. X.-B. Dip, J. Darwish, E. C. Morris, D. Terrazas, L. D.
Wang, C. A. Bauser, T. Paprotka, D. B. Kuhns, J. Gregg, H. E. Raymond, J. K. Everett,
G. Honnet, L. Biasco, P. E. Newburger, E D. Bushman, M. Grez, H. B. Gaspar, D. A.
Williams, H. L. Malech, A. Galy, A. J. Thrasher, K. E Buckland, C. A. Bauser, H. B.
Gaspar, A. J. Thrasher, and the Net4CGD consortium, Lentiviral gene therapy for
X-linked chronic granulomatous disease, Nature Medicine 26, 200 (2020).



http://dx.doi.org/ https://doi.org/10.1002/wsbm.56
http://arxiv.org/abs/https://wires.onlinelibrary.wiley.com/doi/pdf/10.1002/wsbm.56

16

REFERENCES

(33]

C. E Magnani, G. Gaipa, E Lussana, D. Belotti, G. Gritti, S. Napolitano, G. Mat-
era, B. Cabiati, C. Buracchi, G. Borleri, et al., Sleeping Beauty—engineered CAR T
cells achieve antileukemic activity without severe toxicities, The Journal of Clinical
Investigation 130, 6021 (2020).

S. Marktel, S. Scaramuzza, M. P. Cicalese, E Giglio, S. Galimberti, M. R. Lidonnici,
V. Calbi, A. Assanelli, M. E. Bernardo, C. Rossi, et al., Intrabone hematopoietic stem
cell gene therapy for adult and pediatric patients affected by transfusion-dependent
[s-thalassemia, Nature Medicine 25, 234 (2019).

S. Fuhrman, M. J. Cunningham, X. Wen, G. Zweiger, J.J. Seilhamer, and R. Somogyi,
The application of shannon entropy in the identification of putative drug targets,
Biosystems 55, 5 (2000).

A. Monaco, N. Amoroso, L. Bellantuono, E. Lella, A. Lombardi, A. Monda, A. Tateo,
R. Bellotti, and S. Tangaro, Shannon entropy approach reveals relevant genes in
alzheimer’s disease, PLOS One 14, €0226190 (2019).

H. L. Sanders, Marine benthic diversity: A comparative study, The American Natural-
ist 102, 243 (1968), https://doi.org/10.1086/282541 .

K. P. Beule L, Improved normalization of species count data in ecology by scaling
with ranked subsampling (SRS): application to microbial communities. Peer] (2020),
10.7717/peerj.9593.

P J. McMurdie and S. Holmes, Waste not, want not: Why rarefying microbiome data
is inadmissible, PLOS Computational Biology 10, 1 (2014).

A. D. Willis, Rarefaction, alpha diversity, and statistics, Frontiers in Microbiology 10,
2407 (2019).

R. H. Whittaker, Evolution and measurement of species diversity, TAXON 21, 213
(1972), https://onlinelibrary.wiley.com/doi/pdf/10.2307/1218190 .

L. Del Core, D. Cesana, P. Gallina, Y. Secanechia, L. Rudilosso, E. Montini, E. C. Wit,
A. Calabria, and M. Grzegorczyk, Normalization of clonal diversity in gene therapy
studies using shape constrained splines, Scientific Reports 12, 1 (2022).


http://dx.doi.org/10.1086/282541
http://dx.doi.org/10.1086/282541
http://arxiv.org/abs/https://doi.org/10.1086/282541
http://dx.doi.org/10.7717/peerj.9593
http://dx.doi.org/10.7717/peerj.9593
http://dx.doi.org/ 10.1371/journal.pcbi.1003531
http://dx.doi.org/ 10.3389/fmicb.2019.02407
http://dx.doi.org/ 10.3389/fmicb.2019.02407
http://dx.doi.org/ https://doi.org/10.2307/1218190
http://dx.doi.org/ https://doi.org/10.2307/1218190
http://arxiv.org/abs/https://onlinelibrary.wiley.com/doi/pdf/10.2307/1218190

2

A STOCHASTIC STATE SPACE MODEL
OF CELL DIFFERENTIATION

Parts of this chapter have been published in “Stochastic inference of cell differentiation
networks in gene therapy clonal tracking studies” [1].
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ABSTRACT

Investigating cell differentiation under different disease settings offers the
potential for improving current gene therapy strategies. Clonal tracking is a
recent high throughput technology that allows to quantitatively track the
evolution and fate of stem cells at clonal level, thus supporting computa-
tional modelling of engraftment dynamics and hierarchical relationships
in vivo. However, many clonal tracking protocols relies on a subset of cell-
types for the characterisation of HSC output and the data generated are
subject to measurement errors and noise. This means that mathemati-
cal tools not accounting for these aspects may provide misleading conclu-
sions.We propose a stochastic framework for inferring dynamic models of
cell differentiation based on clonal tracking data collected in clinical and
preclinical gene therapy studies. Our framework is based on stochastic
reaction networks combined with extended Kalman filtering and Rauch-
Tung-Striebel smoothing. We tested and validated our framework in in-
silico studies, showing superiority over the state-of-the-art methods in terms
of parameters inference and robustness against measurement noise, false-
negative errors, and systematically unobserved cell types characterizing
clonal tracking data. The application of our method on five in-vivo gene
therapy studies revealed different dynamics of cell differentiation. Our
tool can provide statistical support to biologists and clinicians to better
understand clonal reconstitution dynamics. The stochastic framework is
implemented in the “R package Karen which is available for download
at https://cran.r-project.org/package=Karen. The code that supports the
findings of this study is openly available at https://github.com/delcore-
luca/CellDifferentiationNetworks.


https://cran.r-project.org/package=Karen
https://github.com/delcore-luca/CellDifferentiationNetworks
https://github.com/delcore-luca/CellDifferentiationNetworks
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2.1. INTRODUCTION

Hematopoiesis is the process responsible for maintaining the number
of circulating blood cells that are undergoing continuous turnover. This
process has a tree-like structure with hematopoietic stem cells (HSCs) at
the root node [2]. Each cell division gives rise to progeny cells that can
retain the properties of their parent cell (self-renewal) or differentiate,
thereby “moving down” the hematopoietic tree. As the progeny move fur-
ther away from the HSCs, their pluripotent ability is increasingly restricted.
Clarifying how HSCs differentiate is essential for understanding how they
attain specific functions and offers the potential for therapeutic manipu-
lation [3]. Several mathematical models have been proposed to describe
hematopoiesis in-vivo. One of the first stochastic models of hematopoiesis
was introduced in the early 1960s suggesting that it is the population as a
whole that is regulated rather than individual cells that behave stochasti-
cally, and control mechanisms act by varying the cell division and death
rates [4].

More recently, various studies analyzed data generated by advanced
lineage tracing protocols using novel statistical models [5-10]. Some of
these methods are able to take into account missing cell types, such as
those that are difficult to collect, e.g. in the bone marrow [11]. Still, to the
best of our knowledge, none of the already existing tools considers the bias
provided by false-negative clonal tracking errors. State of the art methods
usually assume that missing clone observations correspond to minimal
clones and set the corresponding counts to zero. But this hypothesis is too
restrictive because it does not take into account other technical sources
of false-negative errors, such as low-informative sample replicates and
threshold detection failure [12]. Besides, it has also been shown that false-
negative errors strongly depend on calling pipeline parameters, as well as
read coverage [13].

To overcome the limitations of the existent approaches, we propose
a novel stochastic framework aimed at investigating mechanistic models
of cell differentiation from clonal tracking data while cautiously treating
all the undetected values as latent states. More precisely, we model cell
differentiation using a continuous-discrete state-space formulation in-
cluding an Ito-type stochastic differential equation (SDE) describing the
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clonal dynamics coupled with a measurement model that links the noisy
corrupted measurements to the underlying process states. In Section 2.2,
a formal definition of our modelling approach is provided along with an
expectation-maximization algorithm based on extended Kalman filtering
(EKF) and Rauch-Tung-Striebel (RTS) smoothing to infer the unknown
parameters. In Section 2.3 we extensively test the method on several sim-
ulation studies including a direct comparison with the already existing
state-of-the-art approaches and we apply our framework to five in-vivo
high dimensional clonal tracking datasets, comparing different biologi-
cally plausible models of cell differentiation. In Section 4.5 we discuss our
results from both a methodological and biological perspective.

2.2. METHODS

A concise graphical representation of our proposed framework is provided
in Figure 2.1. It consists in an expectation-maximization (EM) algorithm.
The E-step is based on a Kalman filter/smoother aimed at estimating the
state variables given the parameters inferred from the M-step. While in
the M-step, a non-linear optimization method updates the unknown pa-
rameters given the states estimated by the E-step. Thus, given the cell
measurements, both steps are iterated until convergence of the unknown
parameters. The following subsections provide details on the state-space
formulation of cell differentiation and the expectation-maximization algo-
rithm.

2.2.1. A STOCHASTIC MODEL FOR CELL DIFFERENTIATION

Consistently with the definition of a stochastic quasi-reaction network of
Section 2.A, we consider a Markov process

xt:(xlt)---:xnt)y (221)

for a single clone and 7 cell types (i = 1,..., n) that evolve, in a time inter-
val (¢, £+ At), according to a set of net-effect vectors {v ,-k}lkzl and hazard



2.2. METHODS 21

functions {h;, (x[,B)}Ik(i1 defined as

(...}...)' Xy
v, = (---—}---)’ hi, (x1,0) =< x;,5; (2.2.2)
(-oo—1--- 2....)’ XitAio i)
i O (i)
where
O (i) ={jlA;; >0} (2.2.3)

is the offspring set of cell type i, and K; is the total number of reactions
that involve cell type i and its offspring set & (i). The definitions of the
hazard functions and the net-effects follow from the law of mass action,
consistently with Eq. (2.A.6) of Section 2.A. The hazard functions include a
linear growth term x;;«; for cell lineage i with a duplication rate parameter
a; > 0, a linear term x;;0; for cell death of lineage i with a death rate
parameter §; > 0, and a linear term x;;A;; describing cell differentiation
from lineage i to any lineage j € 0(i) with a differentiation rate 1;; > 0.
The vector parameter

/
0= (a1, @81, 8 A g1y Mg (2.2.4)

appearing in the hazard functions, includes all the dynamic parameters,
where A;g(;) is the vector of all the differentiation rates from cell lineage
i to its offspring set O (7). Finally, we define the net-effect matrix and the
hazard vector as

V=[v1, 01y * 0 Uy Uy | € 2K,
1 (2.2.5)
h(xtre) = (hll(x[)o)r"')hlj(] (xt)o) *c hnl (xtre)r---rhnKn (xtye)) ’

where K=Y | K; is the total number of reactions involved in the network.
Finally, as probabilistic assumption, we use the Kolmogorov-forward ODE
OP(x,1t)

ot

1
=V {px0)Px; 0} + Evi {Bx;0)P(x; )},

hy (x1:6) (2.2.6)
px;0) =Vh(x;0), Bx;0)=V v,

B (x)
obtained from a continue approximation of the Master equation (see
details in Section 2.B).
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2.2.2. STATE SPACE FORMULATION

We consider a continuous-discrete state space model (CD-SSM) whose
dynamic component is the Ito type SDE formulation defined by Egs. (2.2.1)-
(2.2.6), thatis

dx=p(x;0)dt+p(x;0)'?>dw,

(2.2.7)
th ~ t/Vn(OrdtIn))
combined with the measurement model
Vi =8kXt, Rp) =GXy + Tk, Ti~N0,Ry),
(Grxy 2.2.8)

Ry =pola+p1 - ,

. (katk)d

where Gy is a d x n time-dependent matrix selecting only the measurable
states of x;, subject to an additive noise r, and x; is a shorthand notation
for x(#). The covariance matrix R; models the measurement noise as a
linear function of the process states Grx,, thus allowing to increase noise
intensity with the magnitude of cell counts.

2.2.3. OPTIMAL FILTERING AND SMOOTHING

Assuming the Markov properties

PXi|X1:6-1,Y1:6-1) = p(Xp|Xp—1)
PXk_1|Xk.7, Vi) = P(Xp—11Xk) (2.2.9)
PYilX1:6 Yi:k-1) = PVilXk)

and given the measurements
Yie={y1.y2-- 1}, (2.2.10)
the aim of optimal filtering and smoothing is to estimate the distributions
k>t predictive

pxily1:;6,p) k=t filtering (2.2.11)
k<t  smoothing
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in place of p(xo.7|y1:7), while inferring ¢ = (@, p). Assuming a prior distri-
bution

xl’() Nt/Vn(xtklmO)PO)r (2212)
for x; at t = 1y, our Kalman filtering and smoothing algorithm can be

summarised in the following steps (for details see Section 2.F):
1. Prediction: Solve the differential moment equations (DMEs)

dm* %
i = Vom' (1 2.2.13a)
m*(tk—l) = mk—l »
(2.2.13b)

42 — yoP* (1) + P* (OVp +Atp(m*(1),0)
P*(tk—l) _Pk—ly

where Vgx is a re-formulation of Vh(x;0) as a linear function of x.
2. Update: Update the initial conditions of the DMEs via

pr=Gm;,
Sk = GkPZGIk + Ry
K =P;G.S;' (2.2.14)

mi=m +Ki(yr— g
Pi=P.—KSiK,,

where my = m(1y), Py = P(t), m; = m* (&), P;. = P* (1), px and Sy de-

pend on y.
3. Optimization: Optimize the marginal likelihood of the measurements

Y —argmin—£4W|y1,..., Y5,
¥=0 (2.2.15)

Vi~ N (pe@), S (), Vk=1,... K.

4. Smoothing: Estimate xy|y1.x ~ A (m; e P wx) through the following
backward step

Bk+1 Pke G(Pk+1) 1

i|K‘mk+Bk+1(mk+1|K m;..) (2.2.16)

Pk =Pk+Brn Py, —Pr, B,
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where e’ is the matrix exponential operator. We used a gradient-based
method for the optimization step of Eq. (2.2.15). The gradient

Yy l@Wly,..., ¥ (2.2.17)

of the marginal log-likelihood can be computed with p +2 more prediction
and update steps, at every time point f, aimed at computing all the partial
derivatives of ui(y) and Sy () w.r.t. ¥, where p is the dimension of @ (see
Section 2.F for details). The proposed inference procedure is summarised
in Algorithm 2 of Section 2.F. The whole procedure returns the estimated
parameters ¥, and the first two-order moments mlsCI K and le . of the
smoothing distribution p(xi|y1.x, ¥) at every time point .

2.2.4. TRANSITION PROBABILITIES
The transition probability p;; from cell type i to cell type j is defined as
the multinomial probabilities

/1ij+a:,'

pii=—ud L 2.2.18)
Y Y keo 4 Mik

where @ 4 (i) is the set of all the offspring cells of cell i in a model .4,
consistently with Eq. (2.2.3).
2.2.5. REACTION CONSTRAINTS

Since in many clonal tracking studies both the HSCs and the progenitors
P;s are missing states, we assume the following conservation laws

AHsC—pi = ) Api—x;> 2.2.19)
i

to help parameter inference in Eq. (2.2.15), where x;s are all the offspring
cell types of P;.
2.2.6. MODEL SELECTION

Each candidate model .# of cell differentiation is scored according to the
Akaike Information Criterion (AIC) [14], that is

AIC(M) =2p.y =20 4 WY1, Y1), (2.2.20)



2.3. RESULTS 25

where ¢ 4 is the marginal log-likelihood of the measurements of model
M and p_y is the number of free parameters.

2.2.7. COMPUTATIONAL IMPLEMENTATION

The stochastic framework is implemented in the “R package Karen avail-
able for download at https://cran.r-project.org/package=Karen.

2.3. RESULTS

2.3.1. IN-SILICO VALIDATION STUDIES

We first compared our proposed method Karen with the state-of-the-art ap-
proaches, such as the generalised least squares (GLS) method [6], the max-
imum likelihood method (RestoreNet) [15] and the branchCorr method
[11]. The comparisons have been made in terms of robustness against (i)
the sampling frequency T, (ii) the fraction f of false-negatives, and (iii) the
magnitude of the measurement noise parameters py and p;. To this end
we used the Euler-Maruyama Algorithm 1 from Section 2.C to simulate the
stochastic trajectories of 3 clones obeying to the cell differentiation net-
work of Figure 2.2. To allow the comparison of our method with the other
candidate ones we used the definition of net-effect matrix and hazard
functions from [11], and the corresponding system of SDEs was defined
accordingly. Two different comparative synthetic studies have been de-
signed. In the first one all the cell types were measured, thus branchCorr
was not included since it does not allow for observed progenitors. In the
second study the synthetic HSCs and progenitors P1-P2 were considered
as latent states, and therefore GLS and RestoreNet were excluded from this
comparison since both methods do not allow for latent states.

Results from Figure 2.3 clearly indicate the superiority of our proposed
method over the competitor ones. In particular, Figure 2.3a provides
evidence that our proposed method was the most robust against false neg-
ative errors compared to the other methods, which provided more biased
estimates for the parameters under an high value f = 90% of missing data.
Subsequently, plot panels 2.3b show that a low sampling frequency (T = 4)
of the simulated trajectories did not affect the estimates provided by our
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proposed method, whereas the ones obtained with any of the competitor
approaches were biased. Finally, after increasing the magnitude of the
measurement noise parameters pg and p; up to 10, our proposed method
still provided better estimates compared to the other candidate methods.
In conclusion, the results of our synthetic studies show that our method
outperformed the competitor ones overall against false negative errors,
sample size and measurement noise. This gives confidence in using our
method on real in-vivo datasets for providing better parameter estimates
and clonal dynamics predictions. Further results under different values of
f>» T, po and p; can be found in Sections 2.G-2.H.

We tested our method against model misspecification with an addi-
tional synthetic study. We considered two distinct candidate models (Fig-
ure 2.4b) that we cross-compared for simulating and fitting. The corre-
sponding system of SDEs was defined according to Egs. (2.2.1)-(2.2.6). We
performed 100 independent simulations for the clonal trajectories using
the Euler-Maruyama Algorithm 1 from Section 2.C, and we fitted both
candidate models using our proposed framework Karen. As a result, Figure
2.4a indicates that our method was able to identify the true generative
model structure, having the lowest median AIC over 100 independent
simulations.

2.3.2. GENOTOXICITY STUDY

We analyzed an in-vivo clonal tracking dataset previously used to investi-
gate the impact of vector design on clonal diversity in tumor-prone mice
[16]. Cdkn2a~'~ tumor prone Lin~ cells were first ex-vivo transduced
with a lentiviral vector expressing GFP under either spleen focus-forming
virus (SFV) or PGK promoter/enhancer sequence. Cells are then trans-
planted into lethally irradiated wild-type mice. To recover enough DNA
material, equal amounts of blood from two or three mice belonging to the
same experimental group were pooled before cell sorting. Integration sites
were then retrieved by polymerase chain reaction (PCR) at different time
points from sorted T (CD3+) and B (CD19+) lymphocytes, from myeloid
cells (CD11b+) and unsorted blood cells (total MNC). Clonal tracking sam-
ples were collected under heterogeneous technical conditions (see Table
2.1.1 from Section 2.1), making them not directly comparable. Therefore
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we rescaled the data following the description in Section 2.1.

The total number of distinct clones that were collected are 45186 and
20471 for the PGK and SFV treatments respectively. To further remove
bias, we focused our analyses on the top 1000 most recaptured clones
across lineages and time. We used our stochastic framework Karen to
compare four biologically-sustained models of cell differentiation under
the two vector conditions PGK and SFV. We reported the results in Figure
2.5 which shows, for each candidate model, the estimated cell differentia-
tion network and the corresponding Akaike Information Criterion (AIC) as
defined in Eq. (3.2.12). According to the AIC, model (b) is the one that best
fitted clonal tracking data under each vector design. This result suggests
that the classical/dichotomic model structure (b) adequately described
clonal dynamics in tumor-prone mice under both treatments. Also, the
arrow weights from Figure 2.5 clearly indicate that in SFV-treated tumor-
prone mice there was a more pronounced unbalance in cell differentiation
towards lymphoid progenitors compared to the PGK treatment. There-
fore our proposed framework Karen suggests that, in this particular study,
the design of viral vector did not significantly affect the structure of cell
differentiation in tumor-prone mice, but had an impact on the transition
probabilities p(HSC — P1) and p(HSC — P2), representing HSC differen-
tiation in lymphoid (P1) and myeloid (P2) progenitors.

