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An upward trend in clinical pharmacology is the use of multiple drugs to combat complex and
co-occurring diseases due to better efficacy, decreased toxicity and reduced risk of evolving
resistance. Despite high late-stage attrition rates and the need for multi drug treatments, most
drug discovery and development efforts are still mainly focused on new one-size-fits-all
monotherapies. This is unfortunate given the complex, heterogeneous and often only partially
understood pathophysiology of many diseases. In this context, polypharmacotherapies hold
strong potential, especially when patient tailored. However, as of today, the personalized
combination therapy area remains vastly unexplored. A major reason is lack of standardized
and robust tools that allow systematic in vitro drug combination sensitivity testing of different
disease models and patient derived cells.

This thesis fills in this lack by introducing two methodological frameworks, namely
COMBImageDL and COMBSecretomics, designed to enable systematic second- and higher-
order drug combination studies within and beyond cancer pharmacology. They include
advanced quality control procedures, non-parametric resampling statistics to quantify
uncertainty and a data driven methodology to evaluate response patterns and discern higher-
from lower- and single-drug effects. Both are based on a standardized and reproducible
format that could be employed with any experimental platform that provides the required
raw data. COMBImageDL searches exhaustively for drug cocktails that induce changes in
cell viability and time evolving cell culture morphology by employing conventional endpoint
synergy analyses jointly with quantitative label-free live-cell imaging. Deep neural network
learning, MapReduce parallel processing and method-specific parameter tuning are key
components of the design. The purely phenotypic functionality of COMBImageDL is extended
by COMBSecretomics, which searches exhaustively for drug cocktails that can modify, or
even reverse malfunctioning secretomic patterns. It processes complex datasets involving drug
treated cells observed before and after being stimulated by relevant proteins. Finally, the highest
single agent method is generalized for higher-order drug combination analysis and adjusted for
secreted protein profiles.

The frameworks were used in five pharmacological studies being industrial, academic and
clinical collaborations in areas where novel and personalized multi drug regimens are highly
needed; oncology (acute myeloid leukemia and glioblastoma multiforme) and osteoarthritis.
These studies demonstrate intriguing drug combination findings and in general the great
potential of tools like COMBImageDL and COMBSecretomics to accelerate the discovery and
development of novel potent polypharmacotherapeutic candidates.
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1. Introduction

1.1 Drug discovery and development

Substantial scientific, methodological and technological advances in recent
decades have shed light on the molecular mechanisms of many abnormal
health conditions resulting in new potential therapeutic targets. In this con-
text, the field of drug discovery and development (DDD) has become an in-
dispensable part of biomedical research, which continuously attracts attention
and resources in the light of novel therapies. Despite major breakthroughs in
modern DDD research, development time and costs are increasing, fewer new
drugs are being approved and reproduction of published scientific results is
getting harder [1, 2, 3, 4]. It is unfortunate that at a time when the potential for
new pharmacotherapeutic candidates is peaking, a great number of diseases
remain poorly treated. This bottleneck has lately been under scrutiny and it
is commonly considered to be the result of prioritizing quantity over quality
[3, 4]. In other words, high productivity and efficiency at early stages of DDD
often comes at the cost of low reproducibility, reliability and validity during
clinical development. In this regard, inadequate preclinical models that do not
generalize in the clinic appear to be a source of major concern [1, 2, 3, 4, 5].

However, in vitro and in vivo preclinical models remain a prerequisite step
(Fig. 1.1) prior to human testing. Therefore, the employment of more clini-
cally relevant and translational preclinical models seems essential [4, 5]. No-
tably, such an experimental advancement should be accompanied with appro-
priate data analysis methods to enable meaningful and reliable interpretations
of the measured drug responses [3, 5]. Taken together, DDD constitutes a
vital but challenging scientific field that is currently calling for substantial im-
provements, mainly including efficient detection of poor drug candidates with
higher probability at earlier stages [1, 2, 3, 4, 5].
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Figure 1.1. Overview of a conventional DDD pipeline. Early DDD starts with the selection of a disease
area and a subsequent therapeutic need to be met. It proceeds with hit identification by means of either
target- or phenotype-based in vitro and/or in silico screening of large chemical libraries. The identified hits
are further filtered by performing more detailed in vitro evaluations aiming at detecting lead compounds
and further optimizing their properties. Next comes the preclinical development, where the obtained drug
candidates are undergoing in vivo evaluation, in order to assess preliminary efficacy and safety on animal
models prior to human testing. The following step is a sequence of clinical trials, which start with phar-
macokinetic and safety studies in healthy volunteers (Phase I) and continue with exploratory (Phase II)
and confirmatory (Phase III) efficacy and safety studies on gradually more diverse patient groups. Upon
completion, regulatory approval is required for market launch of the developed pharmaceutical product. Fi-
nally, post-marketing safety surveillance (Phase IV) pertains to monitoring for rare and unexpected adverse
effects once the drug has entered the market.

1.2 Phenotypic and target-based screening

Phenotypic changes reflect the emergence of various diseases. Screening for
compounds/agents that alter a particular abnormal phenotype, the so called
phenotypic screening (PS), has lately regained popularity as an alternative to
target-based screening (TS) [6, 7, 8]. In contrast to TS, PS does not require
understanding of the exact molecular mechanism of action, which is a key
benefit. Given the dynamics of any physiological system and the multiple
causative mechanisms of complex diseases, it is very difficult to a priori define
the exact molecules and interactions that will result in a tolerable and useful
therapeutic window [8]. Therefore, PS, compared to TS, offers a more holistic
and empirical approach, where cells are screened for physiological changes
towards a desired cellular state [9]. These assays can then be systematically
optimized to search for chemicals and/or chemical mixtures that change and
ideally reverse the state of disease associated cells and/or simply kill them, if
appropriate, like in cancer pharmacology.

1.3 Live-cell imaging

Lately, PS assays based on automated microscopy and image analysis, often
referred to as high content screening/analysis (HCS/HCA), have become an
important tool in DDD [9, 10, 11]. This is mainly because such assays have
the capacity to provide more insights into drug action early on, by allowing
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the quantification of many different parameters extracted from the digital im-
ages (e.g. localization events, morphological changes, growth properties etc.).
However, the vast majority of them are carried out using single image acqui-
sitions of fixed cells that have been tagged with fluorescent labels [9, 10, 11].
Apart from being expensive, labor intensive and often both toxicogenic and
error prone, these experimental setups do not capture any temporal informa-
tion [9]. In this context, live-cell imaging holds strong potential. Using this
modality, tracking of individual cells and/or subcellular structures, as well as
morphological changes of a cell population (e.g. size, area, intensity, texture
etc.) can be recorded and monitored over time, which open for temporal stud-
ies of the onset and duration of the compound action.

Currently, live-cell imaging modalities are not a standard practice in DDD
[9]. A major reason is lack of experimental-computational tools that can pro-
vide laboratory automation workflows and subsequently, robust temporal im-
age processing of the large data volumes generated. Another challenge is that
most fluorescent dyes used for HCS are inherently toxic and/or cause cell
damage due to phototoxicity and photobleaching. In this regard, label-free
measurements appear more attractive [12, 13, 14, 15], but they are presently
less explored due to decreased sensitivity. It is true that label-free live-cell
imaging does not allow monitoring of specific molecular markers and detec-
tion of particular (sub)cellular events of interest. However, it comprises a less
error prone and more cost efficient inroad for multi parametric and temporal
high-throughput screening (HTS), which can then be accompanied by more
specific HCA studies for further elucidation. Notably, advances regarding in
silico labeling has lately shown to easily, cost efficiently and reliably boost the
sensitivity of label-free live-cell imaging [16, 17].

1.4 Secretomic profiling

Human cells are constantly communicating with themselves (autocrine sig-
naling), nearby cells (paracrine signaling), distant cells located in other tissues
(endocrine signaling) and the micro/macro environment in general [18]. Ex-
tracellular protein secretion plays a major role in the highly dynamic cell-cell
communication, which typically gets perturbed in response to various patholo-
gies and environmental stimuli [19, 20, 21, 22]. Therefore, characterization of
disturbances in the secreted protein levels of different cell types holds strong
biological, diagnostic and pharmacological potential [19, 20, 21, 22]. Al-
though secretomics has lately attracted substantial attention due to improve-
ments in proteomic platforms [19], including mass spectrometry [23], its po-
tential still remains largely unexplored, especially from a DDD perspective.
One aspiring example of what can be achieved in a clinical pharmacology set-
ting using this approach is demonstrated by a recent case report; in vitro secre-
tomic profiling of patient derived peripheral blood leukocytes was employed
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to find a highly successful personalized treatment for an unknown form of au-
toimmune arthritis [24]. It is becoming evident that such a systems biology
approach to investigate the role of secreted proteins from disease associated
and healthy cells opens for novel and more clinically relevant diagnostics and
therapeutics [19, 20, 22]. Notably, secreted proteins can be easily accessed by
pharmaceutical drugs, more so than intracellular proteins [19].

1.5 Higher-order drug cocktails

Pharmacological treatment of complex and/or co-occurring diseases using more
than two drugs (i.e. higher-order drug treatments) is attracting increasing inter-
est due to reduced risk of evolving resistance, enhanced efficacy and decreased
toxicity [25, 26, 27, 28, 29, 30, 31, 32, 33]. Despite the upward trend of multi
drug treatments in the clinic [34, 35, 36, 37, 38, 39, 40], the vast majority of
drug discovery efforts today is still focused on single first-in-class or follow-
on drugs [1, 2, 3]. Given the complex and often only partially understood
pathophysiology of many diseases, including multiple distorted biochemical
pathways, compensatory feedback loops, resistance mechanisms, cell-to-cell
and patient-to-patient heterogeneity [25, 26, 27, 28, 29, 30, 31, 32, 33, 41], it
seems quite unrealistic to seek for new one-size-fits-all monotherapies.

Although there are successful examples of such monotherapies, includ-
ing the development of Imatinib (tyrosine kinase inhibitor) for treatment of
acute myelogenous and acute lymphoblastic leukemias, there are still vast
unmet therapeutic needs in many other disease areas. Thus, the traditional
slow moving DDD pipeline, currently suffering from high late-stage attrition
rates [1, 2, 3, 4], should benefit from incorporating better multi agent testing
schemes. Shifting the focus towards higher-order drug combination discovery
and development, especially in the context of personalized medicine, is one
obvious and promising inroad [1, 5, 27, 33]. However, identifying potent and
clinically relevant polypharmacotherapies is a challenging task, currently be-
ing hindered by severe limitations, such as insufficient disease model systems,
lack of experimental-computational tools that enable exhaustive, systematic
and standardized higher-order drug combination studies within and beyond
oncology, large biological variability, lack of standardization and reproducibil-
ity, regulatory complications, as well as misconception and misuse of synergy
[26, 27, 33].

1.6 Insufficient disease models

It is widely argued that in vitro model systems of cancer and other diseases
do not closely mimic the human in vivo micro environment and thus, the as-
sociated drug induced responses [3, 5, 27]. This lack of confidence in pre-
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clinical in vitro model systems has shifted the focus to more sophisticated in
vivo models, such as patient derived xenografts (PDX), but which are also
considered to have insufficient clinical predictive power [S]. Although in vitro
drug evaluation might exhibit limitations as any other method, it is always re-
quired prior to any animal studies. Moreover, successful in vitro and in vivo
preclinical assessment of a candidate drug is a prerequisite for further clin-
ical development. However, when it comes to drug combination screening,
where large experimental capacity is usually required, extensive animal model
testing becomes impractical, unrealistic and ethically controversial [5]. By
contrast, in vitro drug combination screening comprises a viable and straight-
forward approach. However, the in vitro model systems employed have to
be refined and further optimized, so that they reflect more closely the in vivo
situation [3, 5, 27]. Establishing several different types of disease associated
and healthy cells [5, 42, 43], employing three-dimensional cell cultures [44],
co-culturing different types of cells [5, 45] and focusing on primary patient de-
rived cell cultures [46, 47] may all contribute to more clinically relevant and
translational in vitro model systems.

1.7 Lack of experimental-computational tools

As of today, in vitro drug combination analysis is mainly focused on the eval-
uation of anticancer drug pairs and is supported by several freely available
software tools [33, 48, 49, 50, 51, 52, 53]. Furthermore, a few methodological
attempts for higher-order drug combination analysis have also been reported
within the field of antimicrobial susceptibility testing (AST) [28, 29, 30, 31,
33]. Although descent and well established, the aforementioned approaches
have a common important limitation; they employ endpoint measurements,
meaning that the drug combination effects are assessed at a single time point
only by measuring a single parameter (i.e. cell viability/bacterial growth).
Such approaches are thus unable to provide any temporal information related
to the onset and duration of the drug combination effects. Moreover, they can-
not capture chemically induced changes at the phenotypic and/or molecular
level (e.g. cell transdifferentiation and restoration of malfunctioning secreted
protein profiles respectively), which might reflect modifications towards a de-
sired cellular state that is not well revealed by the selected endpoint measure-
ments. Therefore, there is great need for novel second- and higher-order drug
combination analysis methods that incorporate temporal and multi paramet-
ric readouts. As described above, quantitative label-free live-cell imaging and
secretomic profiling are two largely unexplored inroads that open for high di-
mensional phenotypic and molecular based drug combination analysis, respec-
tively. However, such a methodological advancement requires standardized,
fast and robust experimental-computational tools to facilitate direct compar-
isons of the results obtained among different laboratories, manage the large
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amounts of data generated and perform the non-trivial multivariate data anal-
yses required. Such versatile methods are expected to enable systematic drug
combination studies beyond cancer pharmacology and generate high dimen-
sional feature descriptors that could then be used for in silico drug combination
discovery [32, 33, 54, 55, 56, 57, 58].

1.8 Large biological variability

Cell-to-cell and patient-to-patient heterogeneity are major challenges for the
successful development of clinically relevant one-size-fits-all pharmacothera-
pies [25, 26, 27, 28, 32, 33, 41]. Thus, early preclinical stages of DDD should
employ disease models that reflect this inherent variability, in order to obtain
sufficient predictive power for subsequent preclinical and human testing. As
already mentioned above, employing multiple in vitro models for a particu-
lar disease is likely to increase the statistical power to reliably predict clini-
cal responses [3, 5]. In this context, personalized medicine (PM) holds very
strong potential and has an outstandingly growing role in the healthcare sys-
tem [1, 59, 60, 61]. From a pharmacological perspective, PM focuses on the
development of tailored therapeutic strategies using functional in vitro drug
sensitivity profiling [46, 47], but also systems biology approaches based on pa-
tient derived epigenomic, genomic, proteomic and metabolomic profiles [59].
PM has the potential to optimize therapy selection in terms of efficacy and
adverse effects. This avenue also holds promise to reducing DDD costs and
time by repurposing existing drugs and subsequently, employing novel drug
combinations [59, 62].

1.9 Lack of standardization and reproducibility

An increasing problem within the current DDD landscape is lack of repro-
ducibility [3, 33]. During early phases of a DDD research project, a large
number of different experiments is usually prioritized over consistent replica-
tion of a smaller number of experiments. Such a quantity based prioritization
tends to override quality, since the absence of technical replicate measure-
ments does not allow to consider the observed experimental variability and
thereby, quantify uncertainty in the results obtained. Standardization of the
experimental and computational methods employed are also expected to im-
prove reproducibility. It is quite common that experimental procedures cannot
be replicated across different laboratories due to lack of common protocols.
Similarly, computational tools, developed to serve the same purpose, may give
divergent results due to different data transformations, normalizations and pre-
processing that are far from being standardized in the field [33].
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1.10 Misconception and misuse of synergy

Drug combination effects can be characterized as neutral, synergistic or antag-
onistic. These three characterizations are used, in order to distinguish between
trivial, interesting and unwanted drug combination effects, respectively. More
specifically, neutrality is detected when the combined drugs elicit an effect
that is equivalent to the one expected by assuming a trivial/null model. Then,
synergy and antagonism are detected as positive and negative deviations, re-
spectively, from such a null model. In other words, a drug combination is con-
sidered to be synergistic when it elicits a higher effect and antagonistic when
it induces a lower effect than expected by the pre-defined null model. The cur-
rent practice in drug synergy analysis involves the employment of three ma-
jor such models; Bliss independence (drug combination effect is predicted by
considering the constituent single drug effects probabilistically independent)
[63], Loewe additivity (drug combination effect is predicted by considering
the constituent single drugs as diluted versions of each other) [64] and high-
est single agent (HSA), known also as Gaddum additivity (drug combination
effect is predicted as the most potent single-drug effect) [65].

These models are well established and incorporated in several freely avail-
able drug combination analysis tools [50, 51, 52, 53]. Refined variants of them
have also been reported in the context of higher-order drug combination anal-
ysis and in silico prediction [28, 29, 30, 31, 33, 66]. Although widely used,
these models, focused merely on target cells and endpoint measurements, ex-
hibit several limitations.

First and foremost, they originate from toxicology research, where the main
goal is to detect harmful synergistic multi compound effects. Therefore, they
might be completely misleading in a pharmacological context, where the goal
is to detect drug combinations with large therapeutic windows (i.e. large ef-
ficacy compared to adverse effects). Although the potential of reference cell
focused therapeutic synergy analysis has already been demonstrated [42, 43],
most drug combination studies to date still employ the traditional target cell
focused and model based methods [33, 67].

Another important limitation is the acquisition of controversial results due
to completely different assumptions of the employed null models [33, 52, 67].
For example, a synergistic drug combination effect according to the Bliss in-
dependence model [63] could be detected as antagonistic based on the Loewe
additivity model [64] and vice versa. A simple approach to address such con-
troversies would be to require synergy regardless of null model. Although such
a requirement might reduce the number of promising drug combinations iden-
tified, it will improve consistency and reproducibility of the results obtained.
Interestingly, drug combination effects in clinical and preclinical animal stud-
ies can be largely explained by employing only the HSA model [26].

Overall, drug synergy analysis seems to be far from trivial [26, 33, 67].
Most importantly, clinical translation of the drug combination analysis results
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obtained by performing in vitro experiments appears to be relatively low, as
well [26, 33]. Apart from collective efforts towards standardization of the
models and methods used to quantify synergy, a more pragmatic approach
might be needed. Given the inter-/intra-patient genetic heterogeneity, it might
be more useful to further consider a non-antagonism analysis instead, where
only antagonistic drug combinations are rejected. Such an approach would
also include drug combinations with potential therapeutic benefit, which can
actually be explained by the aforementioned null models.

1.10.1 Examples of common pitfalls

To clarify some of the aforementioned pitfalls and challenges, two simple and
concrete quantitative examples are given below by assuming an in vitro cancer
cell culture. The readout used is an endpoint measurement of cell viability,
expressed relative to untreated cells, here denoted g.

In the first case, two different anticancer drugs are tested separately at
one single concentration each, denoted c¢; and c; respectively, and in com-
bination (ci,c;) yielding the measurements: g(cj) = 0.4, g(c2) = 0.5 and
g(c1,¢c2) = 0.2. From the these values, it is clear that the particular patient
would benefit from being prescribed both drugs, since they reduce the cell vi-
ability more than either of them alone. However, a conventional Bliss analysis
would suggest that the drug combination (cy,c¢;) is not synergistic and thereby
uninteresting, since its observed effect g(cy,c2) can be predicted by assuming
probabilistic independence of the two single-drug effects:

B(cy,c2) =g(c1)-g(e2) —gler,c2) =0.4-05-0.2=0

Here, B(c1,c2) denotes the Bliss index, which is the calculated deviation
from the Bliss independence model. Although this is a simplified example, it
shows how misleading the classical synergy analysis methods can be from a
therapeutic/clinical perspective. Therefore, it might be worth shifting the fo-
cus of early drug combination discovery from synergy to usefulness detection,
meaning searching for non-antagonistic drug combination effects.

In the second case, the task is to optimize personalized drug combina-
tion therapy by considering a panel of four drugs at one concentration each,
c1,¢2,¢3,c4, Which are combined in two pairs; (¢, ¢;) and (c3,c¢4). Therefore,
the goal is to compare and rank these two different combinations. Assum-
ing that g(c1) = 0.9, g(c2) =1, g(c3) = 0.9, g(ca) = 0.8, g(c1,¢2) = 0.7 and
g(c3,c4) = 0.52, the two Bliss indices are:

B(c1,c2) = g(c1) - glc2) —g(e1,¢2) =0.9-1-0.7=0.2

B(cz,ca) = g(c3)-g(ca) —g(c3,¢4) =0.9-0.8—-0.52=0.2
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Although g(c3,c4) < g(c1,¢2), meaning that (c3,c4) shows greater thera-
peutic potential compared to (cy,c7), Bliss analysis gives the same synergy
score for both of them, B(c1,c¢2) = B(c3,c4) = 0.2. This ambiguity becomes
an even bigger problem for large-scale drug combination screening, where
many more comparisons must be performed. Thus, there is need for refine-
ments/improvements of the current model based drug combination analysis
methods, so that they become more discriminative.

1.11 Current work in perspective

Given the largely unexplored potential of higher-order drug cocktails and lim-
itations of the currently employed methodological frameworks, briefly de-
scribed in previous sections, this work aims at offering improvements towards
both these fronts. The overarching goal of this thesis was to establish a solid
suite of standardized methodological tools that enable systematic test tube
analysis of second- and higher-order drug combinations using multi dimen-
sional phenotypic and molecular readouts. In particular, this was achieved
by complementing conventional endpoint synergy analyses with quantitative
label-free live-cell imaging and secretomic profiling (Fig. 1.2). Great attention
was given to automation, standardization, quality control, fast and scalable
data analysis, method-specific systematic parameter tuning, non-parametric
statistical inference and data driven methodology to evaluate response patterns
and discern higher- from lower- and single-drug effects. The resulting compu-
tational tools could guide and accelerate drug combination studies performed
at early preclinical stages and within personalized therapy selection schemes.

Higher-order

Secretomic drug Lz?bel-free
rofilin Tt live-cell
b g combina : ion imaging
analysis

Figure 1.2. Overview of current work. Development of standardized computational tools for second- and
higher-order drug combination analysis by employing quantitative label-free live-cell imaging and secre-
tomic profiling.
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2. Background Theory

2.1 Microplate format

A microplate (or microtiter plate) is a flat plate with multiple small test tubes,
most commonly known as wells. Microplates are available in a variety of
well density formats (i.e., 6, 9, 12, 48, 96, 384, 1536, 3452, 9600), geometric
and physical dimensions that make them compatible with a diverse array of
cell based experimental assays, automated liquid handling devices, robots and
plate reader detection platforms [9]. Higher-density 384-well (Fig. 2.1) and
1536-well plates are as of today widely used for HTS, including large-scale
drug combination experiments. In terms of this thesis, the experiments were
performed in 96-well and 384-well format. However, the developed method-
ological frameworks are designed to be microplate format independent.

1 2 3 4 5 6 7 8 9 0 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Figure 2.1. Top view of a 384-well microplate. One of the most common microplate formats currently
employed for HTS, including drug combination screening, which can facilitate up to 384 experiments si-
multaneously.

2.2 Laboratory workflow

In this section, the general laboratory workflow required by the methodologi-
cal tools developed in the context of this thesis is briefly described, in order to
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facilitate understanding for readers without wet lab experience. More gener-
ally, it is intended as a useful overview of the experiments performed and the
corresponding data generated.

As shown in Fig. 2.2, the first step is cell seeding using a particular (ap-
plication dependent) microplate format. The drugs and/or drug combinations
are then transferred to the cell carrying microplates, either manually, or auto-
matically using acoustic liquid handling devices (for large-scale experiments).
The next step is incubation under chemical exposure for a suitable time inter-
val that can range from hours to days. Time series measurements are gener-
ated by using a live-cell imaging (microscopy) instrument that captures phase-
contrast (grayscale) images at distinct time points over a pre-defined time in-
terval. Endpoint measurements are also obtained by a cell viability assay that
measures a marker activity associated with viable cell number and/or a secre-
tomic profiling assay that measures the abundance (concentration) of different
proteins being released in the cell culture supernatant. Further details about
the experimental assays employed can be found in Chapter 4 (“Materials &
Methods”) and Papers I-V.
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Figure 2.2. Laboratory workflow overview. Cells are seeded on microplates, where drugs and/or drug
combinations are added either manually, or using acoustic liquid handling devices. Incubation follows for
a pre-defined time interval. Label-free live-cell recording is employed in a time-lapse manner until the end
of incubation. Finally, endpoint readouts are obtained by employing cell viability and secretomic profiling
assays.
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2.3 Data volume

As already described in the previous section, this thesis deals with three differ-
ent types of experimental data; one dimensional endpoint cell viability mea-
surements (Fig. 2.3), multi dimensional endpoint protein release signatures
(Fig. 2.4) and temporal sequences of phase-contrast (grayscale) images (Fig.
2.5).

As illustrated in Fig. 2.5, automated live-cell imaging captures two dimen-
sional images at distinct pre-defined time points, resulting in a spatio-temporal
data cube per experimental well. The size of each such three dimensional
structure depends on the spatial resolution of the imaging instrument, as well
as the frequency and duration of the live-cell recording assay. HTS formats
combined with high-resolution imaging instruments and long recording times
can therefore result in massive datasets [9]. Their size can often reach up to
hundreds of terabytes or even more, preventing them from fitting in the mem-
ory of a single computer and in general being processed with conventional se-
rial algorithms within reasonable time. Therefore, storage and processing time
are two major challenges when developing computationally efficient tools for
quantitative live-cell imaging, especially in the context of HTS.
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Figure 2.3. Cell viability data. Endpoint cell viability measurements yield a single value per well, propor-
tional to the number of viable cells.
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Figure 2.4. Secretomics data. Endpoint secretomic profiling results in a d-dimensional feature vector per

well, where each element is proportional to the abundance (concentration) of one of the d different released

3.

proteins measured. In this figure, d

11 12 13 14 15 16 17 18 19 20 21 22 23 24

10

data. Label-free live-cell imaging results in a spatio-temporal grayscale

imaging

Figure 2.5. Live-cell

image cube per well, capturing how cell cultures evolve over time under chemical exposure.
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2.4 Parallel computing

Parallel computing is widely used to speed up computations and/or process
large datasets efficiently. Single computers that consist of multiple proces-
sors/cores (vertical scaling) and many computers clustered together via fast
networks (horizontal scaling) that have access to a shared file system enable
parallelization of computer programs by the concurrent execution of inde-
pendent computations. In this context, state-of-the-art distributed computing
frameworks, such as Apache Hadoop, Spark and Storm [68, 69, 70], are of
high relevance. They allow for distributed and scalable processing of large
datasets across clusters of computers, using simple programming models, in-
cluding MapReduce [71]. Apart from fast and fault tolerant algorithmic imple-
mentations, parallelization also opens for other computational advancements,
including method-specific systematic parameter optimization via grid search,
instead of employing arbitrary user-defined values.

2.4.1 MapReduce

MapReduce is a functional programming model originally developed by Google,
which is suitable for processing of large data sets in a massively parallel man-
ner [71, 72]. Each computational task has to be expressed by means of two
different functions; Map and Reduce. The Map function takes an input of a
key/value pair and produces a set of intermediate key/value pairs by execut-
ing partial computations. All values V with the same intermediate key K are
automatically grouped together before they are passed to the Reduce function,
which merges all the intermediate values V associated with the same unique
intermediate key K and eventually, forms the final set of output values V’. No-
tably, the intermediate values V are provided to the Reduce function via an
iterator, which allows users to handle massive lists of values that do not fit in
memory. A simplified overview of a typical MapReduce workflow is shown
in Fig. 2.6.

Algorithms written using the aforementioned functional style are automat-
ically parallelized and can be scaled up to large clusters of commodity hard-
ware [73]. Inter-machine communication, load balancing, details of paral-
lelization and machine failures are all handled by the run-time system of
MapReduce itself, without any intervention from the programmer’s side. There-
fore, the complex resources of a large distributed system can be easily em-
ployed by users, without experience from parallel and distributed systems.
Furthermore, the MapReduce library is resilient to large-scale machine fail-
ures during execution due to employed master-slave architecture [72]. Ac-
cording to this hierarchy, the master assigns tasks to all slaves/workers and
supervises their corresponding fulfillment periodically. In case no response
is received from a slave/worker within a certain period of time, the master
spots the failure and proceeds with rescheduling by reassigning the task to an-
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other worker. Thus, machine failures are gracefully controlled, since restarting
large jobs from scratch is not required. MapReduce constitutes a highly effec-
tive programming model. As already mentioned in the previous section, it can
be employed with distributed cluster computing frameworks, such as Apache
Hadoop and Spark [68, 69, 70].

“"Node, "~~~ T T TTo 3 ("Nodeny, ~ T T T 7 A
[on ][] [ | ! e [Cox |
: | -

Figure 2.6. Overview of the MapReduce workflow on a set of M nodes. The input dataset is automat-
ically distributed across the M different nodes, which is then split further into smaller chunks of data
(c11,¢12,++,€¢IN, *++5 CMm1,CM2,cmN)- Firstly, the Map function produces an intermediate set of key/-
value (KV) pairs. Secondly, a grouping phase takes place (indicated by arrows), where all the intermediate
values (V) with the same key (K) from all different nodes are grouped together. Finally, the Reduce function
is applied on the intermediate sorted KV pairs and the output results are generated.