2.3.3. RHESUS MACAQUES STUDY

We analyzed an in-vivo clonal tracking dataset collected from Rhesus
Macaques [17]. HSCs were first barcoded by using lentiviral vectors and
then transplanted in three animals. Barcode retrieval was performed
monthly via PCR on Granulocytes (G), Monocytes (M), T, B and NK cells
up to 9.5 months. Further details on transductions protocol and culture
conditions can be found in the original paper study [17]. Although the
sample DNA amount was maintained constant during the whole experi-
ment the samples resulted in different magnitudes of reads (see Table 2.J.1
from Section 2.]J), making the data not directly comparable. Therefore we
rescaled the barcode counts as described in Section 2.] before analysis.
The total numbers of clones that were collected range in 1165 - 1291, but
we focused on the top 1000 most recaptured ones, so as to further remove
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bias.

We fitted the same four candidate models from previous section on
the clonal tracking data using Algorithm 2 of Section 2.F. We reported
the results in Figures 2.5-2.6 which shows, for each candidate model,
the estimated cell differentiation network. According to the AIC from
Eq. (3.2.12), model (c) is the one that best fitted the clonal tracking data
collected from the rhesus macaque study. This result suggests that the
classical/dichotomic model (b) failed to describe adequately clonal dy-
namics in rhesus macaques, whereas the myeloid-based developmental
model (c) better explained hematopoietic reconstitution. Therefore our
proposed framework Karen clearly indicates that in primate hematopoiesis
myeloid progenitors represent a prototype of hematopoietic cells capable
to produce both myeloid G/M cells and lymphoid NK cells.

2.3.4. GENE THERAPY CLINICAL TRIALS

We considered clonal tracking data collected from six patients affected by
three different genetic disorders and that undergo a HSPC gene therapy
treatment. Vector integration sites in five cell lineages (G, M, T, B, and
NK) were collected longitudinally from the peripheral blood of four pa-
tients affected by Wiskott-Aldrich syndrome (WAS) [18], 2 patients with
hemoglobinopathy, 1 with S/ S sickle cell disease [19] and 1 with §0/GE
p thalassemia [20]. Details on procedures, gene therapy protocols, and
normalization methods can be found in [18-20]. Since data were already
normalized to compensate for unbalanced sampling in VCN and DNA [21],
we did not apply any further transformation. The total clones that were
collected are 156654, 17273, and 230408, respectively, for WAS, S/ S and
PO/ BE clinical trials. The following results derive from the analysis of the
1000 most recaptured clones in each clinical trial (top 250 clones per WAS
patient).

The same four biologically motivated hematopoietic models from pre-
vious section have been scored separately in each clinical trial using our
stochastic framework Karen. We reported the results in Figures 2.7-2.8
showing the estimated cell differentiation networks for each clinical trial.
As a result, according to the AIC, model (d) is the one that best fitted
clonal tracking data collected from each clinical trial, thus suggesting that
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a three-branches developmental model better explained hematopoietic
reconstitution in these clinical trials. In particular, while lymphoid T/B
and myeloid G/M developed in parallel trough separate branches from
different progenitors, NK cells appear to be sustained by a dedicated pro-
genitors cell population.

2.4. DISCUSSION

We have proposed a novel stochastic framework for calibrating cell dif-
ferentiation networks from partially-observed high-dimensional clonal
tracking data. Our model is able to deal with experimental clonal track-
ing data that suffers from measurement noise and low levels of clonal
recapture due to either threshold detection failures or false-negative er-
rors. Our framework extends stochastic quasi-reaction networks by in-
troducing EKF and RTS components. We have developed a tailor-made
Expectation-Maximization (EM) algorithm to infer the corresponding pa-
rameters. Simulation studies have shown the method’s accuracy regarding
inference of the true parameters, estimation of the first two smoothing
moments of all the process states, and model selection. Simulation re-
sults indicated higher robustness of our proposed method compared to
the state-of-the-art ones against (i) a limited number of time points, (ii)
limited clonal recapture, and (iii) high levels of measurement noise.

Although the Gaussian assumption makes the analytical formulations
of the likelihoods explicitly available, this approximation may become poor
when the data contains outliers or shows non-Gaussian behaviors. This
limitation can be overcome by using a distribution-free approach, such
as the Kernel Kalman Rule [22]. Another limitation is that our framework
considers reaction rates constant for the whole study period. Extensions
that allow for modeling reaction rates as smooth functions of time or
depending on clinically relevant variables are within reach and will be the
goal of future research.

Our proposed method allowed to unveil the genotoxic impact on cell
differentiation in tumor-prone mice. While the differentiation structure
it does not seem to be affected by the viral vector design, the transition
probabilities from the HSCs to the intermediate progenitors do, showing
a more pronounced unbalance towards lymphoid progenitors under the
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SFV treatment compared to PGK. This can be biologically interpreted as a
faster immune response to the higher inflammation caused by the toxic
SFV treatment compared to the non-toxic PGK one. Subsequently, the
application of Karen to a rhesus macaque clonal tracking study unveiled
for the lymphoid NK cells a different developmental pathway from the
one detected for lymphoid T and B cells. That is, NK cells are produced by
both myeloid and lymphoid progenitors P1 and P2, whereas T and B cells
are sustained only by the lymphoid progenitor P1. Results are consistent
with the ones previously reported in [17] where the authors demonstrated
the presence of distinct subpopulations within the NK lineage, potentially
deriving from alternative maturation processes. Finally, we analyzed in-
vivo clonal tracking data from three different clinical trials. It is worth
noting the degree of agreement between the network structure inferred
using the different clinical datasets. Nonetheless, our modelling approach
is able to capture the heterogeneity of engraftment dynamics and selective
advantage characteristic of the different context as demonstrated by the
different parameter estimates.

Our stochastic framework can support biologists in understanding
hematopoietic reconstitution and in designing tailor-made therapies to
treat genetic disorders. Our model can be applied to different types of
clonal tracking data, such as vector integration sites, clonal barcodes,
and single cell methods. Applications in alternative contexts, such as
the modeling of population dynamics, where similar issues about partial
sampling and varying levels of measurement noise are present, could also
be explored.

2.5. AVAILABILITY OF DATA AND MATERIALS

The stochastic framework is implemented in the “R package Karen which
is available for download at https://cran.r-project.org/package=Karen.
The code that supports the findings of this study is openly available at
https://github.com/delcore-luca/CellDifferentiationNetworks.


https://cran.r-project.org/package=Karen
https://github.com/delcore-luca/CellDifferentiationNetworks
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Figure 2.2 | Graphical representation of the cell differentiation network used in the
comparisons in-silico studies. Grey and white nodes represent latent and observed cell
types. Arrows represent cell duplication (green), death (red) and differentiation (blue).
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Figure 2.4 | For each true model (row) and for each candidate model (column): The simulated process x; (empty dots), the
noise-corrupted measurements y; (full dots), the estimated smoothing moments Em_ x and wm_ ¢ of asingle clone, and the median
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Figure 2.6 | Results for the rhesus macaque study: Inferred cell differentiation networks for the candidate models (columns). Each
arrow is weighted and coloured according to the corresponding transition probability estimated with Eq. (2.2.18). For each model
the AIC is reported and the best model is squared with a red box.
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Figure 2.8 | Results for the clinical trials § 0GE and BSSS: Inferred cell differentiation networks for the candidate models (columns)

in each clinical trial (rows). Each arrow is weighted and coloured according to the corresponding transition probability estimated
with Eq. (2.2.18). For each model the AIC is reported and the best model is squared with a red box.



APPENDIX

2.A. STOCHASTIC QUASI-REACTION NETWORKS

Stochastic quasi-reaction networks (S-QRNs) allow to implement a partic-
ular class of stochastic differential equations that can be used to model
biochemical reactions. More formally, let

Yi=Win-.o Yn) €N 2.A.1)

be a collection of molecules of n different types observed at time ¢, and
consider K distinct (and competing) reactions

0. .
FayL+ -+ TinYn = Pjiyi+-+Pin¥n, Jj=L...K, (2.A.2)

each occurring with its own rate 6;. The coefficients r;;’s defining the
left-side of the reaction are called reagents and represent the minimum
amount of molecules of type i needed for the j-th reaction to occur.
Similarly, the coefficients p;; defining the right-side of the reaction are
called products and represent the amount of produced molecules of
type i after the j-th reaction is triggered. We assume that, if we observe
Yo=(rj1,..., rjn)’ molecules at time ¢ = 0, the j-th reaction will occur after

Tj~Exp@)), j=1,..,K, (2.A.3)

Namely, if exactly r;; molecules of each type i would be present, then the
j-th reaction can only take place in one way, with the exponential hazard
rate 6. The interpretation is that, after a waiting time T}, r;; molecules
of type i collide with each other and produce p;; molecules of type i
(Vi=1,...,n), while the molecules move randomly in a hosting “cellular”
environment. However, in general at time 7 = 0 we might observe Yjo = r};
molecules of each type i and, therefore, the j-th reaction can take place

39
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in a combinatorial number of ways leading to the following waiting time
formulation

T; ~Exp|0; ][] Yio ,  where * =0, forx<y, (2.A.4)
i=1\Tji y
where

0=(,,...,.0r) (2.A.5)

is the vector parameter for the reaction rates, and

y "") (2.A.6)
T‘ji

hj(}'o,e)ZQjH(

i=1

is the j-th hazard rate. In this case, the effect will be that at time ¢ + T; we
have the following expression for the number of molecules of substrate i,

Yije+T; = Yit T Pji —Tji = Vit + Vji, (2.A.7)

where v;; = p;; —rj; is the j-th net effect. More compactly, for a set of K
reactions and n species, the molecular transfer from reagent to product
species is a net change of

V=P-R, (2.A.8)

where P = [p ji]’ denotes the n x r dimensional matrix of products, R =
[rjl-]’ is the n x r dimensional matrix of reactants, and V = [v ji]’ is an
n x r dimensional matrix called net-effect matrix. Therefore, a S-QRN of
K-distinct reactions is fully identified by a net-effect matrix V and by the
hazard vector

h(y,0)=(h»,0),..., hx(y,0) . (2.A.9)

2.B. THE MASTER EQUATION

In practice it is common that the reaction rates of a stochastic reaction
network are unknown, and the goal is to estimate them given a collected
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dataset. In order to estimate the rates @ = (01,...,0k)" using a likelihood-
based approach, we need to define an underlying probabilistic model. One
of the most natural choices for describing stochastic chemical kinetics of
Egs. (2.A.2)-(2.A.9) is the chemical master equation

dPy;t) K
c(i}; - 2 Ahjy=Vi0Py -V -hi(y;0)Py;0), (2B

j=1

with transition rates

hjy;0) =61
i=1

(y"), (2.B.2)
rjl-

consistently with Eq. (2.A.4). It describes the temporal evolution of the
probability density function P(y; t) of the state vector y of the chemical
system of Eq. (2.A.2). Roughly speaking, the first part of the right-hand
side of Eq. (2.B.1) models all the reactions letting the state out of k(# j),
whereas the second part models all the reactions which brings the state
back to k. It is often the case that the Master equation is computationally
intractable, especially when the state vector y is high-dimensional, so
that the number of possible states the system may occupy is too large.
Several approximations of the Master equation exist [23, 24], and here we
describe a procedure for “continuizing” the discrete-state chemical Markov
process defined by Egs. (2.A.2)-(2.B.1). The procedure is summarized in
the following theorem.

Theorem 2.B.1. Assume that hj(x;0)P(x;t) are analytical functions in x.
Then, a second order Taylor expansion of the products hj(x — V.;;0) P(x —
V.j; t) around x leads to the Ito-type stochastic differential equation

dx; = p(x;0)dt+ pY%(x;0)dW (), dW(t)~N@O,dtI),  (2.B.3)

called the Kramers-Moyal approximation where the drift function and the
dispersion matrix are given by

p(x;0) =Vh(x,:,0) (2.B.4)
hy(x4;0)

Bx;0)=V V. (2.B.5)

‘ hg(x;0)

~ J/

d(h(x:,0))
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Proof. The analytical assumption of h;(x;0) P(y; t) in x allows us to con-
sider a second-order Taylor expansion of hj(x — V.;;0) P(x — V.;; t) around
X, thatis

hj(x-V;0)Px—Vj; 1)
= hj(x;0)P(x;1) + Vyih;(x;0)P(x; 1) ((x - V,j) - x)

1
+5((x=vy) ~x)' Hehj(x;0)P(x; 1) ((x - Vj) — x)
1
=hj(x;0)P(x; 1) —Vyx{hj(x;0)P(x; )} V.j + EV',ij {hj(x;0)P(x; 0}V,

and therefore

hj(x-V.j;0)P(x—V.j;1)—hj(x;0)P(x;1)

1
=—Ve{hjx0)Px;0}V,+ EV',fo {hj(x;0)P(x; 0}V,

and by plugging it in the Master equation (2.B.1) we have

K
0P(x,1) _ Y {—Vx{hj(x;B)P(x; N}V+ %V'J-Hx{hj(x;ﬂ)P(x; n} V.j}
j=1

or
1 hl(xt;e)
= -V {Vh(x;0)P(x; )} + Evfc{v

) V'P(x; 1) } ,
h(x;0)

which we recognize as a Kolmogorov forward (Fokker-Plank) equation

with drift function Vh(x;0) and dispersion matrix Vd(h(x;0))V’, which

completes the proof. O

2.C. MONTE CARLO SIMULATION OF ITO-SDES

Stochastic simulation can be stated as forming a Monte Carlo approxima-
tion to the probability density p(x) of the state x generated by the Ito-type
stochastic differential equation

dx=f(x,t)dt+L(x,t)dp(1), (2.C.1)

where B is a Brownian motion with diffusion matrix Q.(#). Simulation
methods are usually based on discrete approximations to the continuous
solution of Eq. (2.C.1).
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EULER-MARUYAMA SIMULATION
One of the simplest algorithms for simulating trajectories of stochastic
differential equations is the Euler-Maruyama method [25] which can be

formulated as follows.
Input: xo, [Ix ={0=ty < t1 <-+-<itx41 =T}, tgr1 — L = At 2
Output: {x;}x
fork=1:Kdo
1. Draw ABj from
ABr ~ N(0,Q.(tr)AD); tr = kAt (2.C.2)
2. Compute
Xir1 =X+ f(xg, tR) At + L(xg, tr) ABr (2.C.3)
end

Algorithm 1: Pseudocode of Euler-Maruyama method.

2.D. DIFFERENTIAL SYLVESTER EQUATION

Theorem 2.D.1. Let I <R be an open interval with ty € I and X (t) e R™*™,
AeRP" BeR™ ™, C(t) e R*™™, and D € R™"™. The differential Sylvester

equation '
X =AX(1)+X(1)B+C(1)

(2.D.1)
X(t)) =D
has the unique solution [26]
X(t) = A= peBli=to) 4 ft A9 (5)eP I gs. (2.D.2)
fo

2.E. INTEGRATING FACTOR METHOD

A system of first order differential equations in standard form

y+A@y=>b, (2.E.1)
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where y € R”, and A(#) e R"*" and b € R" has an explicit solution given by
y=e JADU { f e/ A0+ c} : (2.E.2)

where
[ = /A1 (2.E.3)

is the integrating factor.

2.F. KALMAN REACTION NETWORKS (Karen)

In this work we combine stochastic quasi-reaction networks from Section
2.A with Kalman filtering and smoothing.That is, we consider a non-linear
continuous-discrete state space model (CD-SSM) [27] whose dynamic
component is represented by the Kramers-Moyal approximation

hy(x1;0) 1/2
dx=Vh(x;0)dt+(V _ V) aw,
h](x[;e)

N ~ _ (2.E1)
B(x:;0)

of a stochastic quasi-reaction network defined by a n x J net effect matrix
V, a p x 1 vector parameter @ and a J x 1 hazard vector h(x;0) for a n-
dimensional counting process {x(#)|x(#) € N"*};. As measurement model
we use

8k(x(tx), 1) =Gyx(tp) + 1y, T~ Na0,Ry),

. (2.E2)
Ry =polg+p1diag(Gx(ty)), VYk=1,...,K,

where Gy € 019%" (the set of all d x n binary matrices) is a time-dependent
selection matrix which selects only the measurable particles of x () with
an additive noise rj with covariance matrix Ry. Here py and p; are free
parameters which we infer from the data, and diag(-) is a diagonal matrix
with diagonal equal to its argument. In the following x; is a shorthand
notation for x(#).
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Assuming the Markov properties

PXil X161, Y1:6-1) = P(X|Xk—1)
PXi-1|Xk.7, Vi) = p(Xk—11X1) (2.E3)
PYilX16 Y1:k-1) = pYVilxi),

and given the measurements

Yir ={yuY2 ¥}, (2.E4)

the aim of optimal filtering and smoothing [28] is to estimate the following
distributions

k>t predictive
pXkly1:;0,p) k=1 filtering (2.E5)
k<t  smoothing

in place of the posterior distribution p(xo.;|y1:7) of the states given the
measurements, while inferring the unknown parameters ¢ = (@, p). The
Kalman filter/smoother provides an estimate of the distributions defined
in Eq. (2.E5) under a Gaussian assumption of a continuous-discrete state
space model [27]. Our proposed Kalman filtering /optimizing /smoothing
algorithm can be summarised as follows. Assuming

x(tp) ~ N (x(to)Imy, Py) (2.E6)

as prior distribution for x(¢) at ¢ = ty, the solution x(¢) of Eq. (2.E1) is a
Gaussian process whose first two-order moments are the solutions of the
differential moment equations [27, 29], obtained through the following
1. Prediction step:

dm’ (1)
{ ar— = Vemy (1)

(2.E7a)
m; (t—1) = My,
dPi(D _ 7, p POV + A ¥ (1),0
{ L= = VP (1) + PL(DV, + Atp(m(1),0) (2.E7b)
PZ(tk_ﬂ =Py,
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where Vgx; is a linear formulation of Vh(x;;0), and the definition of Vy
depends on V and h(x;0). The solutions of Eq. (2.E7) are given by

mi(t)=e"e" " Vmy_,, (2.E8a)

Pi(= eVB(t_tk—l)Pk_leVIB(t_tk—l)

t 1
+f "0 INLB(m(5);0)e" 0"V ds. (2.E8b)
k-1

The solution for my (1) is obtained by applying the integrating factor
method of Eq. (2.E.2) from Section 2.E to the initial value problem of
Eq. (2.E7a) using an integrating factor

1= e T2 Vo = g Vot-te, (2.E9)

The solution for P; (1) is obtained by applying the solution formula of
Eq. (2.D.2) for a differential Sylvester equation (2.D.1) to the system (2.E7b).
These time-discretized solutions allow to use the update steps of a discrete-
time Kalman filter [27], whose equations are given by

2. Update step:

pr =Grmy,
Sy = GkPltG,k + Ry
Ky =P;G.S;' (2.E10)

mi=mp+Kr(yr—pr)

Pi=P; -KiSiK},
where my., Py, m;;, P,”;, Li and Sy depend on the parameters 8, pg and p;.
3. Optimization step:
For a linear Gaussian continuous-discrete state space model the marginal

likelihood of the measurements y;.7 [30, 31] is the following Gaussian
distribution

() S1(y)
yir~AN : , , (2.E11)
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whose optimal parameters can be found via

Y —argmin—£¢Wl|y1,...,¥x),
¥=0 (2.E12)

Y~ N @), Sky), Vk=1,...,K,

where

‘Wlyr,....yx) = ——Zlog|2nsk|——2(yk 'S ye—pr)  (2.E13)
k 1 k 1

is the marginal loglikelihood of the measurements.