2.5 Data analysis

In this section, the theoretical principles of the data analysis methods em-
ployed in this thesis are briefly described.

2.5.1 Feature extraction

Feature extraction constitutes a major field in image and data analysis. The
main goal is to obtain the most relevant information from high dimensional
input data by extracting a reduced set of features, usually referred to as feature
vectors [74]. The extracted low dimensional input representations are expected
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to be informative and non-redundant, facilitating various post processing tasks.
Feature extraction can generally be performed by:

1 humans (i.e. researchers, data analysts, etc.) that determine the fea-
tures to be extracted from the input data. These features are commonly
referred to as handcrafted features.

2 machine learning, where computers learn the features that optimally rep-
resent the input data. These features are commonly referred to as non-
handcrafted features.

2.5.2 Pixel histograms

Pixel histograms are handcrafted global feature descriptors of the intensity
distribution in a digital image, which have been extensively used for vari-
ous image processing tasks, including thresholding and image enhancement.
Some of their major advantages are cheap extraction, dimensionality reduc-
tion and invariance to image rotations [75]. However, a single histogram is
unable to encode spatial variation and information. A promising alternative is
the extraction of a hierarchical/multi resolution image histogram, which com-
bines all the aforementioned properties of a plain pixel histogram together
with spatial information [75]. Such a feature extraction algorithm, known as
pixel histogram hierarchy and comparison, has been developed for automated
quantification of differences in time evolving morphologies, in the context of
in vitro cancer pharmacology studies and has shown to hold strong potential,
despite being relatively simple [14, 15].

2.5.3 Local binary patterns

Local binary patterns (LBPs) constitute one of the most prominent and widely
explored handcrafted local texture descriptors. Since they were introduced
in mid-1990s [76], they have attracted substantial attention resulting in a large
number of refined variants [77], which are beyond the scope of this thesis. Not
long ago, the thirty two most recent LBP variants were compared with eight
non-LBP descriptors, derived from deep neural networks, on thirteen widely
used texture datasets [77].

A LBP is essentially extracted by thresholding a local neighborhood at the
gray level of the current center pixel and subsequently deriving a binary code
that finally is interpreted and stored as a decimal number (integer) [78], as
illustrated in Fig. 2.7. A histogram of all such decimal numbers extracted
from an image contains information about the distribution of local features
(e.g. edges).
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Figure 2.7. LBP extraction example. A 3 x 3 grayscale image patch is considered to the left, with N = 8
equally spaced pixels around the center pixel value 160 on a circle of radius R = 1. The extracted local
binary code after local thresholding, shown to the right, is 00100011. The local binary code is converted
into the decimal number 35, shown to the top, which replaces the original center pixel value 160.

More specifically, the conventional LBP operator is computed for each pixel
value g, located at (x,y), considering N equally spaced pixels on a circle of
radius R that form a circularly symmetric local neighborhood (Fig. 2.7). The
coordinates of a neighbor pixel ¢, around g are given by (x — Rsin(2%r/v),y+
Rcos(2p/v)). Notably, the gray values at neighboring positions that do not
exactly coincide with a pixel center are estimated by means of (bilinear) inter-
polation. The local decimal number for g, is then defined as:

N—1
LBPyr(x,y) =Y s(ap—qc)-2° 2.1
p=0
1 ifz>0
— = 2.2
s(2) {0 otherwise 22

In order to make these decimal numbers rotation invariant, the extracted raw
binary code (e.g. 0010011) is typically first circularly shifted clockwise in
such a way that as many as possible of the most significant bits are zero (e.g.
00011001), thus resulting in the smallest plausible decimal number. Moreover,
since the subset of all the plausible 2V binary codes that contain at most two
0+— 1 or 1 — O transitions found to dominate in a wide variety of images
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are in total N + 1 codes, one typically uses only them, plus one more that
corresponds to the rest. Thus, the length of the extracted feature vector is
N+2[78].

2.5.4 Filtering

Filtering is one of the most important and widely used operations in image
processing. Denoising, smoothing, sharpening, edge detection and edge en-
hancement are some representative application examples [79]. Filtering is a
mathematical operation that is employed to a local pixel neighborhood and
results in a new output value for the central pixel. In the most commonly used
case of linear filtering, the output value is determined as a (linear) weighted
sum of all pixel values in the corresponding neighbor set, often implemented
by means of convolution. The weights/coefficients used are taken from a ma-
trix with the same dimensions as the input local neighborhood and are known
as the filter/convolution kernel. The general mathematical expression for con-
volution in the two dimensional and discrete space is defined as:

y(m,n) = h(m,n) *x(m,n) Z Z h(k,0)-x(m—k,n—1) (2.3)
k=—al=-b

where y(m,n), h(m,n) and x(m,n) is the output, kernel and input value, re-
spectively, at pixel (m,n).

2.5.5 Matched filter

The matched filter is a linear operator that essentially determines the (linear)
correlations between a known signal/image prototype for each local part of
a bigger/larger collected experimental signal/image. It is the optimal linear
filter for detecting a signal prototype of interest in the presence of additive
normally distributed noise with zero mean, in the sense of minimizing the ex-
pected number of detection mistakes (i.e. false alarms and missed detections).
More specifically, given an unknown signal expressed as a k x 1 dimensional
column vector r, the matched filter calculates the optimal test statistic for dis-
crimination between the null hypothesis (H,) and the hypothesis of interest

(Hy):

Hy : =
{ 0 r=n (2.4)
H: r=s-+n

where s denotes the prototype (i.e. known signal) to be detected and n ~
(0, C). Given a filter kernel w, and an unknown signal r, the filter output is
calculated as a scalar product:
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y=wTr. 2.5)

2.5.5.1 Decision statistics
H, is determined over H,), if:

P(Hy|r) > P(Holr) (2.6)

Using Bayes’ theorem, the aforementioned probabilities can be derived as:

p(r|H;) - P(H;)

P = =

Thus, inequality (2.6) becomes:

p(r|H) - P(H;) >P(1'!Ho) -P(Hp) N
)

p(r p(r)

p(r|Hy)-P(Hy) >p(r|Ho) - P(Hp) =

p(r|H,) - P(Hy)
p(r|Ho) = P(H)

(2.8)

The probability density function for the left part of inequality (2.8), under the
assumption that r ~ .4 (m, C), is:

e~ 2 (r—m)TC ! (r—m))

p(r|H;) = (2.9)

(2m)¥|C|2

Here, mg = b and m; = s under Hy and H;, respectively. Then, plugging Eq.
(2.9) in Eq. (2.8) gives:
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The right part of Eq. (2.10) represents the threshold 7, which determines H
over Hy. The left part of Eq. (2.10) shows that the filter coefficients are given
by the vector w, defined as:

w=C"ls (2.11)

By employing Eq. (2.11), the filter output from Eq. (2.5) can be finally ex-
pressed as:

y=(C's)Tr 2.12)

2.5.6 Machine learning

Machine learning (ML) is the task of building computational models that can
learn from data. For example, diagnostic medical imaging is a major appli-
cation area of ML systems [80]. An overarching goal there is to develop
computerized radiologists that can discriminate between diseased and healthy
subjects from human body scans. Such a learning task requires the raw input
data (here medical images), extraction of discriminative features and a com-
putational model that learns from the extracted features (training data) how to
perform well on the aforementioned discrimination/classification task for new
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(test/unseen) data. This a typical sequence of steps followed by conventional
ML approaches based on handcrafted features [81].

However, contemporary ML approaches use non-handcrafted features based
on representation learning methods [81]. With such approaches, the raw input
data is fed directly into a ML model, which automatically discovers the fea-
tures needed for the learning task at hand. Representation learning lies at the
basis of deep learning (DL) methods, where multiple layers of interconnected
non-linear units, known as artificial neurons, learn hierarchical data represen-
tations. In particular, the representation obtained from one layer (starting with
the raw input data) is converted into a representation of higher complexity at
the next level. In this way, complex features are automatically learned from the
raw data using a general purpose learning procedure. DL has gained momen-
tum during the last years mainly due to the widespread availability of massive
training datasets, advancements related to more efficient training algorithms
and parallel hardware, including computing libraries (CUDA, OpenCL) for
graphical processing units [80, 81].

2.5.6.1 Supervised and unsupervised learning

ML methods are generally divided into two categories; supervised and unsu-
pervised. In supervised learning, every observation x,, of the input dataset D
is accompanied with a target label/value y,, which can take different forms
based on the learning task at hand. In other words, the input dataset can be
expressed as D = {x,,y, }ﬁlV:l. In a classification setting, y,, contains integers
representing the class labels, whereas in a regression task, y, contains contin-
uous values. In both cases, the learning aims at:

VoY= f(Xn) (2.13)
where f(x,) denotes the function to be learned from D and §, denotes the
prediction of y,,.

In unsupervised learning, the input dataset D contains only the observations
X, without labels, meaning that D = {x,,}ﬁ’:l. Unsupervised learning aims
at discovering hidden prototypical patterns in the input data. Clustering and
principal component analysis are two examples of widely used unsupervised
ML methods, where the learning task aims at:

X, =X, = f(X,) (2.14)

here f(x,) denotes the function to be learned from D and %X, denotes the re-
construction of x,,.

2.5.7 Clustering

Clustering is a widely used unsupervised data mining method that aims at par-
titioning the original data space in clusters/groups with similar behavior/fea-
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tures [82]. The basic principle is that data points sitting close to each other
are more similar than distant data points and thus, they should be grouped to-
gether. Clustering has many applications, including dimensionality reduction,
anomaly detection, pattern recognition and classification. Despite the large
repertoire of heuristic clustering algorithms, selecting the appropriate one for
a particular problem is often challenging [82].

2.5.7.1 K-Means algorithm

The K-means algorithm is a well known and simple heuristic method for per-
forming clustering. Briefly, the main idea is that a particular cluster is repre-
sented by its mean/centroid. Given K pre-defined clusters, the algorithm tries
to find K subsets S; and assign all d-dimensional data points x into the closest
centroid ¢; by minimizing the sum of squared errors (SSEs):

argmm Z ) |x — ¢|? (2.15)

Sk i=1xeS;

2.5.8 Principal component analysis

Principal component analysis (PCA) is an unsupervised learning method widely
used for applications such as dimensionality reduction, data compression, fea-
ture extraction and data visualization. A brief description of the method fol-
lows by considering a d X N input matrix X, where N and d denote the number
of observations and variables, respectively. It is further considered that X has
the column mean vector m and the associated d x d covariance matrix C with
eigenvalues {lk}le and corresponding orthogonal (unit length) eigenvectors
{B,}¢_,. Then, X is approximated as:

X~X=M+BT (2.16)

where B is a d x n dimensional matrix with the n eigenvectors corresponding
to the n largest eigenvalues as columns and M is a d X N dimensional matrix,
with all N columns equal to m. T is a n x N dimensional matrix containing
the new (compressed) coordinate values as columns and is determined as:

T=B"(X-M) (2.17)

PCA may be interpreted as the solution to the problem of optimally com-
pressing the original set of column vectors in X into T, so that the following
reconstruction error is minimized:

L=|X-X|r (2.18)
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2.5.9 Feedforward neural networks

A multi layer feedforward neural network (NN), also called multi layer percep-
ton (MLP), consists of interconnected processing units/nodes, most commonly
known as artificial neurons, organized in input, hidden and output layers (Fig.
2.8). The input layer feeds the data into the NN for further processing. All
subsequent layers, before the final output layer, are known as hidden layers.
Each hidden layer operates on a set of weighted inputs from the previous layer
and generates a new output to be used as input to the next layer. The last layer
produces a final output designed for the learning task at hand. MLP are fully
connected networks, meaning that each neuron in one layer is connected to all
neurons in the next layer (Fig. 2.8). A deep neural network (DNN) is a MLP
with multiple hidden layers, widely employed in the context of supervised
learning.

Input Hidden Output
layer layer layer

Figure 2.8. Multi layer percepton (MLP). An example of a MLP with a 100-dimensional input vector
X = [x 1o X 100] T one hidden layer with 5 neurons and one output neuron.

A neuron i is characterized by a non-linear activation function o, a weight
vector w; and bias b;. Using the example illustrated in Fig. 2.8, where a
100-dimensional input column vector X = [xl xlOO] T is considered, the
output z; of neuron i in the first hidden layer is calculated as:

zi =0 (W/x+b;) (2.19)

Then, the output z; of all 5 neurons in the first hidden layer is a 5-dimensional
column vector expressed as:

2=z - z5) =[o(W]x+b) - o(Wix+bs)] (2.20)

39



Collecting all 5 weight column vectors in matrix W and all 5 biases in vector
b; and considering that ¢ operates element wise, Eq. (2.20) can be re-written
as:
z1 =0(W]x+b) (2.21)
Similarly, the value on the output layer is calculated as:
y=22= G(Wgzl +by) (2.22)
Considering a MLP with L hidden layers and d; neurons in the output layer,
Eq. (2.22) can be generalized using the following recursive formula:
2, =0(Wjz,1+b), L>2 (2.23)
where z; is an dy-dimensional column vector. On the example from Fig. 2.8,

L=2,di=5andd, = 1.

2.5.9.1 Activation functions

Three activation functions are commonly used with MLPs; sigmoid, hyper-
bolic tangent and rectifier linear unit (ReLLU), with the latter one being lately
the most popular in the context of DNNs (Fig. 2.9).
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ete 2

Figure 2.9. Activation functions. The sigmoid, hyperbolic tangent and ReLU are the three most commonly
used activation functions. In the context of DNNs, the ReLU has lately become the most popular.

2.5.9.2 Training

Training of a DNN refers to the task of modifying its internal set of ad-
justable parameters @ based on a set of observations/examples, so that a pre-
defined cost/objective function is minimized. For a DNN with L hidden layers,
© = {W,, b}, where {W,} and {b;}-' denote the sets of weights and
biases from the input (! = 1) up the output (/ = L+ 1) layer. The cost function
depends on the learning task. Below, the cost functions used in the context of

DNN-based regression and classification are briefly discussed.
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2.5.9.3 Regression

Regression is a supervised learning task, where the training dataset D can be
expressed as D = {Xn,tn}fl\’: |» Where every training example is expressed as
an input vector X, accompanied with a target vector t, containing continuous
variables. In this case, the cost function is the mean squared error between t,

and the predicted output t, = f(x,,®), defined as:
1Y .
E©) =5 Y[t~ (2.24)
n=1

2.5.9.4 Classification

Classification is a supervised learning task, where the training dataset can be
expressed as D = {Xn,tn}ﬁlvzl, where a training example is expressed as an
input vector x,, accompanied with a target vector t, containing the class labels.
DNN based classification typically employs a softmax output layer. For a
multi class problem with K classes, this means that each element of the K-
dimensional output vector f, = f(x,,®) is an estimate of the probability of
X, belonging to the corresponding class j, denoted Pj(x,,®). By employing
Eq. (2.23) for a network with L hidden layers, this probability estimate is
calculated as:

.
o (WL jZLxa L j)

P'X,@ = 5 .: 17...’K 225
(X0, ©) Zlee(w{,m,xﬁbm i=A } ( )

where the vector z; x, contains the output values from hidden layer L of the
network for input x,,, Pj(x,,®) € [0,1] and Y&, P(x,,0) = 1. Eq. (2.25)
defines the so called softmax function and is widely used for NN based clas-
sification tasks. Considering one-hot-encoding for the K-dimensional target
vector t,, (i.e. “1” for the target class element and “0” elsewhere) the standard
(cross entropy) cost used for t, can be written as:

K

E (©) ==Y tylog[P(x,,0)] (2.26)
k=1

Then, the average cost function across all N training examples becomes:

1 N
E(©) = Y E(©) 2.27)
=1

n

2.5.9.5 Parameter optimization

Once the cost/objective function E(®) has been defined, the next task is pa-
rameter optimization. In particular, the optimal parameter values ®* that min-
imize the cost function E(®) have to be found. Arranging the parameters
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in the set ® as elements in a column vector 0, the following optimization is
considered:

0" = argmin E(0) (2.28)
0

where E(0) = E(0). In this context, gradient descent optimization is widely

used. The current parameter vector 6" at iterative step 7 is updated in the
direction of the negative gradient vector, so that:

e(r—H) _ e(f) N T]VE(G(T)) (2.29)

Here, the parameter 7 > 0 is known as the learning rate (and is often made
adaptive in order to accelerate this numerical search). After each such up-
date, the gradient VE is calculated for the new parameter vector 0°"! and
the iterative process defined by Eq. (2.29) is repeated until E (O(HI)) stops
decreasing.

When E(0) is defined in terms of the whole training dataset D = {X, t, }_,,
like in Eq. (2.24) and (2.27), the iterative procedure employed by Eq. (2.29) is
referred to as batch learning. A major problem with this approach is that if N
and the dimensionality of @ are large, calculating VE () can be computation-
ally very heavy. Therefore, to decrease the computational complexity and also
to reduce the risk of premature convergence, the stochastic gradient descent
(SGD) method is often used instead. This means that Eq. (2.29) is still used
but for each update, only one term from Eq. (2.24) or (2.27) is employed. An
often more efficient variant of this single-term vanilla SGD is the so called
mini-batch SGD, where for each update in Eq. (2.29), a small subset of the N
terms from Eq. (2.24) or (2.27) is employed. The basic idea behind the vanilla
and mini-batch SGD is that each update in (2.29) points on average towards
the desired batch gradient VE(0), calculated when using all N terms in Eq.
(2.24) or (2.27).

To efficiently calculate VE(6), the backpropagation algorithm [83, 84] is
employed. In particular, VE() is computed iteratively, layer-by-layer, back-
wards from the output to the input layer of a DNN, by repeatedly employ-
ing the chain rule, while re-using already calculated gradients with respect to
weights and biases in the previous layer.

2.5.9.6 Early stopping and cross validation

After training, the performance of a DNN, as well as any other ML system
in general, should be measured on an independent/unseen set of examples,
known as the test set. This aims at testing the generalization of a DNN, mean-
ing its ability to perform well on independent data that have not been part of
the training. In other words, this task aims at discovering when the system has
been overtrained/overfitted, which usually occurs when the training dataset is
relatively small with respect to the number of internal adjustable parameters.
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Multiple approaches to avoid overfitting have been proposed, with early stop-
ping and cross validation being two such widely used techniques [83, 84].

Early stopping requires splitting of the training dataset D = {x,, t, }2’:1 into
an estimation and a validation subset, denoted here D, and D,. In particular,
D, is used to update 0. Periodically the current 0 is evaluated using D,, yield-
ing the so called validation error, which ideally decreases at first, followed by
an increase as the model starts to overfit. Training can therefore be stopped
when the smallest validation error occurs, so that a good generalization per-
formance can be achieved.

Cross validation requires splitting of the training dataset D = {x,,t, }ﬁlvzl
into K > 1 non-overlapping subsets {Dk}le, often referred to as folds. This
splitting assumes that the size of each fold is M =~ %, where M is an integer.
Given this setup, 8" is estimated K different times using the following iter-
ative procedure. For k = {1,---,K} the k' subset {D;} is hold out, while
all remaining subsets are used for training resulting in 8. Then, the k" left
out fold is used to calculate the validation error E(0). This procedure is re-
peated K times each time using the next left out fold until all folds have been
consumed. The performance of the model is finally assessed by averaging
across {E(0;)}X_,. Notably, K-fold cross validation may be computationally
expensive, since the model has to be trained K times in total. Therefore, early
stopping may be a more viable approach in this context.

2.5.10 Convolutional neural networks

The most widely used type of DNNs in the context of image analysis are con-
volutional neural networks (CNNs) [80, 81, 83, 84]. CNNs are different from
fully connected DNNs due to two key principles; local receptive fields and
subsampling.

Each hidden layer in a CNN is organized in three stages; one or more con-
volutions followed by a non-linearity and a pooling operation for subsampling.
At each convolutional stage, multiple filter kernels are employed on the output
of the previous layer, thereby yielding multiple feature maps for each input.
Since each and every filter kernel is employed across the whole image, lo-
cation invariant feature extraction is achieved. As previously mentioned, the
obtained feature maps are further subject to the addition of a bias followed by
a non-linearity, typically being the ReLU (Fig. 2.9). Finally, a subsampling
layer is employed to reduce the dimensionality of the obtained feature maps.
A widely used subsampling operation, known as max pooling, computes the
maximum in local patches of a feature map.

A typical CNN consists of multiple stacked convolutional-ReLU-subsampling
layers producing an output that is finally flattened and used by one or more
fully connected layers, usually in relation to a classification task. Three of
the main advantages of the CNN are the significant decrease in the number
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of parameters to tune, the built-in structure enforcing the extraction of posi-
tion invariant features and the fast processing time achieved by means of the
repeated use of mathematical convolution.

2.5.11 Semantic image segmentation

Semantic image segmentation refers to pixel wise classification, meaning that
each and every pixel is assigned to a pre-defined class label. Therefore, the
goal is to identify all pixels that belong semantically together and then, use
only the most informative and discriminative classes for further processing. A
semantic segmentation example is shown in Fig. 2.10, where a phase-contrast
(grayscale) image of in vitro growing cells is divided into two pixel classes,
foreground and background. The idea is to discriminate between information
rich pixels corresponding to cells (i.e. foreground) and the remaining unin-
formative background pixels. Although it might seem trivial by plain eye,
semantic segmentation is one of the grand challenges in computer vision and
has received substantial attention with the development of many different ML
algorithms over the years. However, DL, by means of CNN:s, is the current
state-of-the-art methodology for semantic image segmentation showing un-
precedented performance [80, 85, 86].

(A) (B) (C)

Figure 2.10. Two class semantic segmentation example. (A) original phase-contrast (grayscale) image
of in vitro growing cells; (B) binary segmentation map of the original image in (A), where foreground and
background pixels are shown in white and black, respectively; (C) overlay of the binary segmentation map
in (B) and the original image in (A).

2.5.11.1 U-Net

U-Net is one of the most widely used DL-based CNNs for biomedical image
segmentation [87, 88]. Briefly, the U-Net is a symmetric architecture consist-
ing of an encoder that extracts spatial features from an image and a decoder
that constructs the segmentation map from the extracted features (Fig. 2.11).
As shown in Fig. 2.11, each encoding step involves a 3 x 3 convolution and
a ReL.U, employed twice and then followed by a 2 x 2 max pooling opera-
tion. This encoding/contracting sequence is repeated 4 times and after each
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contraction, the number of filters is doubled. Similarly, the decoder consists
of an expansive sequence repeated 4 times and after each expansion, the num-
ber of filters is halved. More specifically, in each expansion, the feature maps
are upsampled to double their size, followed by a 2 x 2 convolution and a
ReLU. Then, the feature maps in the corresponding layer of the encoder are
transferred in the same layer of the decoder (after cropping to match the di-
mensions) via the so called skip connections. In this way, the feature maps
of the encoder are concatenated with the corresponding feature maps in the
decoder to retrieve information lost during the encoding process. Similarly
to the encoder, each decoding step involves a 3 x 3 convolution and a ReLU,
employed twice and then followed by a 2 x 2 max pooling operation. Finally,
an 1x1 convolution operation (meaning weighting together all the feature map
values) is employed K times to create K final feature maps, where K is the
total number of classes. At the subsequent output layer, a softmax function
with K inputs is used to classify each and every pixel.

crop & concatenate

crop & concatenate
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1x1 conv
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Figure 2.11. Original U-Net architecture. U-Net is a symmetric architecture consisting of an encoder that
extracts spatial features from an input image in 4 successive contracting/downsampling layers and a decoder
that constructs the segmentation map from the extracted features in 4 successive expansive/upsampling
layers. Starting with 64 filter kernels at the first contractive layer, they double at each subsequent contractive
layer, while they halve at each subsequent expansive layer after the bottleneck layer. This figure was
produced using the PlotNeuralNet software [89].
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2.5.12 Synergy analysis

In this section, the background theory for the synergy analysis methods em-
ployed in this thesis is described. Firstly, two well established null models
used in the context of target cell focused synergy analysis are introduced. Sec-
ondly, the concept of reference cell focused therapeutic synergy analysis is
presented. The drugs and drug combinations considered are assumed to cause
death and growth inhibition (and thus never proliferation).

2.5.12.1 Bliss independence

A pairwise drug combination effect is predicted by the Bliss independence
model under the assumption that the constituent single drug effects are prob-
abilistically independent [63]. In particular, the Bliss index, Ip;ss, for a pair-
wise combination concentration (cy,c;) is defined as:

Igriss(ci,c2) = S(cr)-S(c2) —S(cr,c2) (2.30)

Here, S(c1), S(c2) and S(cy,cz) denote the observed cell survival for ¢y, ¢
alone and (c1,c¢2), respectively. Cell survival takes values in the range [0, 1],
with the two extreme values indicating minimal and maximal cell survival
respectively, compared to untreated cells. Ipyss is restricted to the interval
[—1,1]. The extreme value —1 suggests maximal antagonism and is obtained
when either S(c;) = 0 or S(c2) = 0 and S(cy,c2) = 1. The other extreme
value +1 suggests maximal synergy and is obtained when S(c;) = S(c2) =1
and S(c1,c¢2) = 0. The intermediate value O indicates Bliss independence, as
S(c1) - S(c2) = S(cy,¢2). Overall, antagonism is detected when Ip;;ss < 0,
whereas synergy is detected when Igyjss > 0.

2.5.12.2 HSA

Compared to the Bliss independence model described above, the HSA con-
cept, known also as Gaddum additivity [65], does not require any specific
assumption about the drug interactions. On the contrary, it offers a model-free
and straightforward way of identifying useful (i.e. non-antagonistic) combi-
nation treatments [26, 67, 90]. This is simply done by checking if S(cy,cz) is
lower than any of S(c;) and S(c;), by calculating the HSA index, Iysy, as:

Iysa(cy,c2) = min{S(cl),S(cz)} —S(c1,¢2) (2.31)
Here, Iysa(c1,c2) gives the incremental effect of (¢, ¢2) (in terms of cell sur-
vival §) with respect to ¢; and ¢; alone. Isy is restricted to the interval [—1, 1].
The extreme value — 1 suggests maximal antagonism, meaning that S(cy,c;) =
1, while either S(c;) = 0 or S(cz) = 0. The other extreme value +1 suggests
maximal usefulness, meaning that S(cj,c2) =0 and S(c;) = S(c2) = 1. The
intermediate value O indicates that there is no gain by using (cj,cz), since
S(c1,¢2) = S(cy) or S(cy,¢2) = S(c2). Overall, antagonism is detected when
Igsa < 0, whereas usefulness is detected when Igg4 > 0.
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2.5.12.3 Therapeutic index
The therapeutic index, 7', quantifies the balance between the desired effects
on target cells and the adverse effects on reference cells [42]. Let S,(c1,c¢2)
and S;(cy,c7) denote the cell survival for the reference and target cells, respec-
tively. Then, T is defined as:

T(c1,¢2) =S,(c1,62) = Si(c1,¢2) (2.32)

T is restricted to the interval [—1, 1]. The extreme value —1 suggests the worst
case, obtained when (cy,¢;) kills all reference cells but leaves completely un-
affected all target cells, meaning S,(cy,c2) =0and S;(cy,c2) = 1. The extreme
value +1 suggests the best case, obtained when (c1,¢;) leaves completely un-
affected all reference cells and kills all target cells, meaning S,(c1,cz) = 1 and
Si(c1,¢2) = 0. The intermediate value O indicates the neutral case, obtained
when (cy,c¢;) kills the same fraction of reference and target cells, meaning
Sr(CI;CZ) = St(Cl,Cz).
In the same way as above, T for the single drugs ¢ and c; is defined as:

T(c1) =Sr(c1)=Si(c1),  T(c2)=Sr(c2) —Si(c2) (2.33)

To characterize T (c1,c;) with respect to T'(c;) and T(c2), the following dif-
ference is calculated:

Ir(ci,c0) = %[T(cl,cz) —max{T(cl),T(cz)}] (2.34)

Here, It gives the incremental therapeutic effect of (cy,c2) with respect to
¢ and c¢; alone. Ir is restricted to the interval [—1,1]. The extreme value
—1 suggests maximal therapeutic antagonism, meaning 7 (cy,c;) = —1, while
either T(c;) = 1 or T(cp) = 1. The other extreme value +1 suggests maxi-
mal therapeutic synergy, meaning 7(cy,cz) = 1, while T(¢;) = T(¢c2) = —1.
The intermediate value O indicates that there is no therapeutic gain by using
(c1,¢2), since T(cy,c2) = T(cy) or T(c1,c2) = T(ca). Overall, therapeutic
antagonism is detected when I7 < 0, whereas therapeutic synergy is detected
when I > 0.
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3. Goals

The overarching goal of this thesis was to develop a novel suite of standardized
methodological tools for systematic test tube analysis of second- and higher-
order drug cocktails using multi dimensional phenotypic and molecular read-
outs. More specifically, the targets set towards this direction were to:

1

48

develop an instrument independent, integrated and modular methodolog-

ical framework for drug combination analysis based on quantitative label-
free live-cell imaging jointly with conventional endpoint cell viability

measurements.

develop an instrument independent, integrated and modular methodolog-
ical framework for drug combination analysis based on quantitative se-
cretomic profiling.

demonstrate the use, functionality and potential of the methodological
frameworks developed in (1) and (2) by employing them in different
drug combination discovery and development projects in the form of in-
house and external collaborations.