4. Smoothing step: Following [27], the backward smoothing recursion
formula to estimate the first two-order moments miq x and le ¢ of the
smoothing distribution p(x¢|y:.x;¥) are defined as

Biy1 = Pr)e" v (P}, )"
M3 = me@) + Beor (M, M, Wf)) (2.E14)

P} =Pr@)+ B (P

kK o1k~ Pra @) B,y

where ¥ = (@, po, p1) and the values of my, Py, ml’z, P,’; are the ones ob-
tained from the filtering (prediction and update) steps. In order to run the
optimization step using a gradient-based method (e.g. Newton-Raphson)
we need to compute the gradient Vy 50 o, — ¢(@|y1,..., k) of the marginal
negative log-likelihood —¢(w|y1,..., yx) which is defined by the following
partial derivatives

!
004(111) tr(S_lg) - (;—”) S'y-mw,
Vi Vi Vi (2.E15)
y-w's sy (- py's 12
6% oy
where
S1 »n m
S= ) Y= |, p= (2.E16)
Sk YK Kk

This requires, at every time point k, p+2 more prediction and update steps

0y, Oi», Sk Opr 0Sk Oyk .
in order to compute the terms a0, S, 0, S, 3ps” 3po’ Jp1 ,Where pis

the dimension of 8. These are obtalned by differentiating Eqs (2.E7) and

and
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(2.E10) w.r.t. 8, pg and p;, as shown below.
1. Predlctlon derivatives step:

01!’ : If we differentiate the system (2.E7a) w.r.t. ¥; we get
J

{%(63 mk(t)) Vem,t(t) =Ve£jm,‘;(t)+(%Ve)mZ(” (2.E17)

(fx-1) = mk 1-
By using the integrating factor
1= ¢ i VoS = g Voli=ti-n) (2.E18)

we get

om:

k — eVg(t—tk_l){ft e—Va(s Ly 1)6V mk(s)ds+ imk 1}
oy te-1 oy oy

t oV, 0
:f ev"(t_s)—eev"(s_t"‘l)mk_lds+eve(t_tk‘l)—mk_l.
e oy oy
«OP;

alllk ”. : By differentiating the system (2.E7b) w.r.t. y; we get
]

d 0 * _ i * * ! *
- (ijk(t)) = 3u; {VoPL(t) +PL(1)V,, +Atﬁ(mk(t),0)}

0 0
= —Vng(t) +Vg—

50 PL(t)+ —PL(1)V, +Pk(t) V;,+

oy oy oy
(2.E20)
{2": 0p(m; (1),0) omy, (1) Oﬁ(mk(t),e)}
=1 Xi aWj 01//]'
=V, iP (t)+ 9 PL()V,y+Q(1)
aw k w k ’

where
Q) = iV P (1) +P; (t)
1// 05k k u'] e

il aﬂ(mk(r),e)amki(t)+aﬁ(mkm’3) (2.E21)
i1 Oxi oy oy, ’
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which is a differential Sylvester equation. The corresponding initial value
problem is

* _ 0 * 0 *
m(—P (t)) Voza-Pi(0+ 55-PL(0V+Q0) o529
611/ P (t5-1) = P k-1>
whose solution is given, by applying Eq. (2.D.2), as
0 pP* (t) ell=tk-1)Ve 0 Py 1e(t—tk—1)Vé
oy oy; =~
. ’ (2.E23)
+f e=oQ(s)e""MWVeods.
Ik-1
2’. Update derivatives step:
om; 0P} om} 0P} 0 oP:
The resulting solutions %, W’ % W’ % and p]f are then used to

update the corresponding 1n1t1a1 values via a set of equations obtained by
differentiating Eq. (2.E10) w.r.t. each component of ¢ = (8, po, p1), that is

0 om; 0 oP; OR
Be _ g I Sk Gk 4+ 2%k
oy Ow; oy; oy; " oy,
0K oP 0S
k kGl Skl_PZ:G;CSkl kSk ’
oy 0V v 2.F24
om;. _0m; 0K Opic (2524
= + Vi — i) —Kez—,
aw]‘ 01//]' aw] 61//]-
0P, 0P, /4K o oK'
k= LS K.~ K}, SkK —KiSp—=
oyj Oy; 61[/] oy oy;

All the results obtained from every prediction/update step at each
time point #, along with the corresponding derivatives, are then used
to compute the marginal log-likelihood ¢(y|y,,...,¥x) and its gradient
which, in turn, are used for the optimization step. The proposed extended
Kalman filter procedure, is summarlsed in Algorithm 2. All the 1ntegrals
involved for the computation ofP 0 mk, g P,’;, 6‘; P* and 3 P are

estimated using a 3rd-order Gauss- Legendre method [32].
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Input: {xi}k, V, h(x,0), xo ~ Ny (mo, Po)

Output: Bekf! ﬁOekf» plekfr m§C|K and P2|K

whilee > tol do
Yold =Y
fork=1:Kdo
1. Prediction: get m, and P},

om*
y P . . . k 0 *
1’. Prediction derivatives: get 3 —aij '

2. Update: get my, Py, pby and S

’ i i o aﬂ 0 % 0
2’. Update derivatives: get du; dy; Pk g0 ay; Sk
end
3. Optimization: ¥ — argmin— ¢ (¢|y1.x)
¥>0
: - N N
4. Smoothing: Get m xk and Pk| K
5. Update prior for xo: my — m{lK and Py« P{lK
¢ l=wole
|W’old ”2
end

Algorithm 2: Pseudocode of Karen.

2.G. SIMULATION STUDIES

We performed several simulations designed to test and validate our pro-
posed method. The performance has been investigated by: (i) reducing
the number of time points, (ii) reducing the fraction of clones recaptured
across lineages and time, which is equivalent to increasing the rate of false-
negative errors, (iii) increasing measurement noise, and (iv) selecting a cell
differentiation structure among a set of candidate models. We consider
the cell differentiation network of Figure 2.K.1-b written in the state space
formulation of Egs. (2.E1) - (2.E2) from Section 2.F. The net-effect matrix
V and an hazard vector h(x,0) of the dynamic component are defined
according to Eq. (3.2.2) from Section 2.2.1, where 0 is the vector of the
unknown dynamic parameters.

We assume that the information on the HSCs and progenitors P1 and
P2 is not available at every time point, and therefore we consider them as a
latent states which cannot be measured. Furthermore, all the lineages that
have not been recaptured for a particular clone at a given time point are
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also considered as latent states. Therefore, for the measurement model of
Eq. (2.E2) the selection matrix Gy, is defined accordingly. In our simulation
studies we also assume the following conservation laws

Ausc—p1 =Api—t+Api—g+Api_
H Pl P1-T P1—-B P1-NK (2G1)

AHsc—p2 =Ap2—G+Ap2—m,

so as to facilitate the inference of parameters related to the systematically
missing cell types. In each simulation study, to generate the clone-specific
trajectories, we use the Euler-Maruyama algorithm 1 with an initial con-
dition x( of 100 cells for the HSCs and zero otherwise. Each trajectory;,
starting from #y = 0 and terminating at #; = 1, has a sample size equal to
1000 with At = 1/1000. Then, we select a subset of T equidistant time
points, where T is chosen depending on the particular simulation design.
Each simulation study is designed to test parameter uncertainty when
reducing T (see Figures 2.G.1-2.G.2), reducing the fraction 0 < f < 1 of
clones recaptured across lineages and time (see Figures 2.G.3-2.G.4), in-
creasing measurement noise parameters (oo, p1) (see Figures 2.G.5-2.G.6),
selecting a cell differentiation structure among the candidates (Figure 2.4).
Results from simulations show accurate performance of the method
in the identification of the missing states and for the inference of the
true parameters. In particular, results from simulation 1 suggest that
reducing the number of time points of the complete simulated trajectories
does not affect parameter inference, even in the extreme case where we
fitted our model to the data with only five time points out of 1000 of the
complete trajectories. Second simulation clearly indicates that our method
still provides good estimates if we reduce the fraction f of the observed
states, even for an high fraction of missing states (f = 0.1). Robustness on
measurement noise has been assessed in simulation 3, whose results show
that parameters are identifiable, even under extreme noise settings (oo =
p1 = 100) where still we get some sensible estimates. Finally, in the fourth
simulation study our method combined with Akaike Information Criterion
was able to select the true generative structure among the candidates.
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branchCorr GLS MLE Karen Karen-noConstr
siml no yes yes yes yes
sim2 yes no no yes yes

Table 2.H.1 | Candidate methods (columns) involved (yes/no) in the two simulations
studies (rows) with either the progenitor cells considered as measured states (sim 1) or as
latent states (sim 2).

2.H. COMPARISON WITH THE STATE-OF-THE-ART

We compared our proposed method Karen with the state-of-the-art ap-
proaches, such as the generalised least squares (GLS) method [6], the
maximum likelihood (MLE) [15] and the branchCorr method [11]. The
comparisons have been made in terms of robustness against (i) the sample
size T, (ii) the fraction f of false-negative errors, and (iii) the magnitude
of the measurement noise parameters po and p;. To this end we used the
Euler-Maruyama algorithm 1 to simulate the stochastic trajectories of 3
clones obeying to the cell differentiation network of Figure 2.2. To allow the
comparison of our method with the other candidate ones we used the def-
inition of net-effect matrix and hazard functions from [11]. Two different
simulation studies have been designed for the comparisons, depending
on whether the competitor approach allows to consider systematically
missing cell types or not, as reported in Table 2.H.1.

Results from Figures 2.H.1-2.H.3 clearly indicate the superiority of our
proposed method over the competitor ones under different values of f, T,
po and p;. In particular, Figure 2.H.1 provide evidence that our proposed
method is the most robust against false negative errors compared to the
other methods, which provide more biased estimates for the parameters as
we increase the fraction f of missing data. Subsequently, Figure 2.H.2 show
that decreasing the number of time points T of the simulated trajectories
does not affect the estimates provided by our proposed method, whereas
the ones obtained with any of the competitor approaches are increasingly
biased. Finally, Figure 2.H.3 shows that after increasing the magnitude
of the measurement noise parameters py and p; from 0 up to 10, our
proposed method still provides better estimates compared to the other
candidate methods. In conclusion, the results of our synthetic studies
show that our method outperforms the competitor ones overall against



2.1. GENOTOXICITY DATA RESCALING 53

PGK LTR
DNA VCN PS SD DNA VCN PS SD
Min. 8.64 131 1 60 8.64 0.240 1 189

I1stQu. 106.56 10.90 2 1969 94.50 5.320 1 1130
Median 200.00 13.59 2 5881 200.00 6.300 2 2973
Mean 181.07 12.80 1.96 9351 222.88 6.219 2.1 4695
3rd Qu. 200.25 13.90 2 14055 | 222.50 7.800 3 7390
Max. 973.00 27.00 3 49853 | 973.00 10.500 7 15375

Table 2.1.1 | Mice study: Quartiles and range of the DNA amount, VCN, PS and SD for the
n =242 samples and separately for PGK (left) and LTR (right) treatments.

false negative errors, sample size and measurement noise. As a result,
we would trust more in using our method on real in-vivo datasets for
providing better parameter estimates and clonal dynamics predictions.

2.1. GENOTOXICITY DATA RESCALING

Clonal tracking samples were collected under heterogeneous technical
conditions as reported in Table 2.1.1. The variability of these confounding
factors makes clonal tracking samples not directly comparable across time
and cell types. Here we consider the DNA amount (in nanograms), the
vector copy number (VCN), the pool size (PS) and the PCR protocol (SLiM
or Sonic-LAM) as potential confounders. By analogy to the SCS method
[16], we first evaluate and then remove the effect of the confounders from
the observed data using a regression approach. More precisely, we first
perform alog-link Poisson regression on the collected cell counts y against
the corresponding confounding factors and the possibly factors of interest,
leading to the following model

log(A)=XB, y;~Poisson(d;), (2.1.1)

where y; is the i-th component of y, A; is the i-th component of A for
i=1,...,n,X=[1 X.]isthe full design matrix including a term 1 € R"*!
for the intercept and a term X € R™** with confounder-specific columns.
After having estimated the parameters [3 = (ﬁo, ﬁ;)l with a Fisher scoring
algorithm, the rescaled clonal tracking data has been defined as the partial
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residuals corresponding to the confounders, that is
¥ = explog(y) - XB,) (2.1.2)

where ﬁ . are the optimal parameters for the confounders.

2.]. RHESUS MACAQUE DATA RESCALING

Although the sample DNA amount was maintained constant during the
whole experiment (200 ng for ZH33 and ZG66 or 500 ng for ZH17), the
sample collected resulted in different magnitudes of total number of reads.
Table 2.].1 shows the total number of reads collected in each sample of the
rhesus macaque clonal tracking dataset. This discrepancy makes all the
samples not comparable across time and cell types. Therefore we define
the rescaled barcode counts Yl’]“}j as

ming, 3, Yimn
20 Yimn

where Y; i is the i j k-entry of the barcode matrix with dimensions (i, j, k)
mapping respectively time, cell type and clone.

Y =Yijk ) (2J.1)

2.K. HEMATOPOIETIC MODELS

In this work we consider four different biologically-sustained models of
hematopoiesis whose graphical representation is shown in Figure 2.K.1.
Model (A) is a single-branch developmental tree where the hematopoietic
stem cells produce all the mature cell type trough a single multipotent in-
termediate progenitor P;. According to model (B) the lymphoid cells (T, B,
NK) and the myeloid cells (G, M) are generated trough separate branches
of differentiation. Therefore, this is very similar to the well known classi-
cal/dichotomic model of hematopoiesis [33]. This model classifies blood
cells into two major lineages, but finally differentiated cells are placed in
parallel. In contrast, model (C) proposes the idea that myeloid cells repre-
sent a prototype of hematopoietic cells capable to produce both myeloid
G/M cells and lymphoid NK cells, whereas T, B and NK cells represent spe-
cialized types. Therefore model C can be interpreted as the myeloid-based
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T B NK M G

7H33 1 1465289 74735 135092 119331 2831
2 225797 216844 335789 1035270 908685

3 243986 413757 663184 886682 816990

4.5 485542 479493 834064 985821 987171

6.5 645005 676413 926089 895309 911637

9.5 829073 962325 1057398 1229233 1220506
ZH17 1 51802 1347050 1288718 1351450 707382
2 826190 1342700 1350703 1354355 1213749

3 1303922 1347692 1338024 1347177 1283250

4.5 190591 1206361 489098 572877 1195585

6.5 887851 610999 1344488 381552 1339299
7G66 1 752127 0 211350 13382 0
2 692133 58890 308800 363310 145252

3 339292 209137 424458 808404 704331

4.5 617281 338977 718472 887183 897672

Table 2.].1 | Total number of reads (sum across the clones) collected from each animal
(outer rows) at each time point (inner rows) and for all the cell types (columns).

model from [33]. Finally, model (D) assumes that while lymphoid T/B and
myeloid G/M develop in parallel trough separate branches from different
progenitors, there is a third developmental branch for the NK cells which
is separated/independent from the first two branches.
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Figure 2.G.1 | Varying T (rows): Boxplots of the estimated parameters over 100 indepen-
dent simulations.
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Figure 2.G.3 | Varying f (rows): Boxplots of the estimated parameters over 100 indepen-
dent simulations.
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Figure 2.H.3 | For each simulation with observed (left) and systematically missing (right) progenitors HSC, P1 and P2: boxplots
(y-axis) of the estimated parameters divided by the true ones for each reaction rate (x-axis) obtained from each method (colors)
under different magnitudes of the measurement noise parameters pp and p; (rows).
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MIXED-EFFECTS REACTION
NETWORKS OF CLONAL DOMINANCE

Parts of this chapter have been published in “Stochastic inference of clonal dominance
in gene therapy studies” [1].
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ABSTRACT

Mathematical models of haematopoiesis can provide insights on abnormal
cell expansions (clonal dominance), and in turn can guide safety moni-
toring in gene therapy clinical applications. Clonal tracking is a recent
high-throughput technology that can be used to quantify cells arising from
a single haematopoietic stem cell ancestor after a gene therapy treatment.
Thus, clonal tracking data can be used to calibrate the stochastic differ-
ential equations describing clonal population dynamics and hierarchical
relationships in vivo. In this work we propose a random-effects stochastic
framework that allows to investigate the presence of events of clonal domi-
nance from high-dimensional clonal tracking data. Our framework is based
on the combination between stochastic reaction networks and mixed-effects
generalized linear models. Starting from the Kramers-Moyal approximated
Master equation, the dynamics of cells duplication, death and differen-
tiation at clonal level, can be described by a local linear approximation.
The parameters of this formulation, which are inferred using a maximum
likelihood approach, are assumed to be shared across the clones and are
not sufficient to describe situation in which clones exhibit heterogeneity
in their fitness that can lead to clonal dominance. In order to overcome
this limitation, we extend the base model by introducing random effects
for the clonal parameters. This extended formulation is calibrated to the
clonal data using a tailor-made expectation maximization algorithm. We
also provide the companion ‘R package RestoreNet, publicly available for
download at https://cran.r-project.org/package=RestoreNet. Simulations
studies show that our proposed method outperforms the state-of-the-art.
The application of our method in two in-vivo studies unveils the dynamics
of clonal dominance. Our tool can provide statistical support to biologists
in gene therapy safety analyses.
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3.1. BACKGROUND

In gene therapy the correction of the defective gene(s) underlying the dis-
ease is, in principle, sufficient for inducing disease remission or even full
recovery [2]. Since the blood system possesses a hierarchical structure with
haematopoietic stem cells (HSCs) at its root [3], correction of large num-
bers of HSCs might be sufficient to eradicate a genetic disease [4, 5]. But
genetic modification of large numbers of cells is associated with the higher
probability of unintentional vector insertions near proto oncogenes, that
may lead to insertional mutagenesis [6-8]. Insertional mutagenesis causes
a significant change in clone fitness that can lead to the clones’ abnormal
expansion and to an unbalanced contribution of different clones to blood
cells production. Clonal dominance, characterised by the outgrowth of a
small subset of clones (oligoclonality) or one clone (monoclonality) in the
most extreme cases, poses serious concerns in the context of gene therapy
clinical trials because they might represent the initial stage of a leukemic
transformation and are in general considered negative predictors of long
term therapeutic benefit.

Clonal dominance in malignant haematopoiesis has been previously
identified as a consequence of a clonal competition that is corrupted by
disease progression [9, 10]. However, clonal dominance has also been
observed in normal haematopoiesis, even in the case of truly neutral
clonal markers [11-13]. Indeed, on the basis of various mathematical
models, progression of monoclonality has been discussed also for normal
(non-leukaemic) stem cell systems [14-18]. While there is strong evidence
for clonal selection inducing monoclonal systems in the crypts of the
small intestine [19-22], such a process has not been demonstrated for the
haematopoietic system yet. There are several high-throughput systems
that allow to quantitatively investigate those mechanisms. In gene therapy
applications, clonal tracking is performed by using permanent molecular
identifier integrated in the host cell genome. In pre-clinical animal stud-
ies, these are short fragments of random or semi-random DNA stretches
called barcodes, whereas in clinical setting vector integration sites are in
general used. After transplantation, all the progeny deriving through cell
differentiation inherits the original labels, thus allowing computational
modelling to unveil population dynamics and hierarchical relationships
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in vivo [23-26].

Here we extend the work by [27, 28] and propose a random-effects cell
differentiation network to detect the dynamics of clonal expansion from
high dimensional clonal tracking data. In particular, starting from the defi-
nition of the master equation [29], a set of [to-type stochastic differential
equations is derived to describe the first two-order moments of the process.
We estimate the parameters of the Ito system from its Euler-Maruyama lo-
cal linear approximation (LLA) [30] using a maximum likelihood approach.
Although the base LLA model formulation has been shown to be effective
in modelling cell differentiation [28], it has some limitations as it considers
all clone trajectories to be iid realizations of the same underlying stochastic
process, and does not take into account possible heterogeneous behaviour
across the clones. Therefore, the base LLA formulation cannot be used to
model clonal dominance. In this work we further increase the flexibility
of the base LLA model to take into account for potential heterogeneity in
clones’ behaviour in both duplication and differentiation rates. To this end
we introduce random effects for the clones inside the LLA formulation,
providing a mixed-effects LLA model. Then, we use the inferred mixed
model to identify which clones are mainly expanding and in which cell
compartments. Parameter inference in the mixed-effects formulation is
performed by means of an expectation-maximization algorithm, for which
we developed an efficient implementation in the “R package RestoreNet.
Our random-effects LLA formulation describes a stochastic process of
clonal dominance on a network of cell lineages. We tested and validated
our method in simulation studies, including a direct comparison with the
state-of-the-art method GLS [28]. Subsequently, is applied to investigating
the dynamics of clonal expansion in a in-vivo model of rhesus macaque
haematopoiesis [31]. Finally, by analysing an in-vivo model of tumor prone
mice, our method identifies the expected impact of vector genotoxicity on
clonal dynamics [32].