4. Materials & Methods

4.1

4.2

Experimental assays & instruments

Paper I, II, III, V: cell seeding was performed using BioTek’s Preci-
sion 2000 automated microplate pipetting system and drug addition was
performed by an Echo 550 acoustic liquid handler (Labcyte Inc., Sunny-
vale, CA).

Paper L, I1, II1, V: cell survival was determined by means of the Fluo-
rometric Cytotoxicity Assay (FMCA) [91].

Paper II, III, V: label-free live-cell imaging was performed using the
IncuCyte FLR (Essen BioScience Inc.) located inside the incubator us-
ing 10x and 20x objectives.

Paper IV: protein releases in the supernatant were measured with the
Luminex xMAP technology offered by FlexMap 3D platform (Luminex
Corp. USA). This platform uses an antibody based multi-plex technol-
ogy to measure the abundance of a predetermined set of proteins [92].

In vitro models

Paper I: the acute myelogenous leukemic cell lines, HL-60 and MV4-
11 (American Type Culture Collection; ATCC, Rockville, MD, USA),
were used, as in vitro models for acute myeloid leukemia (AML).

Paper II, III: two recently established clonal cultures of glioma-initiating
cells (GICs) from patient tumor samples [93] were used; one drug sen-

sitive and one multi drug and radiation resistant, as in vitro models for

glioblastoma multiforme (GBM). Moreover, human cerebral cortex as-

trocytes (ACS) (#1800, ScienCell, Carlsbad, CA) were also used as an

in vitro reference toxicity model.

Paper IV: a recently introduced ex vivo tissue model of cartilage degra-
dation was employed aiming at providing an experimental platform for
osteoarthritis (OA) related cartilage degradation [94].

Paper V: the multi drug and radiation resistant GBM cell line MO59K
(ATCC® CRL-2365™, [lot: 59425985]) was used as an in vitro model
for GBM.
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4.3 Chemical compounds

Table 4.1. Drugs and concentrations used in Paper I. A dilution factor of 2 was employed, resulting in 3

(non-zero) concentrations per drug.

Drug Concentration Range per Cell Line (uM)
HL - 60 MV4-11
Quinacrine [0.75,3] [0.75,3]
Daunorubicin [0.0156,0.0625] [0.0078,0.0312]
Cytarabine [0.125,0.5] [0.125,0.5]
Azacitidine 2,8] [0.5,2]
Decitabine 2,8] [2,8]
Sorafenib 1,4] [0.00391,0.0156]
Geldanamycin [0.0625,0.25) 0.0313,0.125]
All-Trans Retinoic Acid 2,8] [0.25,1]
Vorinostat [0.5,2] [0.5,2]
Arsenic Trioxide 2,8] (0.25,1]

Table 4.2. Drugs and concentrations used in Paper II. CPD-1 and CPD-2 denote the two investigational

cytotoxic compounds used.

Drug Concentrations (1 M) Abbreviation
CPD-1 0.125,0.25,0.5,1,2 CPD-1
CPD-2 0.125,0.25,0.5,1,2 CPD-2

Vorinostat 0.4,0.9,1.75,3.5,7 SAHA
Temozolomide 7.8,15.6,31.25,62.5,125 TMZ

Table 4.3. Drugs and concentrations used in Paper III. Fixed concentrations was used for all 9 drugs of

the CUSPv4 protocol [36].

Drug Concentration (M) Abbreviation
Aprepitant 2.6 Apr
Minocycline 0.44 Min
Auranofin 0.15 Aur
Captopril 0.12 Cap
Celecoxib 1.6 Cel
Disulfiram 0.67 Dis
Itraconazole 0.3 Itr
Sertraline 0.5 Ser
Quetiapine 3 Que
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Table 4.4. Drugs and concentrations used in Paper IV. Fixed concentrations were used for all 3 drugs.

Drug Concentration (1 M) Abbreviation
Sorafenib 10 T
PD169316 1 T
Rapamycin 1 I3

Table 4.5. Stimulations used in Paper I'V. Protein mixtures used as stimulations.

Stimulation Protein mixture
S1 IL1a (50 ng/ml) + TNFa (100 ng/ml)
A\ IL1b (50 ng/ml) + IL8 (100 ng/ml)
S3 BMP2 (100 ng/ml) + TGFb1 (10 ng/ml) + FGF2 (50 ng/ml)

Table 4.6. Drugs and concentrations used in Paper V. Fixed concentrations were used for all 9 drugs of
the CUSPv4 protocol [36] and Temozolomide.

Drug Concentration (M) Abbreviation
Aprepitant 1.5 Apr
Auranofin 0.05 Aur
Captopril 0.15 Cap
Celecoxib 0.5 Cel
Disulfiram 0.7 Dis

Itraconazole 1.5 Itr
Minocycline 0.5 Min
Sertraline 0.5 Ser
Quetiapine 1 Que
Temozolomide 75 T™Z
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4.4 COMBImageDL & COMBsecretomics methodol-
ogy

This thesis introduces two methodological frameworks, COMBImageDL and
COMBSecretomics, designed to enable systematic test tube analysis of second-
and higher-order drug cocktails by means of label-free live-cell imaging and
secretomic profiling, respectively. The following sections describe the devel-
oped methodologies based on the general theoretical principles provided in
Chapter 2 (“Background Theory™).

4.4.1 Exhaustive drug combination experiments

In the context of higher-order drug combination studies, COMBImageDL and
COMBSecretomics are compatible with exhaustive experimental setups. More
specifically, an exhaustive combination experiment covers all plausible subsets
among a panel of pre-selected single drugs at one fixed concentration each.
Following this definition and given N, single drug candidate treatments, the
total number of experimental wells N,, needed for performing an exhaustive
experiment is calculated as:

Ny
Nu(N) =Y (N> —oN @)

i=1 \ !

Thus, if N; = 8 drugs are selected to modulate 8 different targets related to a
disease of interest, a single exhaustive experiment exploring all plausible ways
of perturbing these targets requires N,,(8) = 255 wells.

Exhaustive Drug Combination Experiments
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Figure 4.1. Exhaustive drug combination experiments.The experimental capacity required for perform-
ing an exhaustive drug combination experiment, as defined by Eq. (4.1), grows exponentially with respect
to the number of individual drugs used. However, when using up to 8 drugs, such experiments can be
performed within one 384-well plate.
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4.4.2 U-Net semantic segmentation

Semantic segmentation of the phase-contrast (grayscale) images into fore-
ground and background pixels (Fig. 2.10) is performed by means of DL
and in particular, a modified version of the U-Net CNN architecture. Fig.
2.11 illustrates the originally proposed U-Net architecture [87, 88], which
has in total 31,030,658 learnable parameters. Although this architecture is
widely used with great success for biomedical image segmentation applica-
tions [80, 85, 86], it is memory intensive, computationally expensive and re-
quires manual annotations, which is a laborious task. Selecting the optimal U-
Net architecture for the application at hand is far from straightforward in terms
of training complexity and performance. Moreover, systematic parameter op-
timization, in the context of DL, is prohibitively expensive. In this thesis, the
possibility of reducing the training complexity of U-Net, while maintaining
descent performance was investigated, by employing a relatively cost-efficient
but quite information rich grid search.

In particular, 3 different user-defined parameters, required for the U-Net
architecture, were considered; number of contracting (and subsequently ex-
pansive) layers (L), starting number of filter kernels (F) and kernel size (S)
[87, 88] (for more details, see section 2.5.11.1, Chapter 2). Then, for each of
these parameters, 4 different plausible values were pre-defined (Table 4.7).

Table 4.7. U-Net parameter grid. 3 parameters with 4 different plausible values were considered; number
of contracting (and subsequently expansive) layers (L), starting number of filter kernels (') and kernel size

(9).

Parameter Values

# layers (L) 1 2 3 4
# filters (F) 8 12 16 24
filter size (S) 3x3 5x5 Tx7 9%x9

Rather than performing an exhaustive grid search that would require lengthy
training and testing of 64 different U-Net architectures in total, only 5 U-Net
architectures from Table 4.7 were considered; the simplest (L=1,F =8,5 =
3 x 3, # learnable parameters= 6,434), the most complex (L =4,F =24,5 =
9 x 9, # learnable parameters= 36,134,738) and three intermediate, which
were randomly chosen; (L = 2,F = 24,5 =9 x 9, # learnable parameters=
2,171,762), (L=3,F = 12,5 =5 x 5, # learnable parameters= 709, 130) and
(L=3,F =16,5 =9 x 9, # learnable parameters= 3,984,994). Accordingly,
the classification performance of the 5 different U-Net models was assessed
on independent test data, by obtaining the receiver operating characteristic
(ROC) curves and calculating the corresponding areas under the curve (AUC),
as shown in Fig. 4.2.

The U-Net architecture selected to be used in this thesis is the intermediate
(L=3,F=16,5S =9 x9) with 3,984,994 learnable parameters, since it per-
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formed equivalently with the most complex variant (L =4,F =24,§ =9 x9)
having 36,134,738 learnable parameters. Therefore, an ~ 10-fold decrease in
the number of learnable parameters was achieved, while maintaining equiva-
lent pixel classification performance.

U-Net ROC curves

Random (AUC = 0.5)
——— U-Net: L=1, F=8, $=3x3, adam (AUC = 0.868)
09k ——— U-Net: L=2, F=24, S=9x9, adam (AUC = 0.912)
U-Net: L=3, F=12, S=5x5, adam (AUC = 0.921)
U-Net: L=3, F=16, S=9x9, adam (AUC = 0.952)
0.8 , U-Net: L=4, F=24, S=9x9, adam (AUC = 0.950)
U-Net: L=3, F=16, S=9x9, sdgm (AUC = 0.950)
U-Net: L=4, F=24, S=9x9, sdgm (AUC = 0.954)
0.7r 7 |— U-Net: L=1, F=8, S=3x3, sgdm (AUC = 0.608)
——— U-Net: L=2, F=24, $=9x9, sgdm (AUC = 0.900)
o6l | |—— U-Net: L=3, F=12, S=5x5, sgdm (AUC = 0.935)
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Figure 4.2. U-Net ROC curves. ROC curves were obtained and the corresponding AUC was calculated
for all 5 different U-Net architectures, which were trained using both SGDM and Adam. These curves are
the result of testing the 5 trained U-Net models on an independent (manually annotated) set of test images,
after an extra step of applying a 9 x 9 median filter to remove isolated pixels that were misclassified.

4.4.2.1 Training & testing

For the U-Net based image segmentation task, 12 images of size 400 x 496
(2,380,800 examples at the pixel level) were manually annotated [95]. 8 out
of 12 were used for training; 6 for estimation/updating of the learnable param-
eters and 2 for the validation process in the form of early stopping to avoid
overfitting (see section 2.5.9.6, Chapter 2) whereas the remaining 4 out of 12
were independently used for testing and comparing all different models (Fig.
4.2). Two different optimization algorithms were employed for all 5 U-Net
architectures; SGD with momentum (SGDM) and Adam [96], which is a vari-
ant of SGDM, both as implemented in MATLAB R2019b (The MathWorks,
Inc., Natick, Massachusetts, United States). Training time ranged from 3 to
30 minutes. Data augmentation was also applied to the training images in the
form of random rotation between 0 and 360 degrees.
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4.4.3 Handcrafted feature extraction

COMBImageDL allows the extraction of handcrafted features from the phase-
contrast (grayscale) images using three different methods described below.

4.4.3.1 Multi resolution pixel histograms

Pixel histograms (Table 4.8) are extracted at multiple hierarchical levels us-
ing only the foreground pixels, as obtained from the U-Net based semantic
segmentation described above. Starting with the first recorded time frame ¢,
of a particular experimental well w, a normalized pixel histogram (area un-
derneath equal to 1) is extracted for resolution r;. Each such pixel histogram
is translated into a feature (column) vector hWJi(tl) with length equal to the
number of bins. By merging together sequentially the feature vectors from all
resolutions, a multi resolution histogram (MRH) hygs ,»(71) is generated. By
repeating this extraction procedure for all n time frames, the following feature
matrix is obtained:

Hyriw = [haraw(n) - hyre ()]
hWJl (tl) hWJL (tn)
_ hw,r% (tl ) hw,rZ. (tn) (42)
hwvrm (tl ) Tt hWarm (tﬂ)

Here, Hyrp v describes the time evolving morphology (TEM) of w in the form
of MRHs. In this work, Hygrpy v 18 extracted by means of the MapReduce pro-
gramming model, as implemented in MATLAB R2019b. More specifically,
the Map function calculates the column vectors individually, whereas the Re-
duce function merges together all column vectors and constructs Hygry 1. By
default, the current MapReduce implementation is executed on a local parallel
pool by deploying all available cores of the machine used.

Table 4.8. 2 x 2 parameter grid employed for the extraction of MRHs. The parameters r and b denote
the scale reduction factors of resolution and number of bins respectively, at each hierarchical level.

ol
=

Run #1 Run #2

W= [ =

Run #3 Run #4

4.4.3.2 LBP

LBPs are extracted on the original phase-contrast images, meaning that the
corresponding segmentation maps (foreground vs. background pixels) are not
used. More specifically, rotation invariant LBPs are extracted for each and
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every image using 4 different parameter settings, related to the number of
equally spaced neighbors N on a circle of radius R (Table 4.9), as previously
defined by Eq. (2.1) and as implemented in MATLAB R2019b.

Table 4.9. Currently employed parameter grid for the extraction of LBPs. The two parameters N
and R denote the number of equally spaced neighboring pixels and the radius on which they are located,
respectively.