3.2. METHODS

An outline of our proposed stochastic framework is as follows. RestoreNet
takes a clonal tracking dataset as input, along with a set of reactions coding
for cellular duplication, death and differentiation. The system of stochas-
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tic differential equations describing the clonal dynamics are translated
into a generalized linear model formulation, that possibly includes clone-
specific random effects on the dynamics parameters. Subsequently, the
parameters are inferred and, if an event of clonal dominance is detected, a
pie-chart shows the clones that are expanding and in which cell lineage.
A graphical representation of the framework is provided in Figure 3.2.1.
This section contains a concise description of the stochastic formulation
of clonal dominance and the corresponding inference method. A more
detailed description of the stochastic model can be found in Section 3.D.

3.2.1. ASTOCHASTIC MODEL FOR CELL DIFFERENTIATION

Consistently with the definition of a stochastic quasi-reaction network of
Section 2.A, we consider a Markov process

xt:(xlt)---)xnt)y (321)

for a single clone and 7 cell types (i = 1,..., n) that evolve, in a time inter-
val (¢, t+ At), according to a set of net-effect vectors {v,-k}lkz1 and hazard

functions {h;, (J«:,;,B)}Ik(i1 defined as

Xir®i
v =q (1) hi,(x.,8) = { 22,6 (3.2.2)
(o =1-- 2....)' XitAiew
i O (i)
where
(i) ={jlAij >0} (3.2.3)

is the offspring set of cell type i, and K; is the total number of reactions
that involve cell type i and its offspring set & (i). The definitions of the
hazard functions and the net-effects follow from the law of mass action,
consistently with Eq. (2.A.6) of Section 2.A. The hazard functions include a
linear growth term x;;; for cell lineage i with a duplication rate parameter
a; >0, a quadratic term x?té ; for cell death of lineage i with a death rate
parameter §; > 0, and a linear term x;;A;; describing cell differentiation
from lineage i to any lineage j € @(i) with a differentiation rate 1;; > 0.
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The vector parameter

!/
B = (al,...,an,51,...,5n,A,1@(1),...,A,,n@(n)) y (3.2.4)

appearing in the hazard functions, includes all the dynamic parameters,
where A;g(;) is the vector of all the differentiation rates from cell lineage
i to its offspring set O (7). Finally, we define the net-effect matrix and the
hazard vector as

V = [Ull"' vlkl R Uy, v"Kn] EanK,
1 (3.2.5)
h(xtyo) = (hll(xtye))---)hh(l (xtre) ¢ hnl (xtye),---)hnl(n (xtre)) ’

where K = Z;’zl K; is the total number of reactions involved in the network.

3.2.2. LLA FORMULATION OF CLONAL DOMINANCE

Let y; = (1s..., Ynt)' be the vector of the measurements collected at time
t for a n-dimensional counting process x; = (x1;,...,Xn;) obeying to a
network of stochastic biochemical reactions defined by a net-effect ma-
trix V € 2K, a vector parameter 8 € RX and an hazard vector h(x,0) =
(h1(x,0),..., hx(x,0)) and let

26,0%)
Ayy M, Wy, )
: o= : |0+e, e~ MO, .. +0%Inr |, (3.2.6)
Ayip_y M, L C)
Ay M w‘fe)

be the local linear approximation of the Kramers-Moyal approximated
Master equation (see Section 2.B for details) where

Ay:=MB+(W,©0) +0°I,) " Ae;, Mgy~ H,(0,1,),
iy, ()
M=V . At, 6=(6,...,0%),
T (3.2.7)
i=1\rg;
hl(ytye)
W.0) =V _ VAt
hl(ytva)
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with o2 being the measurement noise variance, M ,0 the mean drift, W (@)
the diffusion matrix, and Ay; = y:+a; — ¥: is a finite-time increment of y
in the time interval At. From Eq. (3.2.6) it can be seen that all clones share
the same vector parameter 8. To infer the parameters of Egs. (3.2.6)-(3.2.7)
we developed a maximum likelihood algorithm which is fully described in
Section 3.C.

In some cases it may happen that the clones being analysed are drawn
from a hierarchy of J different populations that possibly behave differently
in terms of dynamics. In this case it might be of interest to quantify the
population-average 8 and the clonal-specific effects u around the average
0 for the description of clone-specific dynamics. For achieving this goal,
we extend the LLA formulation of Eq. (3.B.3) with a mixed-effects model
[33] by introducing random effects u for the J distinct clones on the vector
parameter 0, leading to a random-effects stochastic reaction network
(RestoreNet). The extended random-effects formulation becomes

M, 0 T4 0
Ay:[ .. u+e, u~ANp|1;00,I;® .. ,
0 M; T 0 r% (3.2.8)
—_—— u
MeRnT*Jp A,

£~ Nr(0,2(0,02),

where M is the block-diagonal design matrix for the random effects u cen-
tered in 8, each block M j is clone-specific, and ® is the Kronecker product.
As in the case of the null model of Eq. (3.B.3), we estimate o2 based on
data. From Section 3.D, the conditional distribution of the random effects
u given the data Ay is

ulAy ~ =/V]p (EuIAy;u/[u]; Vu|Ay;1//(u)) , (3.2.9)
where
Eyayw U] = Vyayy (@) (M'Z710,0%) Ay +A,'0,)

. (3.2.10)
Viayy @) = (M'Z71@,05OM+A;Y) ",

and g = (@’ ,az,rf,...,ri,)' is the vector of all the unknown parameters.
Once the parameters are estimated (see next section for inference details),
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the conditional expectations Ey|ay;y [#] can then be used as a proxy for
the clone-specific dynamic parameters. This method allows to infer clone-
specific dynamics by extremely reducing the problem dimensionality from
J-pto2-p+1(J>2).

3.2.3. INFERENCE PROCEDURE

In order to infer the maximum likelihood estimator ¢ for

Y= (0,0%1?,...,12), 3.2.11)

we have developed an efficient expectation-maximization (E-M) algorithm
where the collected cell increments Ay and the random effects u take the
roles of the observed and latent states respectively. The full analytical
expression of the E-step function Qy™) = Eyjay;y+ [£(Ay, u;9)] and its
partial derivatives %}.Q(WW’*) are available (see Section 3.D). In the E-M

algorithm we iteratively update the E-function Q(y|y*) using the cur-
rent estimate ¢* of ¢ and then we minimize the —-Q|y*) w.r.t. ¥. As
the E-step function Q(|y™) is non-linear and the parameters are box-
constrained, we used the L-BFGS-B algorithm from the optim() base R
function for optimization, to which we provided the objective function,
along with its gradient Vy, Q(yly™), as input. The E-M algorithm is iter-
ated until a convergence criterion is met, that is when the relative errors
of the E-step function Q(y|y ™) and the parameters ¢ * are lower than a
predefined tolerance.

Once we get the E-M estimate 1 for the parameters we evaluate the
goodness-of-fit of the mixed-model according to the conditional Akaike
Information Criterion [34]. As every E-M algorithm, the choice of the
starting point ¥ is very important from a computational point of view. We
chosey = (05, U?, T% =0,..., Tf, = 0) as a starting point where (05, O'?) is the
optimum found in the fixed-effects LLA formulation of Eq. (3.B.3). This is a
reasonable choice since we want to quantify how the dynamics Ey .4 4] j
of each clone j departs from the average dynamics 8. With the help of
simulation studies (see Results section), we empirically proved that this
choice always led to a conditional expectation E Ay [u] consistent with
the true clone-specific dynamic parameters 8. Computational details can
be found in Section 3.D. The pseudocode of the E-M algorithm is provided
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in Algorithm 5 of Section 3.D. The maximum likelihood inference for the
basal model and the expectation maximization algorithm for the random-
effects model are implemented in the “R package RestoreNet, available for
download at https://cran.r-project.org/package=RestoreNet.

3.2.4. MODEL SELECTION

The fixed-effects model .4 is scored according to the corrected Akaike
Information Criterion (AIC) [35] defined as

2dp.u,
d— Py — 1 ’
where ¢_4, is the log-likelihood of the null model .4y, d = nT is the size
of Ay, and p_4, the corresponding number of parameters. The random-

effects model ./ is ranked with the conditional akaike information crite-
rion (cAIC) [34] defined as

AIC(AMy) = -2 4, (0,02|Ay) + (3.2.12)

CAIC( M) = =20(Aylu;w) +2(p + 1), (3.2.13)

where £(Ay|u;y) is the conditional log-likelihood of the response measure-
ments Ay given the random effects u, ¥ is the vector of all the unknown
parameters, and p is the effective degrees of freedom of .#/; [36] defined
as the trace p = tr(H) of the hat matrix

Mz 10,0 M  MZI'0,0)M
M'Z7'@0,0)M MZ'0,0)M+A;!

M'2710,0%

H= [M M] M/Z_I(G,Uz)

. (3.2.14)

To measure the distance of the fixed-effects model .4, from the mixed-
effects model .4 we use the the Kullback-Leibler (KL) divergence [37]

A
KLdiu(uﬂollaf%)=/P(Ay)logp( y)d(Ay)
q9(Ay) 3.2.15
1 =4 (3.2.15)
:5{“@ffw—d+0n—uwifun—um+ma§7k
0

where p and g are the multivariate Gaussian density functions of Egs. (3.B.3)
and (3.D.1), whose mean vector and covariance matrix are given by

po=Mby, Z,=20,,6%,

. . (3.2.16)
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ax apg ac ap Oa Op Oc 6p Aa-B Aa.c Ac—p
cg 02 0.15 0.17 0.45 0.001 0.007 0.004 0.002 0.13 0.15 0.08
c 0.2 0.15 0.17 0.09 0.001 0.007 0.004 0.002 0.13 0.15 0.08
cg3 0.2 0.15 051 0.09 0.001 0.007 0.004 0.002 0.13 0.15 0.08

Table 3.3.1 | For each synthetic clone (row) the parameter values (columns) used for
inference.

where (90,6'3) and (91,65) are the parameter estimates for .4 and .4 . To
make model divergences comparable across different sized samples, we
use the rescaled KL divergence KL ;;, (4 ll41)/d.

3.3. RESULTS

3.3.1.IN SILICO VALIDATION STUDY

We simulated the dynamics of J = 3 distinct clones in four synthetic cell
types A, B, C, D following the differentiation network structure of Figure
3.3.1. The net-effect matrix V and the hazard vector h(x,8) were derived
from Eq. (3.2.2). To simulate the clonal tracking data we used the 7-leaping
Algorithm 3 of Section 3.A, with a time lag 7 = 1, that has been run inde-
pendently for each clone. We designed each simulation so that the first
clone dominates lineage D and the third clone dominates lineage C with a
sampling frequency T = 100. The values that were used for the reaction
parameters are reported in Table 3.3.1.

We first ran a single simulation under different magnitudes for the
noise variance o2. Then we fit the random-effects model of Eqg. (3.D.1) to
the simulated data using Algorithm 5 of Section 3.D. We reported in Figures
3.3.2-3.3.4 the simulated trajectories and a scatterplot of the estimated
conditional expectation Ey, s, [u] for the random-effects model against
the true clone-specific parameters. In the same figure we also reported
a piechart where each clone k is identified with a pie whose slices are
lineage-specific and weighted with w,lc, defined as the difference between
the conditional expectations of the duplication and death parameters, that
is

1 k k
wk = Eu|Ay;1il[ual] - Eu|Ay;1i/[u5l] » (331)
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where u";l and u§l are the random-effects for duplication and death of
clone k in cell lineage /. The diameter of the k-th pie is proportional to the
euclidean 2-norm of

wi=w,..., w", (3.3.2)

where 7 is the number of cell types. Therefore, the larger the diameter,
the more the corresponding clone expanded into the lineage associated to
the largest slice. The values of the estimated conditional expectations are
reported in Table 3.3.2. The scatterplot of Figures 3.3.2-3.3.4 clearly indi-
cates a strong agreement between the true parameters and the conditional
expectations Eya . [#]. In particular, as expected, as the noise variance
o? increased, the parameter estimates gradually moved away from the di-
agonal, so that the precision decreased. Also, our model correctly detected
the dominance of clones 1 and 3 in lineages D and C respectively, even for
large values of 02, as suggested by the pie-charts of Figure 3.3.4 and by the
values of Table 3.3.2.

Subsequently, to check goodness-of-fit, we ran 100 independent sim-
ulations separately for each noise variance setting. After fitting both the
base model of Eq. (3.B.3) and the random-effects model of Eq. (3.D.1),
using Algorithms 4 and 5 of Sections 3.C-3.D, the latter always reached a
significantly lower AIC compared to the null model, as suggested by the
boxplots of Figure 3.3.5. This result clearly indicates that our proposed
random-effects stochastic reaction network was able to measure variation
between clones in terms of differentiation dynamics and to detect events
of clonal dominance.

3.3.2. COMPARISON WITH GLS METHOD

We compared our proposed method with the state-of-the-art method GLS
[28]. To this end, we have designed two different simulation studies. In
the first simulation study all the clones shared the same vector param-
eter, while in the second study we induced the same clonal expansions
of previous section. In both studies we used the differentiation network
structure of Figure 3.3.1 as the true generative model from which we sim-
ulated clonal trajectories, using the 7-leaping Algorithm 3 of Section 3.A,
with a time lag 7 = 1. The net-effect matrix V and the hazard vector h(x,0)
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o’=.1 o’=1 02 =10

C1 Co C3 C1 Co C3 C1 Co C3

ay 0.198 0.198 0.199 | 0.183 0.191 0.198 | 0.151 0.139 0.127
ap 0.151 0.152 0.148 | 0.146 0.148 0.145 | 0.163 0.148 0.137
ac 0.171 0.168 0.509 | 0.163 0.168 0.518 | 0.166 0.175 0.649
ap 0.446 0.094 0.098 | 0.450 0.100 0.121 | 0.479 0.199 0.319
6A 0.001 0.001 0.001 | 0.001 0.001 0.001 | 0.001 0.000 0.001
6B 0.007 0.007 0.007 | 0.007 0.007 0.007 | 0.008 0.007 0.007
6C 0.004 0.004 0.004 | 0.004 0.004 0.004 | 0.004 0.005 0.005
6D 0.002 0.002 0.002 | 0.002 0.002 0.002 | 0.002 0.003 0.004
6a—p 0.129 0.130 0.130 | 0.129 0.130 0.133 | 0.127 0.126 0.110
da—c 0.149 0.150 0.148 | 0.148 0.149 0.151 | 0.154 0.155 0.153
dc—p 0.081 0.079 0.079 | 0.079 0.080 0.078 | 0.082 0.079 0.058

Table 3.3.2 | Conditional expectations Ey .y [#] of the random-effects obtained from
the estimated parameters ¢ for each reaction rate (rows) under different magnitudes of
the noice variance o (outer columns) for each clone (inner columns).

were derived from Eq. (3.2.2). For each study, we ran 100 independent
simulations under different noise variance settings (o2 € {0.1,1,10}). Sub-
sequently we fit both our proposed method RestoreNet and the competitor
method GLS. We reported the results in Figure 3.3.6, showing boxplots of
the relative errors between the true parameters and the estimated parame-
ters provided by each method.

Figure 3.3.6 clearly indicates that our proposed inference method Re-
storeNet overall outperformed the competitor method GLS. Indeed, while
in the first simulation study (no clonal dominance) both methods provided
similar parameter estimates, in the second simulation study (with clonal
dominance) our proposed method RestoreNet provided better parame-
ter estimates compared to GLS. This result suggests that our proposed
method RestoreNet was able to infer a cell differentiation network with
clone-specific parameters. In conclusion, results from this synthetic study
show that our method outperformed the competitor one for the identifica-
tion of clonal dominance.
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3.3.3. CLONAL DYNAMICS IN RHESUS MACAQUES

We analysed clonal tracking data collected from an established hematopoi-
etic stem cell model, previously used to investigate hematopoietic reconsti-
tution in Rhesus Macaques [31]. Mobilized peripheral blood (MPB) CD34+
cells from three macaques were transduced with barcoded vectors and,
following engraftment, myeloid Granulocytes (G), Monocytes (M), and
lymphoid T, B, and Natural Killer (NK) cells were flow sorted for 9.5 months
(ZH33), 6.5 months (ZH17), and 4.5 months (ZG66) [38]. The total numbers
of clones collected are 1165 (ZH33), 1280 (ZH17), and 1291(ZG66). Further
details on transduction protocols and culture conditions can be found in
the original study.

Although the sample DNA amount was maintained constant during
the whole experiment (200 ng for ZH33 and ZG66 or 500 ng for ZH17), the
sample collected resulted in different magnitudes of total number of reads
(see Table 2.].1 of Section 2.]). This discrepancy made all the samples not
directly comparable. Therefore we rescaled the barcode counts according
to Eq. (2.J.1) of Section 2.] before analysis. We compared the base and
random-effects models on the rhesus macaques clonal tracking data. Since
the CD34+ cells were not collected, we only estimated the duplication
parameters ar, &g, ANk, &y, ¢ and the death parameters 61, 6, O Nk,
O M, 6 of the lymphoid (T, B, NK) and myeloid (M, G) cells. Therefore the
differentiation parameters were not considered in our model, and the net-
effect matrix and the hazard vector were obtained from Egs. (3.2.2)-(3.2.5)
accordingly. Thus, the biochemical reactions were defined as

xr =2 xr, xrﬁcb,
xp 252 xp, xB‘LBQL
vk 2wk, vk g, (3.3.3)
xsz-xM, xM(S—A([@’
xGa_Ciz'xG! ng_G’Q;

where the left and right columns list the duplication and death reactions,
respectively. The corresponding model became effectively a birth/death
model including 10 dynamic parameters, one duplication and death rate
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p AIC  KLgiy(Mll A1)  KLgiy(AllAO) ] d

7H33 My 11.00  81377.27
A 434.16  38160.15 21062.95 1.87

7H17 My  11.00 336752.11
My 478.43  29478.05 291854802.44 114228.89

7G66 Mo 11.00  31194.60
M 41092 21384.85 232030.37 83.77

Table 3.3.3 | Comparison between fixed-effects .#(, and mixed-effects .4, models: Num-
ber of parameters (p), AIC, KL divergence KL ;, (#y|.#1) and rescaled KL divergence
KLgiy (M|l A1)]d in each thesus macaque.

for each lineage. We fit both the fixed-effect model of Eq. (3.B.3) and the
mixed-effects model of Eq. (3.D.1) separately to the data of each animal.
To further remove bias, we focused our analyses on the clones that were
recaptured at least 5 times. This resulted in a number of clones J equal to
481 (ZH33), 139 (ZH17), and 202 (ZG66), and in 6 (ZH33), 5 (ZH17), and 4
(ZG66) time points.

We reported the results on model selection in Table 3.3.3, and the
estimated parameters 9 in Table 3.3.4. Using the estimated parameters
¥, following Eq. (3.D.5), we computed the net conditional expectations of
Eq. (3.3.1), which we used as a proxy for the clone-specific net-duplication
a;—0; in each cell lineage /. The resulting values are reported in Figure
3.3.7 in a box-plot fashion. Subsequenty, in Figure 3.3.8 we proposed to use
a weighted pie chart to visualize our findings at clonal level. Consistently
with previous section, each pie, corresponding to a particular clone, was
weighted by its net conditional expectations, as defined in Eq. (3.3.1).

As a result, according to the AIC values, in each animal the mixed-
effects model (/) outperformed the fixed-effects one (.#)). This means
that the clones did not follow the same average dynamics for the birth-
death process. Instead, the dynamic of some clones departed from the
average dynamics with a significant (random) effect. In particular, the con-
ditional net-duplication rates Eyay4 [ugl] —Ey Ay;,i,[ugl] of Figures 3.3.7 -
3.3.8 suggest events of clonal dominance in specific cell lineages. As an ex-
ample, for the animals ZH33 and ZG66 we observed clonal expansions into
NK cells. Whereas, for the animal ZH17 we observed clonal expansions
into G and B cell lineages. Finally, for the animal ZG66 we also observed
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/H33 /H17 ZG66
0 72 0 72 0 72
ar 0813 1.176 2.246 1.051 1.081 2.702
ag 0.193 0.597 6.503 4.648 0.055 0.876
ang 0.758 2.253 2.435 2.364 1.095 1.943
ag 0.197 0.403 10931 53.216 0.847 1.318
ay  0.360 0.547 3.298 4.256 2.198 1.800
6r 0.155 0.074 0.172 0.741 0.039 0.059
o6 0.102 0.059 2.159 36.268 0.006 0.051
Onk 0.228 0.089 0.223 0.406 0.098 0.100
0c 0.039 0.029 13.211 70.756 0.018 0.017
Opy 0.100 0.059 0.012 0.018 0.035 0.019

Table 3.3.4 | Parameter estimated for the proposed mixed effects model: Fixed effects (@)
and variance (72) of the random effects for both the duplication a and death § parameters
for each cell lineage and each rhesus macaque.

events of clonal dominance into M and T cell lineages. Furthermore, the
weighted pie charts from Figure 3.3.8 revealed different gradients of clonal
dominance between the three rhesus macaques. As an example, by looking
at the size of the pies, it is possible to observe an higher clonal dominance
of NK cells in ZH33, and of G cells in ZH17, compared to the expansions
of M, NK and T cells detected in ZG66, where the diameters of the clone-
specific pies are rather similar. Not only the proposed mixed-effects model
detected clonal dominance in certain cell types, it also detected which
clones were responsible.

3.3.4. GENOTOXIC EFFECTS ON CLONAL DYNAMICS

We analyzed an in-vivo clonal tracking dataset previously used in [32]
to investigate clonal diversity in tumor-prone mice under two different
treatment conditions. Cdkn2a~'~ tumor prone Lin~ cells were ex-vivo
transduced with a lentiviral vector expressing GFP under either spleen
focus-forming virus (SFV) or PGK promoter/enhancer sequence. Cells
are then transplanted into lethally irradiated wild-type mice. To recover
enough DNA material, equal amounts of blood from two or three mice
belonging to the same experimental group were pooled before cell sorting.
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Integration sites were then retrieved by polymerase chain reaction (PCR)
at different time points from sorted T (CD3+) and B (CD19+) lymphocytes,
from myeloid cells (CD11b+) and unsorted blood cells (total MNC). Clonal
tracking samples were collected under heterogeneous technical conditions
as reported in Table 2.1.1 of Section 2.1. These confounding effects made
the samples not directly comparable. Therefore we rescaled the samples
following the description in Section 2.1 before analysis. The total number
of distinct clones collected were 45186 and 20471 for the PGK and SFV
treatments respectively. To further remove bias, we focused our analyses
on the top / = 1000 most recaptured clones across lineages and time. The
number of time-points T was equal to 7 (PGK) and 6 (SFV).

Next, we compared the fixed-effects model of Eq. (3.B.3) and the mixed-
effects model of Eq. (3.D.1) on the rescaled clonal tracking data, so as to
compare the dynamics of clonal dominance under the two viral vector
conditions. Since the HSCs were not collected, we only estimated the
duplication parameters a7, ap, @y and the death parameters 67, 65, O s
of the lymphoid (T, B) and myeloid (M) cells. Therefore, by analogy to
previous section the differentiation parameters were not considered in
our model, and the net-effect matrix and the hazard vector were obtained
from Egs. (3.2.2)-(3.2.5) accordingly. Therefore, the biochemical reactions
were defined as

ar Or

Xr—2-xr, Xr— @,
a 0

Xg=32-xp, xg 3@, (3.3.4)
am oM

XM — 2 XM, Xy — D,

where the left and right columns list the duplication and death reactions,
respectively. We fit both the fixed-effects model of Eq. (3.B.3) and the
mixed-effects model of Eq. (3.D.1) separately to the data of each vector
treatment. Both models included six dynamic parameters, that is one
scalar value for each combination of cell type with duplication and death
reactions.

We reported the results on model selection in Table 3.3.5, and the esti-
mated parameters ¢ in Table 3.3.6. Then, from the estimated parameters
1 we computed the conditional expectations of Eq. (3.3.1), which we used
as a proxy for the clone-specific net-duplication a; —§; in each cell lineage
l. By analogy to previous section, the resulting values are reported in Fig-
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p AIC  KLgjy(MolA))  KLgiy( Aol A) ] d

pek Yo 700 115997.43
A 47140 65083.07 17098.71 1.29

cpy Ao 700 6352089
A 842.00  30147.56 52431.53 6.51

Table 3.3.5 | Comparison between fixed-effects .4} and mixed-effects .#; models: Num-

ber of parameters (p), AIC, KL divergence KLg;, (4 |-#1) and rescaled KL divergence
KLgiy (Al A1) d in each treatment group.

PGK SFV

0 72 0 72
ay  0.058 1.014 1.287 5.781
ag 0.092 0.872 0.024 0.408
ar 0.632 2.625 3.367 2.824
oy 0.095 0.041 0.232 0.085
g 0.079 0.028 0.156 0.080
or 0.127 0.044 0.437 0.193

Table 3.3.6 | Parameter estimated for the proposed mixed effects model: Fixed effects (6)
and variance (72) of the random effects for both the duplication a and death § parameters
for each cell lineage and each treatment group.

ure 3.3.9 in a box-plot fashion, while in Figure 3.3.10 we proposed to use a
weighted pie chart to visualize our findings at clonal level.

As a result, according to the AIC values, under each treatment the
mixed-effects model (.#;) outperformed the fixed-effects one (.#). This
means that the clones exhibited heterogeneity in their dynamics for the
birth/death process. The dynamics of some clones departed from the
average dynamics with a significant (random) effect. In particular, the
conditional net-duplication rates of Eq. (3.3.1) from Figures 3.3.9 - 3.3.10
suggest events of clonal dominance in specific cell lineages. For example,
under the PGK treatment we observed clonal expansions into T cells.
Whereas, under the SFV treatment we observed clonal expansions into M
and T cell lineages with even higher conditional rates compared to PGK.
Furthermore, the Kullback-Leibler divergence from Table 3.3.5 revealed
a different gradient of clonal dominance between the two treatments,
suggesting that the clonal expansions identified in the SFV case were more
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significant compared to PGK.

3.4. DISCUSSION AND CONCLUSION

In this work we proposed a random-effects cell differentiation network
which takes into account heterogeneity in the dynamics across the clones.
Our framework extends the clone neutral local linear approximation of a
stochastic quasi-reaction network, written in the Ito formulation, by intro-
ducing random-effects for the clones on the dynamics parameters to allow
for clonal dominance. We used a maximum likelihood approach to infer
the parameters of the base (fixed-effects only) model that are than used as
initial values for the estimation of the random-effects model by means of
an E-M algorithm. We tested our framework with a 7-leaping simulation
study, showing accurate performance of the method in the identification
of a clonal expansion and in the inference of the true parameters. Then,
by means of an additional in-silico study, we have shown that our method
outperforms the state-of-the-art method GLS [28]. Subsequently, the appli-
cation of our proposed method on a rhesus macaque clonal tracking study
revealed significant clonal dominance for specific cell types. Particularly
interesting is that the NK clonal expansions detected by our model were
already observed by former studies [31, 39, 40], and therefore our findings
are consistent with those previously obtained. Indeed [39] described the
oligoclonal expansions of NK cells and the long-term persistence of HSPCs
and immature NK cells. Finally, our proposed method allowed to detect
the expected impact of vector genotoxicity on clonal dynamics in a tumor-
prone mice model of haematopoiesis, as already observed in a previous
study [32].

The main approximation, in both the basal and random-effects formu-
lations, is the piece-wise linearity of the process. In both cases we consider
first alocal linear approximation of the Kramers-Moyal approximated Mas-
ter equation, which is then used to infer the process parameters either with
or without random-effects. Although the linearity assumption makes all
the computations easier, this approximation becomes poor as the time lag
increments (the Ats) of the collected data increase. This can be addressed
by introducing in the likelihood higher-order approximation terms than
the ones considered by the Euler-Maruyama method. The Milstein approx-
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imation is a possible choice [41]. Another, completely different, approach
is to employ extended Kalman filtering (EKF) which is suitable for non-
linear state space formulations [42]. Also, our framework cannot consider
false-negative errors or missing values of clonal tracking data. Also for this
issue, an EKF formulation could be a possible extension. The frequentist-
based inference step of our proposed E-M algorithm may be replaced by
Bayesian alternatives. For example, the E-step function Q(y|y*) could be
replaced by a Metropolis-Hasting step [43, 44]. Alternatively, a variational
Bayes method could be employed, where the unknown vector parameter
v is treated as an additional latent variable [45]. Our future work will aim
to extend the “R package RestoreNet by including other types of reactions
(besides cell duplication, cell death and cell differentiation).

Our tool can be considered as complementary to the classical Shannon
entropy index [32] in detecting fast and uncontrolled growing of clones af-
ter a gene therapy treatment. Indeed, while the Shannon entropy measures
the diversity of a population of clones as a whole, RestoreNet provides a
clone-specific quantification of dominance in terms of conditional mean
and variance of the expansion rates. Our proposed method provides a pro-
totype model of clonal haematopoiesis whose parameters are calibrated
to fit high-dimensional clonal tracking data. Our data-driven model can
be integrated with those obtained with alternative approaches, where the
unknown parameters are either set to experimentally-derived quantities,
computed from the steady states, or based on independent studies [46, 47].

In conclusion, our proposed stochastic framework is able to detect de-
viant clonal behaviour relative to the average dynamics of haematopoiesis.
This is an important aspect for gene therapy applications where is crucial
to quickly detect any adverse event that may be related to clonal domi-
nance. Therefore our tool can provide statistical support in gene therapy
surveillance analyses. Our proposed method also has potential applica-
tions in other biomedical longitudinal studies with subject-specific dynam-
ics, such as population infection dynamics [48, 49], population analysis
of tumor development [50], and genetic regulatory networks [51]. More-
over, our proposed mixed-effects formulation of stochastic quasi-reaction
networks can potentially be applied to more general, non-Markovian,
classes of network models, such as stochastic hybrid systems with memory
(SHSM). This more general class of models suits history-dependent bio-
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logical systems, such as neural dynamics and immune responses [52, 53].
A mixed-effects formulation of dynamical systems may find room also in
optimal investments problems, such as stochastic games in a continuous-
time Markov regime-switching environment [54]. Indeed, if such models
can be written in a Ito-type formulation, mixed-effects on sensible subjects
(e.g. groups of investors in a market) can be incorporated.

3.5. AVAILABILITY OF DATA AND MATERIALS

The code that supports the findings of this study is openly available at
https://github.com/delcore-luca/ClonalDominance. The ‘R pack-
age RestoreNet is publicly available for download from CRAN.
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CON?
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4

SO/

Figure 3.3.1 | Differentiation structure of four synthetic cell types A, B, C, D. Cell duplica-
tion, death and differentiation are indicated with green, red and grey arrows.
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Figure 3.3.3 | Simulation results - part 2: (left): Simulated trajectories. (center): Scatterplot between the clone-specific true
parameters 6y, and the conditional expectation Eys,. [u]. (right): Clonal pie-charts where each clone k is identified with a
pie whose slices are lineage-specific and weighted according to Eq. (3.3.1). The diameter of the k-th pie is proportional to the
euclidean 2-norm of wy, as defined in Eq. (3.3.2). The synthetic noise variance has been set to o?=1.
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ZH33 ZH17 ZG66
S - S - S -
O- O - O -
m - o - m -
= = =
0O 4 8 0 40 80 0o 2 4

Figure 3.3.7 | For each animal analyzed (columns), the boxplots of the conditional expectations Ey, E\%EML - Ey E%EW_

computed from the estimated parameters ¢ for the clone-specific net-duplication a; — §; in each cell lineage [ (different colors).
The whiskers extend to the data extremes.
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Figure 3.3.9 | For each treatment group (columns), the boxplots of the conditional expectations of Eq. (3.3.1) computed from the
estimated parameters ¥ for the clone-specific net-duplication «; — §; in each cell lineage ! (different colors). The whiskers extend

to the data extremes.
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APPENDIX

3.A. T-LEAPING ALGORITHM

A 7-leaping algorithm is an alternative method to a Gillespie algorithm for
simulating triggering-chain events. Instead of simulating a waiting time
for the first reaction to occur and selecting the corresponding winner reac-
tion, a 7-leaping algorithm simulates the number of occurrences of each
possible event after a time-lag equal to 7 elapsed. Formally, let {N,(#)} ;>0
be an inhomogeneous Poisson point process representing the number of
reactions of type r that took place up to (and including) time ¢. Therefore

t
N, (t) ~ Poisson (f Br(s)ds) , (3.A.1)
0
t+At
E[N,(t+At)— N, (1] :f 0,(s)ds= 0. (3.A.2)
t

The last equation gives an estimate of the expected number of reactions
of type r that took place within the time interval [t, ¢ + A;[. Therefore,
the expected number of molecules y;.; at time ¢t + At given the current
number of molecules y; can be easily obtained by adding to y, the product
between the expected number of events E[N,(t + At) — N,(t)] that have
happened in the time interval [z, £ + A/, the corresponding net-effect, and
the number of ways that reaction can occur, leading to

CHIE
Yisne =Yy +V : (3.A.3)
Oy T, (72)

The pseudocode of the 7-leaping algorithm is reported in Algorithm 3.

101
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Input: S (no. simulations), yp(initial state),
7 (time lag),0(#) (reaction rates)
Output: {y},

t—0;
Ye—Yo
fors=1:Sdo
forr=1:Kdo
‘ e = [1*80, (s)ds;
end
oML, ()
Yisar <=y +V : ;
oy I, (72)
f—1t+T1,
end

Algorithm 3: 7-leaping algorithm

3.B. EULER-MARUYAMA APPROXIMATION

Remark 3.B.1. (Generalized Linear Model (GLM) formulation)
Using previous results and some linear algebra, the approximated Ito equa-
tion (2.B.3) can be further approximated as

M, 1/2
I, (1) 0 hu(y:.6)
Ay, =V At +|v V'At+d?1 Ag;,
Yt S ; e f) oIy t 3.B.1)
M, (rKi) K 1Y
0 w,.(6)
Ag,~N(0,1,),
or more compactly
Ay:=MB8+€;, &,~NOW,0)+05°I,), (3.B.2)

where we included the term o*I y so as to prevent singularity of the diffu-
sion term, and to additionally explain noise variance. In practice, since
we collect only discrete-time increments Ay; = ¥+ar — ¥, We consider an
Euler-Maruyama local linear approximation (LLA) of the approximated Ito
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equation. Indeed we also replaced the infinitesimal increments dt and dy;
with the discrete increments At and Ay;. Then, all the time-specific blocks
can be stacked together obtaining the full generalized linear model (GLM)
formulation

z6,0%)
Ayto MtO f WZO (e) B
.| = [ : |8+e, e~.N|0, _ +0°Iyr |, (3.B3)
Ayer_, My, Wiy, 0)
Ay M W‘(rﬂ)

which is convenient for parameters inference.

3.C. INFERENCE OF THE BASE GLM MODEL

We infer the parameters (8, 02) of (3.B.3) with a maximum likelihood ap-
proach, that is we solve the following constrained optimization problem

6111 — argmin f(0,02), 3.C.1)
0=0;02=0

where the objective function is
0,0 =log(IW.|) + (dy - MO)W, ' (dy - M@), (3.C.2)

and we compactly write the diffusion matrix W, = W (@, 0?) as a function
of the free parameters. Using the rules of matrix calculus [55], the partial
derivatives of f w.r.t. @ and o can be written as

Vof(0,0%) =Vglog(W.|) +dy' VoW, ldy + 20 MW, M+ 5.C3)
—2MWl+0'M'VeW Hdy +0'M'VeW, M6, o
V2 f0,0%) =V 2log(W.|) +dy'V, .W, dy+
—20'M'V W, dy +0'M'V W, M8 (3.C.4)
tr(W.') - (dy-MO)W,'W . (dy- M8,
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Input: M, Ay
Output BML
6%, — argmin {log(IW.) + (Ay - MO) W (Ay - M)}

O 0=0;02=0
Algorithm 4: Maximum Likelihood inference for the base model.

where
o 0 0
—wl=—wl—w.w.!, —Ww,=W(.,1,...),0),
00 00 a0 (€. i 2,0
iw—l——w—lw—1 9 log|W., I—tr(W_ 9 W) (3.C.5)
g2 x T e 5g. 008 a; ) T

0
302 —loglW.|=tr(W,').
Then, we solve the optimization problem (3.C.1) by using the objective
function (3.C.2) and its gradients (3.C.3)-(3.C.4) inside the L-BFGS-B opti-
mization algorithm from the optim() function of the stats “R package.
The inference procedure is summarised in Algorithm 4.

3.D. RANDOM-EFFECTS REACTION NETWORKS

From Eq. (3.B.3) it can be seen that all the molecules yy,..., y, share the
same parameter vector 8. In some cases it may happen that the molecules
being analysed are drawn from a hierarchy of J different populations
having different properties. In this case it might be of interest to quantify
the population-average 6 and the subject-specific effects u around the
average 0 for the description of the subject-specific dynamics. Therefore,
to quantify the contribution of each subject j = 1,..., ] on the process’s
dynamics we extended the LLA formulation of Eq. (3.B.3) by introducing
random effects u for the J distinct subjects on the parameter vector 0,
leading to the following mixed-effects [33] formulation
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M, 0 7 0
Ay = u+e, u~ANp|1;0,I;® )
— 3.D.1
0 M; 0, 0 5 G-D-D
— — P ——
MeRn*JP Ay

£~./0,20,0%),

where M is the block-diagonal design matrix for the random effects u
centered in 8, and each block M is subject-specific. As in the case of the
null model of Eq. (3.B.3), to explain additional noise of the data and to
avoid singularity of the stochastic covariance matrix W (@) we added to its
diagonal a small unknown quantity o> which we infer from the data. In
order to infer the maximum likelihood estimator ¢ for

y=(0,0%7%,...,7), (3.D.2)

we developed an efficient expectation-maximization E-M algorithm where
Ay and u take the roles of the observed and latent states respectively.
Under this framework

pulAy) <, p(Aylu) p(u)

1
oy exp| - Eu’(M’Z_l(B,UZ)M +AHu

(3.D.3)
+u/ M'Z710,0%)Ay+A'0,) |,
and therefore
u|Ay ~ Nyp(Eyaywlul, Vuayy (W), (3.D.4)
where
Eusyy U] = Vuayy ) (M7 0,00y +4510,) (3.0.5)

Viaysy @) = (MZ71@,09M + A1)
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Also, the joint log-likelihood of Ay and u is given by

Ay, ;) ocy LAYlww) + L, y)
1 1
Xy —ElogIZ(B,az)I - E(Ay—Mu)’Z_l(B,az)(Ay—MuH (3.D.6)

1 1 _
—Elogmu—E(u—eu)’Aul(u—eu),

which only depends on u linearly via its first two-order conditional mo-
ments of Eq. (3.D.5). Therefore, it follows for the E-step function that

QW ly™) = Eyjnyy+ LAY, u;9)] = —%logIZ(B,UZ)I
—l{Ay’Z_l 6,0%) Ay —2Eyayy- [WI'M'Z710,0%) Ay+
+tr( (9 o M [Viiaysy+ @) + Eyjaysp (U Eyayy- [W]')}+ (3.D.7)
_EloglAul - Etr(A; [Vuiaysy* @) + Eyjayy+ (U] Eyjayp- [u]'])+
+Eyjayy- [U]'A'0, - %H'uA;lBu :

The gradient of Q(w |y ™) is defined by the following partial derivatives

9 e Lirlz10 092 50 o2
aejQ(V/lW )= tr(Z ©,0 )09]_2(9,0 )|+
—%{—Ay'): 6,055 2(0 o2)z710,0%)Ay+

+2Eyiayy [W/M'Z71 0,0 ) 2(0 0)x710,0%)Ay+
0 (3.D.8)