Run (N,R) LBFy r
#1 4,1 LBP,,
#2 (8,1) LBP
#3 (8,2) LBP;
#4 (16,2) LBPig,

Starting with the first recorded time frame #1 of a particular experimental well
w, a normalized LBP histogram (area underneath equal to 1) is extracted as a
d-dimensional feature (column) vector hLng(tl ), where d = N + 2 (see sec-
tion 2.5.3, Chapter 2 for more details). By repeating this extraction procedure
for all n time frames, a d x n feature matrix is obtained as:

Higpw = [hispw(ti) -+ hispw(in)] (4.3)

where Hjgp,, describes the TEM of w in the form of LBP histograms. In this
work, H; gp,, is extracted by means of the MapReduce programming model, as
implemented in MATLAB R2019b. More specifically, the Map function cal-
culates the column vectors individually, whereas the Reduce function merges
together all column vectors and constructs Hygp,,. By default, the current
MapReduce implementation is executed on a local parallel pool by deploying
all available cores of the machine used.

COMBImageDL supports LBP feature extraction by means of Eq. (2.1)
and (4.3). However, in the context of this thesis, MRH feature extraction was
proved to be more powerful and discriminative. This might be due to the
much larger portion of background (i.e. noise) pixels in the phase-contrast
images obtained and used in this work. Therefore, results from employing
the aforementioned LBP feature extraction were not included in any of the
associated scientific articles (Papers II, I1I, V). However, this feature method is
included as a user-defined option in the general framework, since it is expected
to be more powerful for densely populated phase-contrast images (i.e. more
cells and thus, more texture information).

4.4.3.3 Local eigenfilters

Local eigenfilters (LEFs) are extracted on the original phase-contrast images,
meaning that the corresponding segmentation maps (foreground vs. back-
ground pixels) are not used. The main idea is to use only the phase-contrast
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images from all untreated (control) wells, in order to extract orthogonal fea-
tures of maximal variance by means of PCA (see section 2.5.8, Chapter 2).
In particular, all the aforementioned images are divided into 16 x 16 non-
overlapping patches and stacked together in a matrix as 16%(= 256) x 1 col-
umn vectors. Assuming that each image/time frame has spatial dimensions
1038 x 1392, then there would be 16,704 such 256-dimensional column vec-
tors. Moreover, assuming that there are 40 control wells in total and each con-
trol well comprises of 22 time frames, then the total number of 256-dimensional
column vectors would be 16,704 x 22 x 40 = 14,699, 520. In order words, the
input matrix X for employing PCA, according to Eq. (2.16)-(2.18), would be
256 x 14,699, 520.

However, calculating the 256 x 256 covariance matrix C of X at once using
Eq. (4.4), as usually done by most built-in PCA functions, is not computation-
ally feasible.

C- ¥ (x—m)(xi—m)" (4.4)

Here, x; and m denote the 256-dimensional column vector i and the 256-
dimensional mean column vector of X, respectively. In this work, C is cal-
culated incrementally by means of the MapReduce programming model, as
implemented in MATLAB R2019b. More specifically, the Map function cal-
culates the operation (x,- — m) (X,- — m)T for each i individually, whereas the
Reduce function sums together all individual results for i = {1,--- ,N}, as
shown in Eq. (4.4). By default, the current MapReduce implementation is
executed on a local parallel pool by deploying all available cores of the ma-
chine used. Then, the 256 eigenvectors corresponding to the 256 eigenvalues
(sorted in decreasing order of variance, Fig. 4.3A) are calculated and stored
as columns in the 256 x 256 matrix B. Here, each eigenvector is used as an
eigenfilter (Fig. 4.3B).

Since creating 256 feature maps per image by using all 256 extracted control-
based eigenfilters is computationally very expensive, a subset of them is used.
More specifically, the first 10 (default value in the framework) eigenfilters are
employed for each and every phase-contrast image, thereby creating 10 dif-
ferent feature maps {F;}%,. Each feature map F; is then summarized by its
corresponding mean and standard deviation Uy, and oOf,, respectively.
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Figure 4.3. Local eigenfilters. (A) Normalized standard deviations (square root of the eigenvalues) with
respect to the maximum (i.e. first) one; (B) All 256 different (16 x 16) eigenfilters shown in decreasing
order of variance starting from left to the right in each row.

Starting with the first recorded time frame 71 of a particular experimental well
w, all {ug, }10, and {oF,}/°, are all stacked together as a 20-dimensional col-
umn vector defined as:

hLEF,w(H) = [.uFl .uFlo GFl T GF]Q] T (45)

By employing Eq. (4.5) for all n time frames, a 20 x n feature matrix is ob-
tained:

Higrw = [herw(n) her(ta)] (4.6)

where Hy £F,,, describes the TEM of w in the form of the 10 first LEFs. COM-
BlImageDL supports LEF feature extraction as described above. However, in
the context of this thesis, MRH feature extraction was proved to be more pow-
erful and discriminative. Similarly to LBPs, this might be due to the much
larger portion of background (i.e. noise) pixels in the phase-contrast images
obtained and used in this work. Therefore, results from employing the afore-
mentioned LEF feature extraction were not included in any of the associated
scientific articles (Papers II, III, V). However, this feature method is included
as a user-defined option in the general framework, since it is expected to be
more powerful for densely populated phase-contrast images (i.e. more cells).

4.4.3.4 Method-specific systematic parameter optimization

Two method-specific parameters are optimized for the feature extraction based
on MRHs and LBPs. In both cases, the optimization is performed systemat-
ically by employing a pre-defined grid search, as shown in Tables 4.8 and

58



4.9. The main idea is to select the parameter settings, which result in better
discrimination between untreated/control and treated wells. The first step is
to calculate the deviations in TEMs between treated and control wells for a
particular method-specific parameter pair 0, using either Eq. (4.2) or (4.3).
The deviation in TEMs, denoted here AH, for a particular treated well wy, is
calculated as:

1 &
Ade(e) = wd Z ch a d € Lieated; € € Leontrol 4.7

CC—

where H,, (0) denotes the TEM/feature matrix for a control well w,, N, de-
notes the total number of control wells in the experimental plate, H = Hyry or
H=H;pp or H=H;gp, while I,,,4;.q and I.,,;:,,; denote the set of well indices
corresponding to treated and control wells, respectively. Eq. (4.7) is employed
for all N treated wells and the corresponding L'-norms are calculated as:

Ad: {HAde( )H }d 1 deltreated (48)

where A; denotes the distribution of L'-deviations between treated and un-
treated wells. The next step is to investigate how big L!-deviations can occur
by random chance. For this reason, each control well ¢ is considered as a drug-
treated well without effect and a leave-one-procedure is employed iteratively
to quantify its deviation from the rest of the N. — 1 control wells as:

AHWC(G) = ch(e)

¢, ke Icontrol (49)

k;c
Eq. (4.9) is employed for all different N. control wells in the experimental

plate and the associated L'-norms are then calculated resulting in a distribution
A, of null magnitudes:

Ac= {HAHWc( )Hl}c 1> ¢ € Leontrol (4.10)

The deviations included in A. are naturally observed without treatment and
thus, they are considered uninteresting. Finally, a detection threshold 7, is
selected as the p” percentile of A, in order to achieve a 100 — p false alarm
rate (i.e. fraction of control wells that are falsely detected as interesting).
Notably, p is a user-defined option in the general framework. In Papers II, III
and V, p =95 was used. In this way, the TEMs of all treated wells that lie
above T, are detected as interesting. Thus, the total number of detections Np
for 0 is calculated as:

Np(0) = ) Ag(wa) > T, (4.11)

{wat d€leqreal
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Eq. (4.11) is employed for all associated parameter pairs as illustrated in Ta-
bles 4.8 and 4.9. The pair " that maximizes the number of detections Np by
providing the solution to the optimization problem

max Np(6) 4.12)

is suggested as the optimal.

Given that early time points might contain limited information due to de-
layed induction of the underlying chemical effects, the aforementioned opti-
mization problem is solved separately for all possible decreasing time inter-
vals. This allows for more reliable and meaningful interpretations as the most
informative time points should be taken into account. Fig. 4.4 shows a con-
crete example of the MRH-specific parameter optimization according to Table
4.8. As illustrated, the MRH feature extraction is performed for all 4 differ-
ent parameter pairs and all 22 different time intervals. The first time interval
contains all 22 time frames per well, while the second time interval leaves out
the first time frame and so on, until only the last time point is used. For the
particular dataset shown in Fig. 4.4, the third parameter pair is suggested as
the optimal for all time intervals. However, the user gets access to graphical
and tabular results for all different parameter pairs.

Run 1: (r, b) = (1/4, 1/8)
Run 2: (r, b) = (1/4, 1/2)
Run 3: (r, b) = (1/2, 1/8)
Run 4: (r, b) = (1/2, 1/2)

number of detections

0
0 20 40 60 80 100
start of time interval (hrs)

Figure 4.4. Grid-based MRH-specific parameter optimization. MRH feature extraction is performed
for all 4 pre-defined parameter pairs included in Table 4.8 and all different 22 time intervals. The third
parameter pair is suggested as the optimal, since it maximizes the number of detections, according to Eq.
4.12).

4.4.4 Cell culture confluence/growth

For a segmented time frame g,,(;) of an experimental well w, the cell conflu-
ence, denoted here c,,, is determined as the fraction of foreground pixels:
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cwlt)) = Y gw(x, 1) (4.13)
{(ey)zgw (xyiti) =1}

where N denotes the total number of pixels and g, (x,y,#;) denotes the pixel
value at position (x,y). A temporal growth curve is obtained by employing
Eq. (4.13) for all time frames of w (Fig. 4.5). The MapReduce programming
model, as implemented in MATLAB R2019b, is employed for the cell conflu-
ence quantification as defined by Eq. (4.13). In particular, the Map function
employs Eq. (4.13) for time frame #; of an experimental well w, while the Re-
duce function merges the individual results for all time frames of w, resulting
in a growth curve (Fig. 4.5). By default, the current MapReduce implementa-
tion is executed on a local parallel pool by deploying all available cores of the
machine used.
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Figure 4.5. Cell culture growth curves. Examples of cell culture growth curves for a treated and an
untreated well, obtained by means of Eq. (4.13).

4.4.5 Changes in cell culture morphology

For a time frame #; of an experimental well w, the cell culture morphology
is described by a feature vector, meaning a column vector in one of the Eq.
(4.2), (4.3) or (4.6). A relative measure of change in cell culture morphology,
denoted here AM,,, is introduced with respect to first recorded time frame #1:

) b )l
AM() = )]

where 1, denotes the last recorded time frame. Here, the feature vector h,,
can be either hyry v, hrsp, or hygr,, according to Eq. (4.2), (4.3) or (4.6),

h<t<t, (4.14)
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respectively. AM gives the value zero at #; and subsequently positive values
at later time points if the changes in morphology are increasing. This rela-
tive measure establishes a reference value AM,, (1) = 0 and compensates for
differences in cell seeding that often make the results between different ex-
perimental wells difficult to compare. However, this measure is coarse in the
sense that it only calculates relative differences that do not have any directional
information. In other words, the time frames #; from two wells w; and w; that
exhibit very different morphological changes (hy,, (i) # hy, (1)) may have
the same relative change in cell culture morphology (AM,,, (t;) = AM,,, (1;)).
A temporal curve showing changes in cell culture morphology is obtained by
employing Eq. (4.14) for all time frames of w (Fig. 4.6).

Curve with changes in cell morphology
T T T T T T T T T T T T T T

treated well
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0 4 8 12 16 20 24 28 32 36 40 44 48 52 56 60 64 68 72 76 80 84
recording time (hrs)

Figure 4.6. Cell culture morphology curves. Examples of curves with relative changes in cell culture
morphology with respect to the first recorded time frame for a treated and an untreated well, obtained by
means of Eq. (4.14).

4.4.6 Apoptotic-like cell counts

A linear two-dimensional matched filter is used to detect apoptotic-like cells.
Given the theory provided in section 2.5.5 of Chapter 2, the prototypic signal
s to be detected corresponds to a N x N image patch, extracted manually from
the corresponding image libraries (Fig. 4.7). Given that the goal is to detect
isolated apoptotic-like cells in a non-structured background, the covariance
matrix C in Eq. (2.11) is set equal to the identity matrix I, meaning that the
filter coefficients w can be calculated as w = s. Therefore, the filter output y,
according to Eq. (2.12), is now expressed as:

y=sTr (4.15)
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where r corresponds to the local image patch where the center pixel value is
re-calculated as y. Both s and r have dimensions N x N, but in terms of Eq.
(4.15), they are expressed in the form of N> x 1 dimensional column vectors.

(a) (b) (c) (d) (e)

10 20 30 5 10 15 20 25 5 10 15 20 25 10 20 30 10 20 30

® ()] (h) (M) @

10 20 30 5 10 15 20 25 5 10 15 20 25 5 10 15 20 25 10 20 30

Figure 4.7. Example of apoptotic-like prototypes. 10 different manually extracted apoptotic-like objects
were used as prototypes in Paper V of size: (a) 28 x 32; (b) 27 x 25; (¢) 29 x 26; (d) 27 x 32 ; (e) 31 x 32
(f) 32 x32; (g) 28 x 28 ; (h) 29 x 29 ; (i) 34 x 29 and (j) 36 x 35 pixels.

4.4.6.1 Object counting algorithms

For a given threshold of the matched filter output, object counting is performed
using two in-house developed algorithms referred to as taboo- and position-
based counting (see Paper III). Briefly, the taboo algorithm starts with the pixel
centered at the largest matched filter output, increase the counter by one, and
then put this pixel together with its closest neighbors on a taboo list, until all
pixels in the image are covered. The position algorithm first finds pixel inter-
vals along the horizontal dimension of the image that correspond to detected
objects. Then, the same procedure is employed along the vertical dimension
but only for each of the horizontal intervals already identified as containing at
least one object. Finally, the total number of object containing intervals along
the horizontal direction are summed together, in order to determine the total
number of objects detected.

The matched filter signal processing along with the two aforementioned
object counting algorithms is performed by means of the MapReduce pro-
gramming model, as implemented in MATLAB R2019b. In particular, the
Map function employs the two object counting methods per time frame #; of
an experimental well w, while the Reduce function merges the individual cell
counts for all time frames of w, resulting in a temporal curve with the aver-
age apoptotic-like cell counts (Fig. 4.8). By default, the current MapReduce
implementation is executed on a local parallel pool by deploying all available
cores of the machine used. Examples of apoptotic-like cell counts performed

63



by means of the two aforementioned tailor made algorithms are shown in Fig.
4.9.

Curve with
— T T

ic-like cell counts
— T T T T T  ——

T
——&—— treated well
——&—— untreated well | |

22—

POP
T

- - - N
& o ® =]

apoptotic-like cell counts
> N

ol 11
0 4 8 12 16 20 24 28 32 36 40 44 48 52 56 60 64 68 72 76 80 84
recording time (hrs)

I S S S S S S SO SO S S SR S|

Figure 4.8. Apoptotic-like cell count temporal curves. Examples of curves with apoptotic-like cell counts
for a treated and an untreated well, obtained by means of the matched filter signal processing and two tailor
made counting algorithms.