+tr( 10,0 ) 2(0 o)z~ (0’02))M[VulAy;w*(u)
+Eu|Ay;1//* (U] Eyay;y+ [u],] }+

G 0
+Eyjayy- (U] Aulae 0. B/L‘Aulae 6.,
J



3.D. RANDOM-EFFECTS REACTION NETWORKS 107

A—liA;1)+

0 o1
a7, W= Aoy

1 40 .-
—5tr AulgAulAul [Vuiayw @) + Eujaysy (W] Euiayy [u]']) + (3.D.9)
j

40 . _ 1 N
—Eumy;w*[ul’AulaTjAulAuleu+59;Au15j A0,

0 *y _ _1 -1 2
@Q(wlw )= 2tr(X @,0)
—%{ ~Ay'="10,052710,0%) Ay+
+2Eyay [W'M'Z710,09Z710,0%) Ay+ (3.D.10)
VuIAy;u/* (w)

)i

In the E-M algorithm we iteratively update the E-function Q(y|y*) using

+tr( ~-M'2710,65)2710,05)M

+Eu|Ay;1[/* (u] EulAy;‘([/* [u]/

the current estimate ¢* of ¢ and then we minimize the —Q|y™) w.r.t.

v. The E-M algorithm is run until a convergence criterion is met, that
is when the relative errors of both the E-step function Q(y|y™*) and the
vector parameter ¥ are lower than a predefined tolerance. Once we get the
E-M estimate 9 for the parameters we evaluate the goodness-of-fit of the
mixed-model according to the conditional Akaike Information Criterion
[34]. As every E-M algorithm, the choice of the starting point ¥ is very
important from a computational point of view. We chose as a starting point
W= O, 6%,,T1=0,..., r% = 0) where @7, 64,;) is the optimum found
in the fixed-effects LLA formulation of Eq. (3.B.3). This is a reasonable
choice since we want to quantify how the dynamics Ey 5y (Ul j of each

subject j departs from the average dynamics 6111. The E-M pseudocode is
given in Algorithm 5.
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Input: y* = @1, 62,72 =0,. ., T5=0), M, Ay
Output: ¥ ,,
chose a small tolerance tol and set € = +00;
whilee > tol do
update Eyay;y+ (U] and Vyjayy- (1) as defined in Eq. (3.D.5) ;
set to zero the negative elements of Ey|ay,y- (U] ;
update Q(y |y ™) and Vy+ Qy|y™) according to
Egs. (3.D.8)-(3.D.10) ;
setWoig — Y™ ;
update ¢* — argmin — Q(y|y*) ;

=0

update € = QW o1alWo1a) — Q™Y ™) ;
end
Ve =v"

Algorithm 5: E-M inference algorithm for the mixed-effects model.
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A NORMALIZED MEASURE OF
CLONAL DIVERSITY

Parts of this chapter have been published in “Normalization of clonal diversity in gene
therapy studies using shape constrained splines” [1].
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ABSTRACT

Viral vectors are used to insert genetic material into semirandom genomic
positions of hematopoietic stem cells which, after reinfusion into patients,
regenerate the entire hematopoietic system. Hematopoietic cells originat-
ing from genetically modified stem cells will harbor insertions in specific
genomic positions called integration sites, which represent unique genetic
marks of clonal identity. Therefore, the analysis of vector integration sites
present in the genomic DNA of circulating cells allows to determine the num-
ber of clones in the blood ecosystem. Shannon diversity index is adopted to
evaluate the heterogeneity of the transduced population of gene corrected
cells. However, this measure can be affected by several technical variables
such as the DNA amount used and the sequencing depth of the library
analyzed and therefore the comparison across samples may be affected by
these confounding factors. We developed an advanced spline-regression
approach that leverages on confounding effects to provide a normalized
entropy index. Our proposed method was first validated and compared
with two state of the art approaches in a specifically designed in vitro assay.
Subsequently our approach allowed to observe the expected impact of vector
genotoxicity on entropy level decay in an in vivo model of hematopoietic
stem cell gene therapy based on tumor prone mice.

4.1. INTRODUCTION

Gamma retroviral and Lentiviral Vectors (LVs) are widely adopted in Gene
Therapy (GT) thanks to their ability to insert therapeutic transgenes in
the host cell genome of hematopoietic stem/progenitor cell (HSPC). Af-
ter transplantation into the patient the HSPCs reconstitute the entire
hematopoietic system and correct the genetic defect. Therefore, vector in-
tegration ensures the maintenance of gene correction during self-renewal
of HSPCs as well as its transmission to their cell progeny[2]. These vectors
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integrate semi-randomly within the human genome, and then each trans-
duced cell harbours a vector integration in a distinct genomic position
(integration site, IS) that can be adopted as a genetic mark to distinguish
each engrafted clone. The retrieval of IS from transduced cells can be
done by using PCR protocols that allow to specifically amplify the vec-
tor/genome junctions from their genomic DNA. Sequencing and mapping
on the target cell reference genome allow to identify IS that can be uni-
vocally used for clonal identity. Therefore, the analysis of vector IS from
DNA of blood cells harvested at specific time points after transplant from
GT patients provide information on number of hundreds to thousands of
clones present in circulation and their relative abundance. For this reason,
IS studies are required for safety and long-term efficacy assessment in
preclinical and clinical studies [3-9].

The Shannon entropy index, a well-established measure of species
diversity in ecology[10], has become one of the most widely used measure
of IS diversity in HSC-GT applications [11]. This measure has been pos-
itively correlated to high levels of genetic modification and engraftment
of genetically modified cells while low levels of entropy were associated
to poor levels of genetic modification, or oligoclonality due to poor en-
graftment or even the appearance of highly dominant clones resulting
from malignant transformation [12]. Indeed, the complexity of a given
DNA sample is computed considering both the total number of different
IS obtained and their relative abundance. Thus, highly polyclonal samples
characterized by large number of IS whose abundance is evenly distributed
will have a higher Shannon diversity index than oligoclonal samples with
a relatively smaller number of IS and/or characterised by the presence
of highly dominant clones. However, the Shannon diversity index does
not consider variations in sample size (amounts of DNA analyzed) or the
efficiency in species retrieval (different PCR protocols for IS retrieval, se-
quencing platforms and sequencing depth) of complex ecosystems, such
as the population of vector integrations sites in the genome [13].

Thus, while Shannon diversity index provides an objective measure
of the clonal complexity of any given IS sample, these confounding fac-
tors should be taken in account when the clonal complexity of different
samples is compared. Since longitudinal studies of GT patients for IS
monitoring could require the analysis of several samples collected under
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heterogeneous technical conditions, a method aimed at removing con-
founding effects in diversity index is needed. To remove confounding
factors in the estimations of ecosystem diversity, several methods have
been applied. Random subsampling without replacement, called “rarefy-
ing” [14], is among the most popular methods for the normalization of
species count data in ecology as well as for next generation sequencing
(NGS) data in microbiology. Given a predefined sequence depth (total
count, SD), a subsample from each library is generated by randomly pick-
ing reads without replacement, until the selected total number of counts
is reached. Although rarefying has become the state-of-the-art tool for
NGS data analysis [15], some limitations have been recognized. Indeed,
[16] demonstrated that rarefying is statistically inadmissible and should be
avoided. Furthermore, in [17] it was highlighted that estimates of species
diversity in sites/habitats at local scale, namely the a-diversity [18], for
rarefied microbiome count data may be strongly biased. This is mainly
due to the rare species which may be over- (or under-) represented in the
samples that have been normalized to a smaller depth by rarefaction. An
alternative normalization to rarefying is scaling, which adjusts the size
of all samples by scaling their counts to the same total amount. Scaling
preserves the relative frequencies of the species and keeps the species
richness unchanged. Therefore, simple scaling does not remove the ef-
fect provided from the library depth neither on species richness nor on
species diversity. [19] introduces a novel normalization method for species
count data called scaling with ranked subsampling (SRS) and the authors
demonstrate its suitability for the analysis of microbial communities.
The growing number of normalization and scaling approaches high-
lights that a robust method has not been developed yet. In this work we
show that all proposed methods have limitations. In particular they miss
of a precise quantification of the effect of each confounding variable on
the Shannon entropy. Furthermore, we also show that the rescaled Shan-
non entropy index obtained by either rarefying or scaling with ranked
subsampling still suffers from the effect of the confounders. We propose
a spline-regression approach aimed to explain and remove those effects
from the diversity indexes. The effect of the confounders is measured
using a B-spline term whose shape is restricted according to a biological-
sustained hypothesis. We test our framework by analysing a novel in-vitro
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dataset properly designed to simulate the same clonality state under differ-
ent combinations of technical conditions. We also compare our method
with the previously proposed methods from the literature in terms of ef-
ficiency according to hypothesis testing. That is, we consider a rescaling
method to be more efficient if there is more evidence for the correspond-
ing rescaled measure being independent from the effect of the candidate
confounders. Finally, our rescaling approach allowed to unmask the ex-
pected impact of vector genotoxicity on entropy level decay in an in vivo
model of hematopoietic stem cell gene therapy based on tumor prone
mice [20, 21].

4.2. POTENTIAL ARTEFACTS IN CLONAL TRACKING

There are several high-throughput systems capable to quantitatively track
cell types repopulation from an individual stem cell after a gene ther-
apy treatment [22-24]. Tracking cells by random labeling is one of the
most sensitive systems [25]. In HSC-GT applications, haematopoietic
stem cells (HSCs) are sorted from the bone marrow of the treated subject
and uniquely labeled by the random insertion of a viral vector inside its
genome. Each label, called clone, or integration site (IS), is defined as the
genomic coordinates where the viral vector integrates. After transplan-
tation, all the progeny deriving through cell differentiation inherits the
original labels. During follow-up, the labels are collected from tissues and
blood samples using Next Generation Sequencing (NGS) [26-29]. NGS
is a recent approach for DNA and RNA sequencing, which consists of a
complex interplay of chemistry, hardware, optical sensors and software
[30-33]. In gene therapy applications NGS does allow identifying, quanti-
fying and tracking clones arising from the same HSC ancestor. Over the
past decades, clonal tracking has proven to be a cutting-edge analysis
capable to unveil population dynamics and hierarchical relationships in
vivo [34-37]. Clonal diversity, measuring how many distinct clones are col-
lected and how they distribute, can address some of these aspects. Loosely
speaking, the less distinct clones the lower the clonal diversity and in turn
the less the system is being repopulated in that particular cell compart-
ment. Furthermore, under the same number of different clones collected,
the more their distribution is far from the uniform, the lower the clonal
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diversity and the more the dominance of few clones, thus suggesting the
possible occurrence of an adverse event. The Shannon entropy index [38],
a well-established measure of population diversity in ecology studies [10],
nowadays is hugely used as a proxy of clonal diversity in gene therapy
applications [11]. Following [38], the Shannon entropy index is defined as

n
h(x)=-)_ P(x;)logP(x;), (4.2.1)

i=1

where x has possible realisations xi,..., x,, which occur with probabilities
P(xy),...,P(x,). Therefore, Shannon entropy is a special case (up to a
change in sign and a multiplicative factor 1/n) of the Kullback-Leibler
divergence [39]

Dkr(PlQ) = ZP(x,)log Plx) (4.2.2)
i=1 Q( l)

when the reference Q is the uniform distribution on xy, ..., x,.

Potential limitations of entropy-based measures in gene therapy ap-
plications are related to the heterogeneous nature of NGS data [40-44].
Indeed due to sampling and technical conditions, such as the amount of
the host DNA being sequenced and the PCR being adopted, the number
of reads obtained per library can span orders of magnitudes [13] which
may affect the cellular counts and in turn their Shannon entropy. These
differences in magnitude of library size/depth mainly depends on unequal
pooling of PCR products before sequencing. In order to pool PCR products
from individual samples in equimolar amounts [45], DNA concentrations
are commonly determined by ultraviolet-visible (UV) or fluorescence spec-
troscopy, real-time PCR or digital PCR [46]. Although these methods are
very effective [47], an identical library size across samples is difficult to
achieve. Nonetheless, if we define the multiplicity of infection (MOI) as
the average ratio between the number of virus particles and the number of
target cells present in a defined space, then the actual number of viruses
that will integrate on any given cell can be described by a stochastic pro-
cess, such as some cells may absorb more than one infectious agent while
others may not absorb any of them. Typically, the probability P(n|m) that
a cell will absorb 7 virus particles when inoculated with an MOI of m can
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be modelled as a Poisson variable with rate m,

n,—m

P(nim) =

(4.2.3)
n!

Therefore, by definition, it is possible to increase the expected number of
vector copies per cell (VCN) by properly tuning the MOI in the design of
the experiment/treatment. As a result, the VCN may affect the number of
IS collected and in turn the Shannon entropy.

In Figure 4.2.1 we show the behaviour of the Shannon entropy index
as a function of the DNA amount, the VCN and the sequencing depth
(SD) in the case of an in-vitro assay described in section 4.4.1. Figure
4.2.1 suggests that the Shannon entropy index strongly depends on the
quantitative confounders, until it reaches a steady-state. These features
motivate us to use shape constrained splines (SCS) in order to model the
effect of the candidate confounders on the entropy measurements.

4.3. METHODS: SHAPE CONSTRAINED SPLINES

4.3.1. DEFINITION OF THE MODEL

Shape-constrained splines (SCS) for fitting, smoothing and interpolation
have been explored and proposed in various works, such as [48-53]. In
this work we follow the cone-projection approach [52, 53]. We model the
logarithmic observed entropies h;’s, fori = 1,..., n, as a function (_)f a SCS-
bases Ci.c for every potential confounder k =1, ..., K plus a term Ff for any
other additional feature of interest j =1,..., J, so that

K J ..
log(h)=Po+ Y CiPe+) FiBi+ei, i=1...n, (4.3.1)
k=1 j=1

where Sy is the intercept, Cf is the basis of a quadratic spline for the k-th
confounder used for observation i for which we assume a saturation state
at the right boundary knot and a monotone increasing concave shape.
For our applications, the boundary knots of a spline basis associated to a
variable x are defined as the minimal and maximal value of x. The term
Ff corresponds to the i-th observation of a basis describing the j-th addi-
tional component, such as the time or the cell type. The corresponding
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parameter vectors are X and ,Bjc respectively. Finally we assume for the

noise variable: .
£; lLdN(O’O-Z)’ i=1,...,n. (4.3.2)

Therefore, the model can be compactly written as

1
hy 1 Ci -~ Cr] [ B F - F | Py &1
log|| : |]= [;][50+ : : S : SR ], (4.3.3)
hy 1 cl ... cK BK F! ... ¥/ B €n
\ ) N~ n n c n n f N~
log(h) ! ¢ 5. A A

where the number of features K and J depend on the project and/or the
specific research questions that must be addressed. Quadratic splines are
characterized by the discontinuity of the second-order derivative, which
makes their treatments harder than cubic splines. This applies already
to unconstrained spline fitting and interpolation. In particular, the def-
inition of quadratic penalised/smoothing splines is not straightforward.
Therefore, in general, cubic splines should be preferred over quadratic
splines. Despite this, in our in-vitro assay (VA) application only three dis-
tinct values of both the DNA amount and the vector copy number (VCN)
are available. Therefore, in order to get a good trade-off between bias and
variance as well as in order to obtain a full-rank design matrix, we chose
quadratic splines with one interior knot for both the DNA amount and the
vector copy number (VCN), and a quadratic spline with two interior knots
for the sequencing depth. In Section 4.B we compare the fits of quadratic
and cubic splines. For consistency, we also use quadratic splines in the
mice study on genotoxicity, where our goal is to model the relationship
between the entropy and several confounders; cf. Section 4.4.2.

4.3.2. SHAPE-CONSTRAINED SPLINES NORMALIZATION

For simplicity, we set K =1 and J = 0 in Eq. (4.3.3), namely we consider
only one confounder and no additional factors of interest. The general case
can be obtained straightforwardly. Here we follow [54] and we represent
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an (r + 1)-th order B-spline as
q
m(x) =) BB} (x) (4.3.4)
j=1

where, for j =1,..., g, the bases are iteratively computed as

kj

kjtrsz—x
B (x) = B ')+ —1= = B, (4.3.5)
! kj+r+1_kj / kj+r+2_kj+1 I+
1, ki<sx<k;
B (%) = J=a =R (4.3.6)
J 0, otherwise

for a given sequence of evenly spaced knots {; <¢» <--- < {41,12, Where
q is the number of basis functions and f;’s are the corresponding coeffi-
cients. The first order derivative of Eq. (4.3.4) can be written as

14
m'(x) = 5 ZZB;‘I(x)(ﬁJ- -Bi-1), (4.3.7)
]:

where 6 is the distance between two adjacent knots. Since all B-spline
basis functions are nonnegative by definition, a sufficient condition for
m'(x) =0, and in turn for the monotone-increasing shape of m(x), is

ﬁ]—ﬁ]_lzo j:2,...,q. (43-8)

Furthermore, the second order derivative of Eq. (4.3.4) can be written as
4 —qu’—Z i —2B; ; 4.3.9
m (x)—ﬁj; TR (B - 2B+ Bj-2) (4.3.9)

Then a sufficient condition for m" (x) < 0 and in turn for the concavity of
the spline in Eq. (4.3.4) is
Bi—2Bj-1+Bj-2<0, j=3,...,q. (4.3.10)

The monotonicity and concavity constraints can be written respectively as

C1f=0, GCB=0, B=[B1 B, 4.3.11)
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where

-11
-11

12 -1
12 (1-2)x
eRY 9. (4.3.12)

o1 2
If both monotonicity and concavity constraints must be satisfied, the first
q — 2 constraints/rows of C; are redundant, as stated by the following

Lemma.

Lemma 4.3.1. If f; —20;j1+pj2<0 Vj=3,...,qandfs;— P41 =0,
thenﬁ]-—ﬁj_120 Vj:2,...,q—1.

Proof. : Bg—2Bg-1+Bg-2 <0and —B, + B,-1 < 0 hold, which
together imply 5,1 —f4-2=0.

‘j:k+1:j: k‘: Bi+1— 2Pk + Pr—1 < 0and — P41 + Bx < 0 hold, which
together imply By — Br-1 = 0.

O

Therefore by Lemma 4.3.1, if both constraints C; and C; are applied,
the whole matrix of constraints reduces to

c=| 1271 |, (4.3.13)

-1 2 -1
Furthermore, we need to consider that sampling might be characterised by
a sequencing saturation level due to technical limitations. In this case, the

saturation level can be included by considering a steady-state/stationary-
point at the right boundary knot 4,42, namely by setting

0'B(Egrr42)B=0, (4.3.14)
where
0'B(x) = (0'B](x),...,0' By ()] (4.3.15)
is the first derivative of the spline basis

B = (B](x),..., By()] (4.3.16)
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evaluated at x. Our “R code implementation allows to switch between the
presence and absence of the saturation level by the additional logical input
parameter SATURATION. By default this parameter is set to TRUE, but it can
be switched to FALSE if the user prefers not to implement a saturation
level (or a steady state) w.r.t. a particular predictor variable. In our case of
quadratic degree (r = 1), the constraint in Eq. (4.3.14) reduces to

_ an—l (€q+r+2)

O TR

By-1, (4.3.17)

which can be written compactly using the following transformation

of (R Rpx<@D 0y, XA (4.3.18)
where
10 0
0" :
A= o e RI*@- (4.3.19)
: 0 1

and nyx is the number of rows of X.