(a) (b)

Figure 4.9. Examples of apoptotic-like object detections. (a) Raw phase-contrast images, where the pro-
totypical apoptotic-like object to be detected is overlaid on the left upper corner; (b) Automated apoptotic-
like cell counting. The green circles and orange crosses correspond to the detections made by the taboo-
and position-based counting algorithms, respectively.

4.4.6.2 Threshold Tuning

The optimal detection threshold for the matched filter is determined adaptively
by supervised learning using a customized interval optimization search (see
Supplementary Information, Paper III). This allows for automated and generic
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tuning of the threshold, regardless of application. For the supervised learning,
the actual number of apoptotic-like objects present in the training images are
specified by visual inspection, while the predicted number is automatically re-
trieved by the two aforementioned tailor made algorithms, as described in the
previous section (Fig. 4.9). The average difference between the observed and
predicted number of objects is used as the loss function f, which is initially
minimized among a set of starting points and then within a data dependent
search interval.

To reduce the risk of overfitting during the threshold tuning, cross valida-
tion is employed. For each partition j, an optimal detection threshold is found
and the corresponding test error ftest(r;j) is calculated using the images be-
longing to the hold-out fold. At the end, a decision is made accordingly; if
me(}ian{ Jrest(T7)} is greater than 5, the framework terminates due to overfit-

ting and suggests re-training using more images. Otherwise, the final optimum
is obtained as median{r;‘}, which is used for further processing.
J

Notably, the number of corresponding partitions for the cross validation
as well as the number of times the cross validation should be independently
employed are two user-defined parameters in the general framework. In Papers
IIT and V, 8 training images were used [95, 97], while a 4-fold cross validation
was employed 2 times independently (Fig. 4.10).

Diverse apoptotic-like object counting is enabled by the use of multiple
apoptotic-like prototypes (Fig. 4.7). This means that the matched filter thresh-
old tuning (Fig. 4.10) is employed for each and every prototype separately.
Then, the filtering is performed with all different prototypes per experimental
well and the maximum number of object counts is kept per time frame (see
Paper V).
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Figure 4.10. Matched filter threshold tuning. The 2 rows correspond to the 2 independent repeats for the
cross validation, whereas the 4 columns to the 4 hold-out folds per repetition. The starting points are shown
as green squares, while the exhaustive search inside an appropriate interval is indicated with green dots. The
local optimal detection threshold is shown as an orange star inside the corresponding optimization search
interval. The median value of all local optima (orange stars) is used as the final local optima, if the median
test error across all hold-out folds is less than 5.

4.4.7 Survival index

Cell survival is determined by means of the FMCA [91]. Cell survival, often
referred to as survival index, for an experimental well w containing a particular
combination concentration vector ¢, of n drugs, denoted here §,,,, is calculated
as:

Sy(c) = Ful€n) = Totank 4.16)

f control — f blank

Here, f,,(c,) corresponds to the fluorescence signal from w, while Frrank and
Feontror denote the median fluorescence signal from the blank and untreated
wells, respectively. For drugs causing growth inhibition and/or cell killing the
range of S spans from 0O to 1, indicating minimal and maximal cell survival
respectively, compared to untreated cells. Since FMCA is an endpoint assay,
Eq. (4.16) results in one single value for w (Fig. 4.11).
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Figure 4.11. Cell survival. Examples of endpoint cell viability analysis for a treated and an untreated well,
obtained by means of Eq. (4.16).

4.4.8 Top-down hierarchical clustering

In order to organize the large combinatorial space into groups with distinct re-
sponse patterns and thereby, simplify their study, top-down hierarchical clus-
tering is employed by using the K-means algorithm at each hierarchical level.
In particular, this algorithm is employed as implemented in MATLAB R2019b,
with the default similarity measure, which is the SSEs, defined by Eq. (2.15) in
Chapter 2. This clustering method is known as K-means++ [98], which com-
bines an improved initialization method with Lloyd’s generalized algorithm
[99].

In Papers III and V, all extracted response patterns per experimental well
are normalized with their own standard deviation before being stacked in a
common N X 1 vector, where N = 4n, n is the total number of time frames and
4 reflects the four different analysis results described in the previous sections;
cell culture confluence (Fig. 4.5), relative changes in cell culture morphology
(Fig. 4.6), apoptotic-like cell counts (Fig. 4.8) and cell viability (4.11). No-
tably, each cell viability value is firstly transformed into a n x 1 vector with the
same value in all elements, in order to match the length of the corresponding
image based time series profiles.

The number of clusters K to be used in each hierarchical level is determined
among a set of different values and in particular, K; = {1,2,---,10}. The clus-
tering procedure is repeated R (user-defined) times for all different values of
K in K (Fig. 4.12). For each repetition r of a particular K, the corresponding
SSEs, denoted here E, is calculated as:

A I S
Beo= Y YN Kek, @.17)
k

=1lw=1
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Here, x,({rl? denotes the N-dimensional vector for repetition r of well w that

belongs to cluster k£ and c,(cr) represents the N-dimensional centroid of cluster k.

The drop in the SSEs, when transitioning between two consecutive K values,
is expressed as the following relative change:

Ex—Eg1

100, K=2,---,10 (4.18)
Ex—1

AEg 1k =

where Ex and Ex_; denote the two minima min{EK7r} and min{EK_l_r}, re-
r r ’

spectively. The smallest K that results in SSEs drop bigger than 30% compared

to the previous value K — 1, is selected (Fig. 4.12). For a selected K, the parti-

tion corresponding to min{Ex ,} is further used. In Papers III-V, R = 100 for
r

all hierarchical levels.
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Figure 4.12. Selection of K for K-means. K-means clustering was employed R = 100 times independently
for K = {1,2,---10} at each hierarchical level. The SSEs distributions are shown as box plots on the left
subplot, while the relative drop in SSEs, when transitioning between consecutive values of K, is illustrated
on the right subplot. Here, K = 2 was selected.

4.4.9 Intra-plate quality control (QC)

Intra-plate QC is a fully automated procedure in the COMBImageDL frame-
work aiming at eliminating outliers within an experimental plate that may fal-
sify the results and corresponding interpretations. The main idea behind this
pre-processing step is to detect outliers by simply checking if at early (ideally
untreated) time points, all experimental wells have similar cell culture conflu-
ence and MRH feature vectors. After an automated comparison, the wells that
deviate, in terms of at least one of the aforementioned measures, are excluded
from all subsequent analyses (Fig. 4.13). Notably, the cut-off threshold for the
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similarity is determined automatically, as well (see Paper I). For the intra-plate
QC, an untreated time frame for all experimental wells is required. However,
if this is not possible, then a very early treated time frame should be used
instead, so that it is reasonable to assume that there are not yet any visible
treatment effects.
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Figure 4.13. Intra-plate QC example. Both subplots pertain to the first untreated time frame of all wells
in an experimental plate. In particular, the upper subplot shows the null magnitude distribution of the MRH
feature vectors according to Eq. (4.10), while the lower subplot shows the cell culture confluence distribu-
tion according to Eq. (4.13). Experimental wells lying above and below the red dotted lines (automatically
chosen cut-off thresholds) are excluded from all subsequent analyses as outliers. In this example, 7 experi-
mental wells were excluded in total; all of them are shown as outliers in the upper subplot, while 4 of them
are also shown as outliers in the lower subplot.

(A) (B) (©)

Figure 4.14. Examples of detected image outliers. Three detected outliers, (A), (B) and (C) from Fig.
4.13 are shown.
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4.4.10 Inter-plate QC

Inter-plate QC is a fully automated procedure in the COMBImageDL frame-
work aiming at eliminating replicate wells with large variability across differ-
ent plates before any joint analysis. Only experimental wells that have suc-
cessfully passed the preceding intra-plate QC are qualified for the subsequent
inter-plate QC. More specifically, the inter-plate variability estimate for an ex-
perimental well w, denoted here V,,, is calculated as the area between the n
replicate cell culture growth/confluence curves:

Vo= X (mar{en(e) Yy — minfews ()} @19

t

Using the simple example with 4 inter-plate replicates in Fig. 4.15, the area
Vv, shown in orange, is calculated as:

V=), (Cws(t) —Cw.,4(t)>, T ={4,8,--,68} (4.20)
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Figure 4.15. Inter-plate variability estimate. The area spanned by the 4 cell culture growth/confluence
curves is calculated and used as the inter-plate variability estimate for a particular well w. For convenience,
this example illustrates the simplest case, where one replicate has the largest cell confluence and another
one has the smallest cell confluence for all time points.

4.4.10.1 Resampling statistics

The statistical distribution for the inter-plate variability, under the null hy-
pothesis of typical differences observed between untreated replicate wells, is
determined by performing N simulations using resampling. In particular, for
each simulation j, one untreated well w, is randomly selected with replace-
ment from each of the n replicate plates. Then, the associated variability V,,, ;

70



is calculated by means of Eq. (4.19). This resampling procedure results in a
null distribution:

Ve = Vet Viev } 4.21)

where a QC threshold 7, is selected as the pth percentile of Vwc, in order to
achieve a 100 — p false alarm rate (i.e. fraction of non-outliers that are falsely
detected as outliers). The threshold 7, is also referred to as the null threshold,
meaning that for higher values, the null hypothesis is rejected. Such a rejection
indicates an outlier, since the observed inter-plate variability is atypical and
seldom occurring by random chance. Notably, the number of simulations N
and the p'" percentile are user-defined parameters in the general framework.
In Papers III and V, N = 10° and p = 95 (Fig. 4.16).

1000000 Resamplings 1000000 Resamplings 1000000 Resamplings

10 20 3 4 50 60 70 80 10 20 a0 40 50 60 70 0

50 150
inter-plate variability estimate inter-plate variability estimate inter-plate variability estimate

Figure 4.16. Inter-plate QC. Examples showing the null distribution of inter-plate variability determined
by means of resampling. Here, 1,000,000 simulations were performed and the 95" percentile of the sam-
pling null distribution was employed as the cut-off threshold.

4.4.11 Refined synergy analysis

COMBImageDL performs Bliss and Therapeutic synergy analyses, as defined
by Eq. (2.30) and (2.32), respectively, in Chapter 2. Furthermore, it intro-
duces an extra weighting step for both methods, in order to rank/sort the drug
combination effects, as described in the following two sections.

4.4.11.1 Scaled Bliss index

A problem with Eq. (2.30) is ambiguity; the same B value can be achieved
by several different pairs of expected and observed cell survival values. To
discriminate between such cases, avoid misinterpretations and maintain all
the basic original properties of B, a novel scaled version, denoted here By, is
defined as:

Bs(ci,c2) = B(ci,c2)- [1—min{S(c1)-S(c2),S(c1,c2)}]

{B(cl,cz)- [1 —S(cl,cz)], B(ci,c2) >0

B(Cl,Cz)- [1_S(C1)‘S(C2)]7 B(C],CQ) <0 (422)
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Here, min{S1(c1) - S2(c2),S12(c1,¢2)} denotes the minimum value among the
expected and actual survival index values, respectively. By is designed to sup-
press synergistic cases associated with high observed cell survival values and
antagonistic cases related to high expected/predicted cell survival values (Fig.
4.17, Table 4.10). For higher-order drug combinations consisting of n drugs,
Eq. (4.22) is generalized as:

Bs(c,) = B(cy) [1 —min{ Iﬁs(q),s(cﬂ)}}

B(c,) - [1—S(cq)], Bles) >0

B(c,) - [1=TI%, S(ci)], B(ea) <0 (4.23)

Original vs. Scaled Bliss Index: U3065-c271
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Figure 4.17. Unscaled vs. scaled Bliss index. The unscaled and scaled Bliss index values are shown
simultaneously for the experimental data included in Paper III. U3065 — ¢271 denotes the GIC clone used.

Table 4.10. Unscaled vs. scaled Bliss synergy. 6 concrete examples from Fig. 4.17, showing how the
scaled Bliss index (Bjcqeq) successfully suppresses unscaled Bliss synergy scores (B, iginar) associated with
high observed cell survival values (Sypserved)-

Bscaled Boriginal Sobserved
0.0527 0.3331 0.8102
0.0579 0.2005 0.7939
0.0581 0.2724 0.8201

0.0595 0.2797 0.8042
0.0752 0.3571 0.7132
0.0789 0.3395 0.8149
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4.4.11.2 Scaled Therapeutic index

A problem with Eq. (2.32) is ambiguity; the same 7 value can be achieved by
several different pairs of observed cell survival values for the corresponding
reference and target cells. To discriminate between such cases, avoid misin-
terpretations and maintain all the basic original properties of 7', a novel scaled
version, denoted here Ty, is defined as:

Ts(c1,¢2) = T(c1,c2) -max{S;(c1,c2),S:(c1,¢2)}

T(Cl,Cz)'Sr(Cl,Cz), T(Cl,Cz) 20 (4.24)
T(c1,¢2)-Se(c1,¢2), T(ci,c2) <0
Here, max{S,(c1,c2),S:(c1,c2)} denotes the maximum survival index between
reference and target cells, respectively. Ty is designed to suppress synergistic
cases associated with considerable adverse effects on the reference cells and
antagonistic cases related to considerable effects on the target cells (see Sup-
plementary Information, Paper II for concrete examples).

4.4.11.3 Resampling statistics

Inter-plate replicate synergy scores (i.e. B,Bs,T,Ts) are merged by calculat-
ing the median, in order to reduce experimental variability. To quantify uncer-
tainty in these median calculations, meaning to determine how large median
values can occur by random chance, a resampling based approach is employed.
In particular, inter-plate median scores are simulated under the null hypothesis
H,, where the true (Bliss/Therapeutic) synergy score for an experimental well
w, denoted here «,,, is zero:

H,: o, = 0 o, € {BW,BSW, TW,TSW} (4.25)

However, the true observed values are unknown due to experimental error/noise.
Thus, the true observed o, ,,; may be described as:

s = o0y 8, 2 g, (4.26)
where g, denotes additive experimental noise assumed to have zero mean,
standard deviation o and unknown probability distribution. Therefore, under
H,, oy, .ps 1s described by the experimental error term &,, as defined in Eq.
(4.26). To create a statistical pool P,,, of error terms €, the differences/residu-
als between inter-plate replicate synergy scores are calculated. Then, the null
distribution of median o, s values among the replicate plates is determined
by performing N simulations using resampling. For each simulation j, one er-
ror term &, is randomly drawn with replacement n times, in order to simulate n
inter-plate results per experimental well w and then, calculate the correspond-
ing median value as:
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O sim,j = median{€,,1,--- ,Ewn} 4.27)

After employing Eq. (4.27) N times, the null distribution of median values is
obtained as:

(Axw,sim = {a@v,sim,l PR &w,sim,N} (428)

Then, a rejection threshold 7, is selected as the p'" percentile of Oy, 0bs» Mean-
ing that for higher values than 7,, the null hypothesis H, is rejected. Such
a rejection indicates that the corresponding observed median synergy score
O, 0ps lies above the false alarm level of 100 — p, meaning that seldom oc-
curs by chance. Therefore, synergy is detected at the the false alarm level of
100 — p. Notably, the number of simulations N and the p" percentile are user-
defined parameters in the general framework. In Papers I and III, N = 103
and N = 10* respectively, while p = 95 (Fig. 4.18). Moreover, in Paper I, an
additional global (Omnibus) test was performed, in order to account for the
multiple testing problem related to the corresponding experimental setup.
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Figure 4.18. Resampling for endpoint synergy analysis. (A) Null distribution of median values for
the scaled Bliss index By after performing N = 10* simulations; (B) Six detections were made at the 5%
false alarm level of the null distribution (zooming in on the histogram region from (A) that lies above the
null/rejection threshold).