4.3.3. INFERENCE PROCEDURE

Given n observations of one predictor x = (xy,..., x,) and aresponse y =
(1,...,Yn), the restricted least squares estimate f; ¢ of B subject to the
constraints in Egs. (4.3.11) and (4.3.17) can be obtained as

Brrs = argmin(y - BB)' (y - Bp), (4.3.20)
BeS

where

an—l (€q+r+2)

S:{ﬁERq‘ﬁZO’ CP=0. ha=-%p e )
q q+r+

ﬁq_l} . (4321

Therefore, using Egs. (4.3.18) - (4.3.19) we can include the linear equality
constraint (4.3.17) inside the objective function, and the optimisation
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problem from Eq. (4.3.20) reduces to

Brys = argmin{ —2*BAy + B*(BA)BAB* }, (4.3.22)
ﬁ* €S* \ ~ J
f

subject to only linear inequality constraints, where
B*=B1,....0q-1), S*=1{B"=0,CAB* =0}. (4.3.23)

Since f is a quadratic function, we solve Eq. (4.3.22) using quadratic opti-
mization. To this end we use the function solve.QP () from the R package
quadprog. Once the restricted least squares estimate B; 1s is obtained,
we follow the cone projection approach [53] and we define a point-wise
confidence interval (CI) with 1 — a/2 coverage for BAB},, ; as

b, AB” T 2a12\/ 6%, (b, AVGD),A, (4.3.24)
where b, = B(x)) is the B-spline basis B(x) evaluated at the prediction
point x, and the variance is estimated as

G52 = (y—BABg.s)'(y —BABp,s)

RLS n-1.5d ’

where d is the dimension of the cone’s face where the projection of y onto

(4.3.25)

F=meR"n=BAB, CAP=0} (4.3.26)

lands on. The dimension d of & can be computed using the Hinge al-
gorithm implemented in the R package coneproj[55]. The matrix G is
computed as the following weighted average

G= Y &py, (4.3.27)

with the (g — 1) x (g — 1) matrix G"” defined as

A () ! -1

Giegico = (XX g) Dkes ics

A () A () A ()
Giegico =Gres oo =Greg 19 =0,

(4.3.28)



4.3. METHODS: SHAPE CONSTRAINED SPLINES 127

where X 4 are the columns of BA indexed by .#. Each weight p. s repre-
sents the estimated probability that the projection of y lands on the cone’s
face corresponding to .#. The probabilities p.4 are obtained by simulating
many normal random vectors with mean vector y = BA/?}; 1.5 and covari-
ance matrix 6%, 1sIn, and recording the resulting sets .#’s, along with their
frequencies. In case additional unconstrained components are present,
the definition of Eq. (4.3.27) can be extended [53]. Furthermore, if we need
to select from a set of candidate models featuring different covariates, we
use information criteria [56]. For our analyses we use the corrected Akaike

Information Criterion (AICc)
ot p+1
AIC(M) = -2log(L(Bgrsly) +2p+2p- —— (4.3.29)
n—-p

for model selection, where L(B|y) is the likelihood of model M and p the
number of parameters of M, which is equal to d in our set-up. In case
some models have similar AICc values, we follow Burnham et al. [56] and
we average across all ones using the frequentist model average estimator

L
Brya= Z MiBy, (4.3.30)
I=1

where ; is the parameter vector estimated under the /-th candidate model,
and A; the corresponding weight which can be computed as

—BIC;/2
M= —F ( 12) : (4.3.31)
jzlexp(—BICj/Z)

where BIC; is the Bayesian Information Criterion (BIC) associated with
the j-th model. In case of model averaging, the BIC is preferred over
AIC/AICc, since it provides a better estimation of the marginal likelihood
[56]. From a Bayesian perspective, {A}; can be interpreted as an estimator
of the posterior probabilities

p(yIM;)p(M;)
Y p(yIMj)p(M))’
of the candidate models under a uniform prior {p(M;)};, where

p(M;ly) = =1,...,7J, (4.3.32)

p(yIM;) :f@ p(yIM;;0;)p(©;IM;)dO; (4.3.33)
J

is the marginal likelihood [56].
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4.3.4. PSEUDOCODE

The SCS method for rescaling the observed Shannon entropies given a
set of confounders and a set of features of interest is summarised in the
pseudocode of Algorithm 6.
Input: F(features of interest), C(confounders),
h(observed entropies)
Output: "% (rescaled entropies)
1. Get the entire design matrix:

B=[1 C F|

2. Compute the equality constraints matrix A

3. Estimate the restricted least squares parameters:

p’ = argmin {-2p*BAlog(h)+ p* (BA)BAB"}
p*e{p*=0,CAB* =0}

4. Get the parameters ii: of the confounders
5. Compute the rescaled entropies:

k™ = exp (log(h) - Cﬁc)

Algorithm 6: SCS pseudocode

4.4, APPLICATIONS OF SCS IN NGS DATA

4.4.1. IN-VITRO ASSAY

To evaluate the reliability and sensitivity of the SCS rescaling method, we
generated an IS dataset originating from an EBV-transformed B cell line
transduced with a LV at Multiplicity of Infection (MOI) of 0.1, 1 and 10
to obtain DNA samples with increasing levels of polyclonality. Therefore,
by increasing the MOI at each transduction we expect an increase in the
vector copy number (VCN). As expected, the different vector doses re-
sulted in different VCNs (see Tables 4.A.2-4.A.3). Different amounts of
DNA (5, 20 and 100 ng) were used for IS retrieval. LV ISs were retrieved
by Sonication Linker-mediated (SLiM) - PCR [57]. Briefly, DNA material
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was sheared by sonication, subjected to end-repair and adenylation and
then split in 3 technical replicates. Each replicate was ligated to a different
barcoded linker cassette and subjected to two rounds of PCR allowing the
amplification of the cellular genomic portion close to the vector IS. The
different barcoded PCR products from each sample were assembled in
libraries and sequenced by using Illumina platform. After sequencing,
reads were processed by a dedicated bioinformatic pipeline [58] to identify
for each PCR/sample the different vector integration sites. For each IS
the clonal abundance was determined by the R package SonicLength [59]
using the corresponding fragment length distribution. A varying number
of ISs, ranging from 22 to 40575, was obtained from each sample (see
Table 4.A.1) and, as expected, the number of IS retrieved from each sample
increased proportionally to the vector dose (see Table 4.A.2). The total
number of sample’s sequencing reads was used as proxy for the sample’s se-
quencing depth (SD). The magnitude of VCN, DNA amount and SD affects
the clonality so that the samples are incomparable. Indeed Figure 4.2.1
clearly shows a positive trend between the Shannon entropy index and the
potential confounders. With the VA we are able to really understand the
impact of the variables (confounding factors) to the entropy index, thus
allowing a robust integrated analysis. We used the VA as “ground-truth” to
compare our SCS-rescaling method with the competitor approaches (RAR
and SRS). In our SCS method we took in consideration the DNA amount,
VCN and SD as potential confounders.

In this case the number of candidate confounders is K = 3 with no addi-
tional factors of interest (/ = 0) and, according to the general formulation
of Eq. (4.3.3), the model was defined as

ﬁ na

10g(h) = 180 + [Cana Coen Caa] | Bomn | +€, (4.4.1)
L s
5.

where we used two equidistant interior knots and the range of values as
boundary knots for every SCS term in C. We report the corresponding fitted
surface in Figure 4.4.1 showing only the partial surface corresponding to
the DNA and the VCN. In Figure 4.4.1 we also show the rescaled values, i.e.
the residuals that remain after having adjusted for the confounders. That
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is, according to the model definition of Eq. (4.3.3), we used the residuals
h"® = exp (log(h) - CB,.) (4.4.2)

as the rescaled values, where ﬁc is the vector of the fitted parameters.
We compared our method with the two previously proposed in literature,
such as the rarefaction (RAR) [14] and the ranked subsampling (SRS)
[19] approaches. We assessed the efficiency of the rescaling methods by
correlation p-values for the two-sided test problem:

Hy:p(h*,cr)=0vs Hy:p(h*,ci) #0, (4.4.3)

where p(-,-) is the Spearman’s rank correlation function, h* is the vector
of the Shannon entropies either observed or rescaled with one of the can-
didate methods, and finally ¢ is the vector of the corresponding values
collected for the k-th confounder. We preferred Spearman’s rank correla-
tion over Pearson correlation since we assumed that the relationships are
monotonic and possibly non-linear. Low p-values give statistical evidence
for dependencies and thus for unsolved confounding effects. For the com-
parison, the total amount of reads of the sample with the lowest SD has
been chosen as rarefaction level with 1000 replications for both the stan-
dard rarefaction (RAR) and its ranked version (SRS). We report the results
in Figure 4.4.2. These pictures show that our SCS method outperformed
both RAR and SRS methods in terms of correlation test p-values between
the rescaled entropy and every potential confounder. Indeed, for all three
confounders our new approach yields high p-values (0.37, 0.15 and 0.31
for DNA, VCN and SD respectively), so that we have no indication to reject
the null hypothesis that the rescaled entropies and the confounder values
are still correlated. For each of the three competing approaches we got
2-3 very low p-values (« 0.01), so that statistically significant amounts of
correlations are left.

Subsequently, we also checked whether our SCS-rescaling method
unveils comparable clonal levels among the samples. A proper rescaling
method should return similar clonal diversities independently from the
confounders. Indeed, Figures 4.4.1 and 4.4.3 show that our SCS-rescaling
method drastically reduced the variability of the observed entropies due
to the effect of the confounders and, in turn, that the clonal level of the
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VA samples, measured by the SCS-rescaled Shannon entropy index, is
approximately the same. It can be seen from Figure 4.4.3 that the com-
petitor methods RAR and SRS are also able to reduce the variability of
the observed entropies. However, unlike our new SCS-rescaling method,
the competing methods did not remove the effect of the confounders, as
confirmed by the p-values of Spearman’s rank correlation tests provided in
Figure 4.4.2. While the SCS-rescaling method made all (rank) correlations
insignificant, the competing methods RAR and SRS left significant rank
correlations (=dependencies) between confounders and the entropy. For
more explanations and illustrations we refer to Section 4.B.2 and Figure
4.B.2.

4.4.2. VIRAL VECTOR SAFETY IN A GENOTOXICITY STUDY

We analysed the IS data collected from an established hematopoietic stem
cell gene therapy model previously used to demonstrate how the genotoxic
impact of integrating vectors is strongly modulated by their designs [20, 21].
In this experimental setup Cdkn2a~'~ tumor prone Lin~ cells were ex-
vivo transduced with two different LVs expressing GFP: the highly geno-
toxic LV vector, LV.SELTR (hereinafter refer as LTR) and the non-genotoxic
SIN.LV.PGK.GFPPRE (hereinafter referred as PGK). Transductions protocol
and culture conditions were reported in [20, 21]. Twenty-four hours after
transduction, vector- and mock- transduced cells (5-7.5 x 10° cells/mouse)
were transplanted into lethally irradiated wild-type mice by tail vein in-
jection (Mock-control, N=19; LV.SELTR, N=24 and SINLV.PGK, N=23). Six
days after transduction the percentages of GFP+ cells were assessed by
Fluorescence Activated Cell Sorting (FACS) analysis and ranged from 90 to
95% for all the vectors and conditions. Engraftment level of transduced
cells was assessed by measuring the percentage of GFP-expressing cells in
the peripheral blood at 8 weeks post transplantation and were 80.8 +2.9
% and 46.2 + 4.8 % in the group of mice transplanted with PGK and LTR
vector respectively. As expected, mice transplanted with Cdkn2a~'~ Lin~
cells transduced with the the LTR vector developed tumors and died sig-
nificantly earlier compared to mock-treated mice (p < 0.0001, Log-rank
Mantel-Cox test, median survival time: 282 and 149.5 days for mock-
control and LTR- transduced group respectively). Mice transplanted with
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PGK-transduced cells did not show any acceleration of tumor onset com-
pared to the mock-control group (median survival time: 289 days). All
data are in agreement with the one previously published [20, 21]. For the
retrieval of vector insertion sites (ISs), peripheral blood was collected on a
monthly basis from transplanted animals receiving transduced cells. Lym-
phoid B and T cells as well as myeloid cells were isolated by fluorescence
activated cell sorting. To recover enough DNA material, equal amounts of
blood from two or three mice belonging to the same experimental group
were pooled before the sorting procedure. The composition of pools was
maintained constant during the whole experiment, so that each pool is
composed by the same mice over time. ISs were then retrieved by SLiM-
PCRI60] at different time points from sorted T (CD3+) and B (CD19+)
lymphocytes, from myeloid cells (CD11b+) and unsorted blood cells (total
MNC). From the DNA purified from all the different sorted samples, we
also measured the VCN by ddPCR. Overall, a higher amount of ISs were
retrieved from the group of mice transplanted with Lin™ cells transduced
with PGK, reflecting the higher level of VCN observed in PGK versus LTR
group of transplanted animals. Few statistics on the number of IS collected
in each treatment/condition, along with the corresponding VCN, are re-
ported in Table 4.4.1. The Shannon entropy index was then computed
from each IS sample and the application of a simple spline without shape
constraints and without considering any technical confounder yielded
the results shown in Figure 4.4.4. From Figure 4.4.4 we cannot see a clear
separation between the entropy profiles of the two vectors PGK and LTR.
The prediction intervals overlap so that the differences in the profiles do
not appear to be statistically significant. Henceforth, we cannot draw the
conclusion that PGK is safer than LTR. However, the high variability of
DNA amount (in nanograms), VCN, and the SD used for IS retrieval has a
clear impact on the entropy measurements, as suggested by Figure 4.4.5.
Furthermore, since some mice died faster, the size of each pool (PS) de-
creased over time, leading to variation in the cell counts and in turn in the
Shannon diversity index calculations (see Figure 4.4.5). Few statistics of
these quantites are reported in Table 4.4.1 separately for each vector treat-
ment. This suggests that initial results of figure 6 might be biased by the
presence of these confounding factors. The heterogeneity of these factors
may affect the estimate of the cell counts and in turn the corresponding
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PGK LTR
DNA VCN PS SD nrs DNA VCN PS SD nis
Min. 8.64 131 1 60 35 8.64 024 1 189 35

1stQu. 106.56 109 2 1969 433 9450 532 1 1130 217

Median 200.00 13.59 2 5881 720 200.00 6.3 2 2973 383
Mean 181.07 12.8 1.964 9351 989.3 | 222.88 6.219 2.104 4695 731.9

3rd Qu. 200.25 139 2 14055 1220 | 22250 7.8 3 7390 873
Max. 973.00 27 3 49853 4324 | 973.00 105 7 15375 3213

Table 4.4.1 | Mice study: Quartiles and range of the DNA amount, VCN, PS, SD and n;gs for
the n = 242 samples and separately for PGK (top) and LTR (bottom) treatment conditions.

Shannon entropies. We therefore applied our shape-constrained spline
approach of Section 3, including the DNA amount, VCN, SD and PS as
potential confounders.

We proceeded as follows: We used the general formulation of Eq. (4.3.3),
including a shape constrained spline (SCS) term with two interior knots
for every confounder, plus a spline term w.r.t. the time decay for every
combination of cell lineage/marker (L) and viral vector (V) as additional
factors of interest. In this way we described the entropy decays separately
for each combination of cell marker and treatment (viral vector) while
removing the bias provided by the potential confounders. We also set the
vector specific intercept V to zero to make sure all the individuals have
the same clonal diversity before the treatments. Therefore, following the
general formulation of Eq. (4.3.3), the model it has been explicitly defined
as

1
ﬁdna Stl ﬁll
B s B,
log(h) = lﬂo + [Cana Cvcn Cps Csq ] U;n + t SI?’ ﬁlz +€&, (4.4.4)
- ~ - S 3
C ﬁsd ' §i4 ﬁl4
—_—
ﬁc F ﬁf

where C binds all the confounder’s SCS bases and g, is the vector with
all the corresponding parameters stacked together. Alike, F is a block-
diagonal matrix where each block S! is defined as

l,vl

1s

sb=|">r , 445
=, sh2 ( )
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and each sub-block Si‘”, corresponding to the [-th cell lineage and the
viral vector v, is the basis of a monotone decreasing quadratic spline w.r.t.
the time ¢ for which we assume a steady-state to the left of the second
right boundary knot. Indeed, each mouse pool started with 2-7 mice,
which then successively died, until no mouse was left, so that no mea-
surements could be taken anymore and therefore we do not expect any
further change in the entropy thereafter. For this purpose we use again
the affine transformation defined in Eqgs. (4.3.18) - (4.3.19). Finally, we
refer to B¢ as the vector with all the corresponding parameters stacked
together. Therefore in this case the number of confounders is K = 4 and
the number of additional factors of interest is / = 8, namely a spline basis
for the time-decay for every combination of the two treatments and the
four cell lineages.

In order to identify the most important confounders among the can-
didates, we have fitted our model for each of the 2 -1 =15 possible con-
founder subsets. Each candidate model included always F as fixed term
and and featured at least one SCS term in C for the confounders. Then
we averaged across the most likely models according to the frequentist
criterion defined in Eqgs. (4.3.30) - (4.3.31) and we reported in Figure 4.4.6
the posterior distribution, along with the marginal inclusion probabilities
of the four individual confounders. Results from model averaging sug-
gest that the posterior distribution is mainly dominated by three models
namely: PS + SD (4th model), VCN + SD (6th model), and SD (8th model).
The remaining 12 models get substantially lower posterior probabilities
and thus have only negligible effects on the model averaging estimator.
Therefore, after computing the frequentist model averaging estimator

~ fma n ~ fma\ A1 1’

B." = b (BI™) B] (4.4.6)
of Eq. (4.3.30), we used the residuals

R = exp (log(h) - ciic”“’) (4.4.7)

corresponding to the confounder terms as the rescaled values. Rescaled en-
tropies are shown in Figure 4.4.7 together with the lineage x vector-specific
spline decays with a confidence interval of 0.95 coverage. Thanks to the
SCS-rescaling approach, a significant difference in the entropy decay for
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MNC, T-cells (CD3+) and Myeloid cells (CD11b) was observed depending
on the genotoxicity level of the vector adopted. Whereas in the B-cell com-
partment no major differences in the entropy decay under the two vector
treatments were observed. Indeed, consistently with the previous results
[20, 21], the B-cell compartment is less affected by the genotoxicity of the
LTR vector. Figures 4.B.5-4.B.7 from Section 4.B.2 clearly indicate that our
proposed method SCS outperforms the competitor ones in detecting such
differences.

4.5. DISCUSSION

We have shown that the Shannon entropy index, a widely used measure
of genetic variability, is strongly affected by the variability of technical
factors. We have introduced a shape-constrained splines (SCS) approach
aimed to quantitatively measure and remove the effect of confounders
from the target of interest. In particular we have shown that our approach
can remove confounding effects from the Shannon entropy index. We
also have shown that our SCS approach outperforms all the state of the
art rarefaction approaches like the RAR [14] and its ranked-subsampling
version [19]. That is, using a correlation test, we have found statistical
evidence that the SCS-rescaled diversity measure does not significantly
depend on the effect of the confounders anymore. Furthermore, our
method is useful for genetic applications, as it provides an unbiased and
more affordable measure of clonal diversity, and in turn it avoids drawing
misleading results. As an example, the entropy decay of treatment-specific
longitudinal studies may be erroneously interpreted if we do not take into
account that the changes in the entropy increments may depend more on
the confounders than on the biological treatments. Our method allows to
discriminate between the two effects and to remove the one that comes
from the confounders.

Since our approach is spline-regression based, its main limitation
could be related to the available sample size. This is a potential prob-
lem when when the number 7 of libraries is too low to define a spline
basis. For the same reason the degree of the splines and the number of its
knots should be chosen carefully. In particular, for the case of only one
library/sample it would be possible to rescale its diversity only using the
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parameters inferred from an external controlled environment, like the VA
explored in Section 4.4.1, with a sufficient library size n. This is the main
price we pay if we switch from a rarefaction-based rescaling approach
to a spline-regression based one. Our model averaging approach allows
also to rank the impact of the confounders according to their approxi-
mated posterior probabilities. We perform model averaging by means of
the Bayesian Information Criterion which allow us to get an estimate of
the marginal likelihood of each candidate model, and in turn, of the cor-
responding marginal confounder inclusion posterior probabilities. One
possible methodological extension of this framework could be the im-
plementation of a more precise method to estimate the marginal likeli-
hood. This could, for example, either be done by Laplace Integration or by
Bayesian thermodynamic integration.

4.6. AVAILABILITY OF DATA AND MATERIALS

The code that supports the findings of this study is openly available at
https://github.com/delcore-luca/SCS.
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Figure 4.4.1 | Observed (left) and SCS-rescaled (right) entropies (dot symbols) as a function of the confounders, together with the
corresponding shape constrained (bivariate) splines (green surface). Top panels show the slices for the DNA and the VCN. Bottom
panels show the slices for the SD and the VCN.
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Figure 4.4.3 | Box-plot (minimum, maximum, median, first quartile and third quartile) of the observed (OBS) and rescaled Shannon
entropies using the SCS, RAR and SRS approaches.
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Figure 4.4.5 | From top left to bottom right: Scatter plot of the raw (unscaled) Shannon entropy index computed from the entire
dataset (n = 242 IS samples) versus the DNA amount, the vector copy number(VCN), the pool size (PS) and the sequencing depth
(SD).
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Figure 4.4.7 | Rescaled Shannon entropies (y-axis) over time (x-axis) for every combination of cell marker (panels) and viral vector
treatment (colors) together with the corresponding decay splines.



APPENDIX

4.A. IN-VITRO ASSAY

In this experimental setup the genomic DNA of a bulk-transduced cell
line harboring lentiviral insertions randomly distributed in the genome.
This is a controlled environment designed to quantify the impact of sev-
eral confounding factors to the clonal entropy. More specifically, the ge-
nomic DNA is obtained from a polyclonal lentiviral-vector (LV) marked cell
line (JY). The DNA material was sheared by sonication, end-repaired and
adenylated, split in technical triplicates, ligated of the barcoded linker cas-
settes and subjected to PCR amplification protocols for IS retrieval. Clonal
quantification is obtained using the R package SonicLength[59]. The total
amount of integrations found in a sample, namely the total number of sam-
ple’s sequencing reads, has been used as proxy for the sample’s sequencing
depth (SD). Few summary statistics of the DNA amount, multiplicity of
infection (MOI), VCN, number of distinct IS (n;5) and SD are provided in
Table 4.A.1. In Table 4.A.2 we provide the VCN, the total number of distinct
ISs and the total SD in each condition, that is for every combination of
DNA amount and MOI. The sample-specific information is provided in
Table 4.A.3.

4.B. SUPPLEMENTARY FIGURES

4.B.1. FITTING QUADRATIC AND CUBIC SPLINES

We fitted and compared quadratic and cubic splines on the VA data of
Section 4.4.1. First, we used quadratic splines with one interior knot for
the DNA amount and the VCN and two interior knots for the sequencing
depth. Second, we used cubic splines with no interior knots for the DNA
amount and the VCN and two interior knots for the sequencing depth.
The number of knots were chosen, so as to get a full-rank design matrix,

145



146 4. A NORMALIZED MEASURE OF CLONAL DIVERSITY

DNA MOI VCN nis SD

Min. : 5.00 Min. : 0.1 Min. : 0.484 Min. : 22 Min. : 41

1st Qu.: 5.00 1st Qu.: 0.1 1st Qu.: 0.484  1stQu.: 188 1st Qu.: 419
Median: 20.00 Median: 1.0 Median:2.850 Median: 1004 Median: 1340
Mean: 41.67 Mean: 3.7 Mean: 7.478 Mean : 5544 Mean : 6032
3rd Qu.:100.00 3rd Qu.:10.0 3rd Qu.:19.100 3rd Qu.: 3811 3rd Qu.: 4398
Max. :100.00 Max. :10.0 Max. :19.100 Max. :40575 Max. :41787

Table 4.A.1 | In-vitro assay (VA): Quartiles and ranges of the DNA amount, MOI, VCN, nyg
and SD for the n = 27 samples.

DNA MOI VCN nis SD
5 0.10 048 143.00 361.00

20 0.10 0.48 548.00 1288.00
100 0.10 0.48 3307.00 4936.00
5 1.00 2.85 578.00 1043.00

20 1.00 2.85 2008.00 3044.00
100 1.00 2.85 19239.00 22021.00
5 10.00 19.10 3166.00 4163.00

20 10.00 19.10 10506.00 12331.00
100 10.00 19.10 110182.00 113689.00

© 0 NN OO Wi =

Table 4.A.2 | In-vitro assay (VA): VCN, total number of distinct ISs and total SD in each of
the nine conditions (combination of DNA amount and MOI).

and in turn, a positive-definite quadratic form, which is needed during
optimization. Results are shown below in figure 4.B.1. The results in
figure 4.B.1 show that there is not much difference between the two fitted
surfaces (visual inspection). To be more objective, we also computed
the two corrected Akaike Information criteria (cAIC) and found that the
quadratic spline yields a lower cAIC value than the cubic spline.

4.B.2. COMPARISONS OF RESCALING METHODS

To make clearer what we mean by “RAR and SCS leave significant rank
correlations (=dependencies)” in Section 4.4.1, we report here two addi-
tional figures. Figure 4.B.2 shows an additional graphical representation of
the Spearman’s rank correlation tests performed in Section 4.4.1. Figure
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4.B.2 clearly shows that our SCS-rescaled entropies outperform both RAR-
and SRS- rescaled entropies in terms of dependence on the candidate
confounders. Indeed, the red-highlighted square indicate that both RAR-
and SRS- rescaled entropies still suffers from significant dependence on
the confounders. Whereas, the SCS-rescaled entropies do not depend on
any of the confounders anymore (all three correlations are insignificant).
These are the results that we report in figure 3. Figures 4.B.3-4.B.3 show
the observed entropies and the SCS-, RAR-, SRS- rescaled Shannon en-
tropies against the candidate confounders, along with the fitted surfaces.
These figures show that only the SCS-rescaled entropies do not depend
on the confounders anymore, as the fitted surface is an (almost) horizon-
tal plane. The surfaces fitted for RAR- and SRS- rescaled entropies are
non-horizontal planes, as the entropies still depend on the confounders.

These analyses better clarify why SCS performs significantly better
than the competitor methods. For the mice study data we do not know
the ‘ground truth’, so that we cannot objectively cross-compare the perfor-
mances of the different methods. However, we have applied all three meth-
ods to monitor the rescaled entropies in the mice study. The results are
reported in Figures 4.B.5 - 4.B.7, showing that the proposed SCS-rescaling
method yields the tightest confidence intervals and shows the clearest
(smoothest) trends.
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DNA MOI VCN nrs SD
100 0.10 0.48 1300 1954.00
100 1.00 2.85 6082 7264.00
100 10.00 19.10 40575 41787.00

20 0.10 0.48 183 429.00
20 1.00 2.85 649  1087.00
20 10.00 19.10 3933 4631.00
5 0.10 0.48 78 250.00

5 1.00 2.85 204 395.00

5 10.00 19.10 1051  1492.00
100  0.10 0.48 1074 1557.00
100 1.00 2.85 6632 7479.00
100 10.00 19.10 34629 35743.00
20 010 048 177 450.00
20 1.00 2.85 692 966.00
20 10.00 19.10 2884 3534.00
5 0.10 0.48 43 70.00

5 1.00 2.85 188 387.00

5 10.00 19.10 1004 1340.00
100 0.10 0.48 933  1425.00
100 1.00 2.85 6525 7278.00
100 10.00 19.10 34978 36159.00
20 010 048 188 409.00
20 1.00 2.85 667 991.00
20 10.00 19.10 3689 4166.00
5 0.10 0.48 22 41.00

5 1.00 2.85 186 261.00

5 10.00 19.10 1111 1331.00

Table 4.A.3 | In-vitro assay (VA): VCN, number of distinct ISs and SD in each of the n =27

samples.
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Figure 4.B.2 | Pairwise correlation scatter plots between ranks of the candidate con-
founders (DNA, VCN, SD), the ranks of the observed entropies (OBS), and the ranks of the
rescaled entropies obtained with the three methods SCS, RAR and SRS. The ranks have
been rescaled by the sample size. Significant correlations are labelled with star symbols

, where the significance level increases (p-values decreases) in the number of stars. We
have put a red-highlighted square around the most relevant correlations.
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Figure 4.B.4 | Each panel shows a three-dimensional scatterplot. The x-axes refer to the DNA amount or the SD. The y-axes refer
to the VCN, and the z-axes refer to the entropies. The four panels refer to (left): the RAR-rescaled entropies, and (right): the
SRS-rescaled entropies. In each panel the fitted surfaces are shown in green.
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Figure 4.B.6 | RAR-rescaled entropies: For each of the four lineages there is a panel with two fitted curves for the two viral vector
conditions (different colors). The dotted lines refer to confidence intervals with 0.95 coverage.
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SUMMARY

AIM OF THE WORK

Mathematical models of haematopoiesis provide relevant insights to sup-
port the design of novel gene therapy strategies [1, 2]. Clonal tracking is
arecent high-throughput technology that allows to calibrate such math-
ematical models by quantitatively tracing the evolution of haematopoi-
etic stem cells [3]. In particular, cell differentiation networks and clon-
ality are key surveillance studies in gene therapy [4, 5]. While cell dif-
ferentiation networks describe the hierarchical relationships underlying
haematopoiesis, clonality is aimed at quantifying the clonal population
complexity (clonal diversity) and to detect possible therapy side effects,
such as events of clonal dominance [6].

In this work we investigate cell differentiation using stochastic quasi-
reaction networks combined with extended Kalman filtering, leading to
our proposed Kalman Reaction Networks framework Karen [7]. This frame-
work takes into account that typical clonal tracking data suffers from
missing cell types and false negative errors. It consists in a continuous
-discrete state space model with a stochastic reaction network describing
the dynamics, coupled with a linear Gaussian measurement model that
links the noisy observations to the underlying states. In particular, (i) we
develop an expectation-maximization inference algorithm; (ii) we exten-
sively test our method on several simulation studies, including a direct
comparison with the state-of-the-art methods, and finally (iii) we apply
our framework to five in-vivo clonal tracking datasets to compare different
biologically plausible models of cell differentiation.

Subsequently, in order to detect possible adverse events of clonal
dominance we combine stochastic quasi-reaction networks with random-
effects (RestoreNet) [8]. Our proposed method consists in a set of biochem-
ical reactions translated into a generalized mixed-effects model including
random effects on the clones for the dynamic parameters. The unknown
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parameters are estimated with a tailor-made expectation maximization
algorithm. In particular, (i) we validate our inference method in several
synthetic studies, (ii) we compare its performance with the state of the
art approaches, and finally (iii) we apply it in two in-vivo clonal tracking
studies. Finally, to objectively measure clonal complexity, we propose a
method that combines shape-constrained splines (SCS) with the Shannon
entropy index [9]. Our proposed method leverages the effect of technical
artefacts from the Shannon entropy index, thus providing an unbiased
measure of clonal diversity. Our SCS-rescaling method was first validated
in a specifically designed in-vitro assay, and then used to objectively evalu-
ate the impact of vector genotoxicity on the entropy decays of tumor prone
mice.

CHAPTERS CONTRIBUTION

The content of the thesis can be summarised as follows:

* Chapter 1 first introduces the research questions that we address,
and provides relevant biology background. Subsequently, it follows
a brief discussion on the state-of-the-art methods and our proposed
approches.

e Chapter 2 focuses on our Kalman reaction network framework Karen
aimed at inferring cell differentiation networks from typical clonal
tracking data. We first introduce and validate our method, then we
apply it on five in-vivo clonal tracking studies.

e Chapter 3 introduces our proposed random-effects stochastic reac-
tion networks RestoreNet to detect possible adverse events of clonal
dominance in gene therapy clonal tracking studies. After validating
our framework with several synthetic studies, we analyse two in-vivo
models of haematopoiesis.

e Chapter 4 focuses on our proposed shape-constraint rescaled Shan-
non entropy index to provide an artefacts-free measure of clonal
diversity. We first validate our SCS method on a specifically designed
in-vitro clonal tracking study, then we apply it on a genotoxicity pre-
clinical study.
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FUTURE DIRECTIONS

The main approximation in both the basal LLA and random-effects Re-
storeNet formulations is the piece-wise linearity of the process. That is, in
both cases we consider first a local linear approximation of the Ito equa-
tion, which then we use to infer the process parameters either with or
without random-effects. Although the linearity assumption makes all the
computations easier, this approximation becomes poor as the time lag
increments (the Ats) of the collected data increase. This can be addressed
by introducing in the likelihood higher-order approximation terms than
the ones considered by the Euler-Maruyama method. The Milstein approx-
imation is a possible choice. Another, completely different, approach is to
employ extended Kalman filtering (EKF) which is suitable for non-linear
state space formulations, as we did for Karen. Furthermore, RestoreNet
cannot consider false-negative errors or missing values of clonal tracking
data, as Karen does. Also for this limitation, an EKF formulation could be a
possible extension of RestoreNet.

Although the Gaussian assumption of Karen makes the analytical for-
mulations of the likelihoods explicitly available, this approximation may
become poor when the data contains outliers or shows non-Gaussian be-
haviors. A distribution-free approach, such as the Kernel Kalman Rule,
could be a possible extension [10, 11]. Besides, both frameworks Re-
storeNet and Karen consider reaction rates constant for the whole study
period. Extensions that allow for modeling reaction rates as spline func-
tions of clinically relevant variables are within reach and will be the goal of
future research.

Furthermore, since our SCS approach for rescaling Shannon entropy
is regression-based, its main limitation is related to the available sample
size, a potential issue when defining a spline basis. Thus, the number
of knots of the splines should be chosen carefully. Our model averaging
approach allows to rank the impact of the confounders according to their
approximated inclusion probabilities by means of the Bayesian Informa-
tion Criterion. A more precise method to estimate the marginal likelihood,
such as Laplace Integration or Bayesian thermodynamic integration, can
be a possible improvement.
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SAMENVATTING

DOEL VAN HET WERK

Wiskundige modellen van hematopoése bieden relevante inzichten ter
ondersteuning van het ontwerp van nieuwe gentherapiestrategieén [1, 2].
Clonal tracking is een recente high-throughput technologie die het mo-
gelijk maakt om dergelijke wiskundige modellen te kalibreren door de
evolutie van hematopoétische stamcellen kwantitatief te volgen [3]. Met
name celdifferentiatienetwerken en klonaliteit zijn belangrijke elementen
in surveillancestudies in gentherapie [4, 5]. Terwijl celdifferentiatienet-
werken de hiérarchische relaties beschrijven die ten grondslag liggen aan
hematopoése, is klonaliteit gericht op het kwantificeren van de complexi-
teit van de klonale populatie (klonale diversiteit) en het detecteren van
mogelijke therapie-bijwerkingen, zoals gebeurtenissen van klonale domi-
nantie [6].

In dit werk onderzoeken we celdifferentiatie met behulp van stochas-
tische quasi-reactienetwerken gecombineerd met uitgebreide Kalman-
filtering, wat leidt tot het door ons voorgestelde Kalman Reaction Networks
raamwerk Karen [7]. Dit raamwerk houdt er rekening mee dat typische
klonale trackinggegevens te kampen hebben met ontbrekende celtypen
en fout-negatieven. Het bestaat uit een continu-discreet toestandsruim-
temodel met een stochastisch reactienetwerk dat de dynamiek beschrijft,
gekoppeld aan een lineair Gaussiaans meetmodel dat de onzekere waar-
nemingen koppelt aan de onderliggende toestanden. In het bijzonder (i)
ontwikkelen we een verwachtingsmaximaliserend inferentie-algoritme;
(ii) we testen onze methode uitgebreid op verschillende simulatiestudies,
waaronder een directe vergelijking met de state-of-the-art methoden, en
tot slot (iii) passen we ons raamwerk toe op vijf in-vivo klonale tracking-
datasets om verschillende biologisch plausibele datasets te vergelijken
modellen van celdifferentiatie.

Om mogelijke nadelige gebeurtenissen van klonale dominantie te de-
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tecteren, combineren we vervolgens stochastische quasi-reactienetwerken
met hierarchische effecten (RestoreNet) [8]. Onze voorgestelde methode
bestaat uit een reeks biochemische reacties vertaald in een algemeen
mixed-effects-model inclusief hierarchische effecten op de klonen voor de
dynamische parameters. De onbekende parameters worden geschat met
een op maat gemaakt algoritme voor verwachtingsmaximalisatie. In het
bijzonder (i) valideren we onze inferentiemethode in verschillende syn-
thetische studies, (ii) vergelijken we de prestaties ervan met de nieuwste
benaderingen, en tot slot (iii) passen we deze toe in twee in-vivo klonale
tracking-studies. Ten slotte stellen we, om de klonale complexiteit objec-
tief te meten, een methode voor die shape-constrained splines (SCS) com-
bineert met de Shannon-entropie-index [9]. Onze voorgestelde methode
maakt gebruik van het effect van technische artefacten van de Shannon-
entropie-index, en biedt zo een onpartijdige maatstaf voor klonale di-
versiteit. Onze SCS-herschalingsmethode is allereerst gevalideerd in een
specifiek ontworpen in-vitro-assay en vervolgens gebruikt om de impact
van vectorgenotoxiciteit op het entropieverval van tumorgevoelige muizen
objectief te evalueren.

HOOFDSTUKBIJDRAGE

De inhoud van het proefschrift kan als volgt worden samengevat:

* Hoofdstuk 1 introduceert eerst de onderzoeksvragen die we behan-
delen, en geeft relevante biologische achtergrondinformatie. Vervol-
gens volgt een korte discussie over de state-of-the-art methoden en
onze voorgestelde benaderingen.

* Hoofdstuk 2 richt zich op ons Kalman-reactienetwerkraamwerk
Karen gericht op het afleiden van celdifferentiatienetwerken uit ty-
pische klonale volggegevens. We introduceren en valideren eerst
onze methode, daarna passen we deze toe op vijf in-vivo klonale
trackingstudies.

* Hoofdstuk 3 introduceert onze voorgestelde random-effects sto-
chastische reactienetwerken RestoreNet om mogelijke bijwerkingen
van klonale dominantie te detecteren in onderzoeken naar klonale
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tracking van gentherapie. Na validatie van ons raamwerk met ver-
schillende synthetische studies, analyseren we twee in-vivo model-
len van hematopoése.

* Hoofdstuk 4 richt zich op onze voorgestelde vormbeperking her-
schaalde Shannon entropie-index om een artefactvrije maatstaf van
klonale diversiteit te bieden. We valideren eerst onze SCS-methode
op een specifiek ontworpen in-vitro klonale tracking-studie, daarna
passen we deze toe op een preklinische genotoxiciteitsstudie.

TOEKOMSTIGE RICHTINGEN

De belangrijkste benadering in zowel de basale LLA- als de random-effects
RestoreNet-formuleringen is de stuksgewijze lineariteit van het proces.
Dat wil zeggen, in beide gevallen beschouwen we eerst een lokale line-
aire benadering van de Ito-vergelijking, die we vervolgens gebruiken om
de procesparameters met of zonder hierarchische effecten af te leiden.
Hoewel de aanname van lineariteit alle berekeningen eenvoudiger maakt,
wordt deze benadering slecht naarmate de tijdsvertraging toeneemt (de
Ats) van de verzamelde gegevens. Dit kan worden verholpen door in de
waarschijnlijkheid benaderingstermen van hogere orde in te voeren dan
degene die worden overwogen door de Euler-Maruyama-methode. De
Milstein-benadering is een mogelijke keuze. Een andere, geheel andere
benadering is het gebruik van uitgebreide Kalman-filtering (EKF) die ge-
schikt is voor niet-lineaire formuleringen van toestandsruimten, zoals we
deden voor Karen. Bovendien kan RestoreNet geen fout-negatieven of
ontbrekende waarden van klonale trackinggegevens in overweging nemen,
zoals Karen doet. Ook voor deze beperking zou een EKF-formulering een
mogelijke uitbreiding van RestoreNet kunnen zijn.

Hoewel de Gaussiaanse aanname van Karen de analytische formule-
ringen van de waarschijnlijkheden expliciet beschikbaar maakt, kan deze
benadering slecht worden wanneer de gegevens uitschieters bevatten of
niet-Gaussiaans gedrag vertonen. Een distributievrije aanpak, zoals de
Kernel Kalman Rule, zou een mogelijke uitbreiding [10, 11] kunnen zijn.
Bovendien beschouwen beide frameworks RestoreNet en Karen de reactie-
snelheden als constant voor de hele studieperiode. Uitbreidingen die het
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mogelijk maken om reactiesnelheden te modelleren als spline-functies
van klinisch relevante variabelen liggen binnen handbereik en zullen het
doel zijn van toekomstig onderzoek.

Bovendien, aangezien onze SCS-benadering voor het herschalen van
Shannon-entropie op regressie is gebaseerd, heeft de belangrijkste be-
perking te maken met de beschikbare steekproefomvang, een mogelijk
probleem bij het definiéren van een spline-basis. Het aantal knopen van
de splines moet dus zorgvuldig worden gekozen. Onze modelmiddelings-
benadering maakt het mogelijk om de impact van de confounders te rang-
schikken op basis van hun geschatte inclusiekansen door middel van
het Bayesiaanse informatiecriterium. Een meer precieze methode om de
marginale waarschijnlijkheid in te schatten, zoals Laplace-integratie of
Bayesiaanse thermodynamische integratie, kan een mogelijke verbetering
zijn.
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