4.4.12 Normalization of protein release differences

In this thesis, protein release measurements are assumed to be collected as
a set of intra-plate replicate experiments performed in any microplate format
that allows both healthy (H) and disease associated (D) cells to be cultivated,
treated (7)) and stimulated (S) in parallel, to avoid batch (plate-to-plate) vari-
ability. Each experimental well is assumed to result in a d-dimensional row
vector f of raw measurement values (Fig. 2.4), each proportional to the abun-
dance (concentration) of d different proteins. The corresponding measure-
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ments from a whole plate consisting of N wells are stored as a N X d matrix
(Fig. 4.19).
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Figure 4.19. Raw protein release measurements. An example of raw protein release measurements
illustrated as a N x d color coded matrix, where N is the total number of experimental wells with their
identities shown along the y-axis and d is the number of protein releases measured with their identities
shown along the x-axis. Protein release measurements lying below the corresponding values of blank wells
are excluded and shown in white.

COMBSecretomics evaluates systematically secreted protein profiles collected
simultaneously for different cell states; disease associated, healthy, treated,
untreated, with and without stimulations (Fig 1.2). The evaluation is based
on providing quantitative answers to three pragmatic questions at the level of
individual proteins. These three questions, which are described below, are de-
signed to determine whether the secretion of a particular protein is affected
by the disease (therapeutic need), whether it can be modulated by a treatment
(modulation capacity) and whether a treatment can reverse a malfunctioning
protein secretion back to the normal/healthy level (restoration capacity).

In particular, these questions aim at quantifying differences between two
cell states of interest o and 3, defined below and written out explicitly along
the y-axis of Fig. 4.19, by comparing the corresponding measured sets of
protein releases fo and fg. However, when data is collected in inter-plate
replicates, the protein release differences fo — fg are not directly compara-
ble. Therefore, the collected protein release data should first be normalized
per plate. In this way, the results obtained can then be averaged among all
plates/batches to reduce experimental variability. The difference in release of
protein k between the two cell states o and 8 on plate p is normalized by
COMBSecretomics in the following way:

75



Jalk,p) = fp(k,p)
fa(kvp)+fﬁ(k7p)

Here fo(k,p) and fg(k,p) denote the measurement values for cell states o
and f3, respectively. The ratio r(k, p) is restricted to the interval [—1,1]. The
value +1 is obtained when f(k, p) >> fp(k, p), the value O when fy (k, p) =
fp(k,p) and the value —1 when fq (k, p) << fg(k,p).

I”(k,p) =

(4.29)

4.4.12.1 Therapeutic need, Modulation capacity and Restoration capac-
ity

The COMBSecretomics framework is designed to provide quantitative an-
swers to three pragmatic questions related to “Therapeutic need” (Q1), “Mod-
ulation capacity” (Q2) and “Restoration capacity” (Q3), at the level of individ-
ual proteins released. In the following description of the three questions Ql,
Q2 and Q3, where Eq. (4.29) is employed, T, denotes no treatment addition
(untreated cell state), while 7, denotes addition of type x treatment (7 -treated
cell state). Similarly, S, denotes the absence of stimulation (unstimulated cell
state), while Sy, denotes the presence of type Sy stimulation (Sy-stimulated cell
state).

Q1) Therapeutic need: is there any difference in the release of protein
k between untreated (T = T,,)) D and H cells?

To quantify the therapeutic need with respect to protein k, the ratio in
Eq. (4.29) should be employed with:

a ao=DT,S,and B =H,T,,S,, when cells are unstimulated (S =
So).

b) «a=D,T,,S,and B =H,T,,S,, when cells are stimulated (S = S}).

This ratio determines the release difference of protein k between D and
H cells, which essentially defines the therapeutic need with respect to k.
The bigger the ratio, the bigger the therapeutic need (Fig. 4.20).

Q2) Modulation capacity: is there any treatment (7' = T, # T,) that
modulates the release of protein k in D cells?

To quantify the modulation capacity of treatment 7, the ratio in Eq.
(4.29) should be employed with:

a) oa=DT,S,and B =D,T,,S,, when cells are unstimulated (S =
So).

b) a=D,T,S,and B = D,T,,S,, when cells are stimulated (S = S}).
A non-zero ratio (either smaller or greater than zero) indicates that treat-

ment 7, seems to modulate the release of protein k in D cells (graphi-
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cal examples are provided in the Supplementary Material of Paper IV).
However, this does not indicate if the induced modulation by 7; is point-
ing towards the right direction, meaning to restore the normal release
level of protein k. This matter is addressed by quantifying the restora-
tion capacity of treatment 7, defined in question Q3 below.

Q3) Restoration capacity: is there any treatment (7' = T, # T,) that
restores the normal release level of protein k in D cells?

To quantify the restoration capacity of treatment 7, the ratio in Eq.
(4.29) should be employed with:

a ao=D,T,S,and B =H,T,,S,, when cells are unstimulated (S =
So).

b) a=D,T,S,and B =H,T,,S,, when cells are stimulated (§ = S,).

A zero ratio indicates maximal restoration capacity meaning that treat-
ment 7y is able to restore the normal release level of protein k in D cells,
while a non-zero ratio suggests the opposite. In particular, a negative
ratio indicates that the release of protein k is higher in H than D cells,
while a positive ratio indicates that the release of k is higher in D than H
cells (see Supproting File 1, Paper IV for graphical examples).

Normalized release differences: D,UT,S vs. H,UT,S (Therapeutic Need)
0.3
0.0638 0.109 -0.0019
0.2
0.1
0
0.0586 0.0865 0.0111 0.0222 0.0796 -0.119
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Figure 4.20. Therapeutic need quantification. Example showing the quantitative answers provided to
question Q1b, using the experimental data from Paper IV. The external stimulations used, denoted S1, 5>, 53,
are shown in the y-axis, while the proteins measured are shown in the x-axis. The value in each patch is
quantified by employing Eq. (4.29) in the context of answering question Q1b.

4.4.13 Generalization of the HSA principle

In this work, a generalized version of the HSA principle, originally defined by
Eq. (2.31), is introduced for exhaustive secretome-related drug combination
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experiments. This generalized version takes into account not only the single
constituent drugs as shown in Eq. (2.31), but also all lower-order subsets of a
higher-order combination treatment. In particular, if E(7,) denotes the effect
of a particular treatment 7, then the generalized HSA (GHSA) index, denoted
here Igysa, for a combination treatment consisting of N, drugs is defined as:

Iousa(Ti.-n,) Zmin{E(Tl),E(Tz)»“' E(Ty,),E(Th2),- -,

(4.30)
(T )+ E(Too) b~ E(Tiooy)
Here IGusa(Th...n,) gives the incremental effect of the full N; drug combination
treatment 77...y, compared to all single-drug treatments 71,73, --, Ty, and all
lower-order combination treatments 712, , Tin,—1)n,s =+ 5 T2\ -
COMBSecretomics determines the total induced effect £ of a particular
treatment 7 across a panel of d proteins, by means of the restoration capac-
ities obtained from the ratios calculated in question Q3 and collected in the
row vector rg, (7). For the needs of the generalized GHSA principle, the d-
dimensional effect of treatment 7 is converted into a scalar in the range [0, 1],
by calculating the corresponding normalized L'-norm of the aforementioned
rp, vectors as:

E(Ty) = [[roy(T)[, = Z!@kT (4.31)

IGHsa is restricted to the interval [—1, 1]. The extreme value — 1 suggests max-
imal emergent antagonism, meaning that the full N; drug combination has led
to maximally opposite protein release profiles compared to the healthy pro-
files, while at least one of the lower-order drug combinations has been able
to restore the healthy profiles. The other extreme value +1 suggests maxi-
mal emergent synergy, meaning that the full N; drug combination has been
able to restore the healthy protein release profiles, while all of the lower-order
drug combinations have resulted in maximally opposite protein release profiles
compared to the healthy ones. The intermediate value O indicates that there is
no gain by using a higher-order drug combination treatment, since the same
effect can be achieved by at least one of the lower-order drug combination
treatments.
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5. Results & Discussion

5.1 Paper I

Towards repositioning of Quinacrine for treatment of acute myeloid leukemia
- Promising synergies and in vivo effects

In Paper I, the repurposing potential of the antimalarian drug Quinacrine for
treatment of AML was investigated as add-on to standard-of-care. AML is a
heterogeneous blood malignancy, which commonly shows resistance to estab-
lished pharmacotherapies and high recurrence rate [100, 101]. Thus, the dis-
covery of novel drug treatments for AML is highly needed. Notably, repurpos-
ing of already clinically approved and therefore safe drugs, like Quinacrine,
is a very attractive alternative to the development of novel drugs from scratch,
both in terms of costs and time [62].

In this work, the in vitro efficacy of Quinacrine when combined in pairs with
nine anti-leukemic compounds (Table 4.1) was evaluated on two AML cell line
models (section 4.2, “Materials & Methods™). The synergistic effects observed
between Quinacrine and Cytarabine were further assessed and confirmed in
vivo, on a PDX AML mouse model, as a subsequent step prior to clinical use.
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Figure 5.1. Results of Bliss synergy analysis presented as checkerboard style screens. The Bliss index
values for all four drug pairs were detected at the 5% false alarm threshold of the sampling distribution,
which was obtained by simulating data under the null hypothesis of Bliss independence. The colorbar
spans from —50% to 50% showing maximal Bliss antagonism and synergy respectively.
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This study was a large joint effort between two research groups in the Depart-
ment of Medical Sciences at Uppsala University; (a) Hematology [102] and
(b) Cancer Pharmacology and Computational Medicine [103]. The contribu-
tions in terms of this thesis pertained to the conception and development of a
first set of tailor made tools to evaluate the pairwise in vitro drug combination
experiments performed. In particular, this effort resulted in a non-parametric
resampling based statistical module for Bliss synergy analysis [63], named
COMBO-V. The letter “V” is due to the employed endpoint cell viability mea-
surements (Fig. 2.2, 2.3). COMBO-V is designed to perform Bliss synergy
analysis according to Eq. (2.30) and also, quantify uncertainty in the results
obtained by taking into account the observed experimental variability (section
4.4.11.3, Chapter 4). Compared to the widely used parametric tests, which
rely on strong assumptions about the statistical distributions of the underlying
data, COMBO-V employs a non-parametric and straightforward methodology
based on resampling. The only requirement is that the corresponding wet lab
experiments must include several (i.e. at least two) inter-plate replicates. All
results before and after the statistical inference are presented in high quality
checkerboard style screens (Fig. 5.1) and result tables.

5.2 Paper 11

COMBImage: a modular parallel processing framework for pairwise drug
combination analysis that quantifies temporal changes in label-free video
microscopy movies

In Paper II, COMBImage, the first methodological tool to perform live-cell
imaging based analysis of in vitro pairwise drug combination experiments,
was designed and developed. It goes far beyond the currently available tools
[51, 52, 53], since it employs conventional endpoint cell viability and syn-
ergy analyses (COMBO-V, Paper I) jointly with quantitative label-free live-
cell imaging [104]. Such a composite framework allows for searching drug
combinations that affect not only viability, but also morphology (e.g. size,
area, shape, texture etc.) of disease associated and healthy cells. Moreover,
dynamic/causal information can be obtained about how the cell culture mor-
phologies evolve as a function of time. Notably, the live-cell recording setting
enables time series analysis of the observed drug combination effects (e.g. on-
set, duration etc.). Therefore, COMBImage could be used in the context of
drug combination discovery studies within and beyond cancer pharmacology.

COMBImage evaluates pairwise drug combination effects by means of tem-
poral quantification of changes in cell culture growth/confluence (Fig. 4.5) and
morphology (Fig. 4.6), according to Eq. (4.13) and (4.14), respectively. These
algorithmic implementations are incorporated in two newly developed compu-
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tational modules, named COMBO-C and COMBO-M. Due to limitations with
respect to computing power and memory size, the corresponding image pro-
cessing algorithms are parallelized using Google’s MapReduce programming
model [71] (sections 4.4.3.1-4.4.3.3, 4.4.4, Chapter 4). This opens not only for
fast and scalable analyses, but also for method-specific systematic parameter
tuning (Fig. 4.4, section 4.4.3.4 in Chapter 4), which is rarely explored due to
otherwise extensive running times. Although the current implementation has
shown unprecedented performance already on personal multi core machines, it
can be easily scaled up to run on cloud infrastructures for larger data volumes.
Finally, COMBImage extends the functionality of the COMBO-V module, re-
ported in Paper I, by introducing a novel rescaling method for performing Bliss
and therapeutic synergy analysis, as defined by Eq. (4.22) and (4.24). This is
in order to provide a practically more useful ranking of the combination ef-
fects observed, while maintaining all basic properties of the original methods
(Fig. 4.17).

The potential, practical use and functionality of COMBImage were demon-
strated in the context of an external collaboration between the In Vitro and
Systems Pharmacology facility of the DDD platform, Science for Life Labo-
ratory [105] and the Cancer Pharmacology and Computational Medicine re-
search group [103] at Uppsala University. This joint effort was focused on
discovery and early development of a series of newly synthesized cytotoxic
compounds to be potentially used as add-on to standard-of-care treatment for
GBM; the most deadly form of brain cancer [93, 106].

Interesting add-on effects were revealed, when the newly synthesized cy-
totoxic compounds (Table 4.2) were combined with SAHA on two recently
established clonal cultures of GICs from patient tumor samples (section 4.2,
Chapter 4). Therapeutic synergies, when normal ACS (section 4.2, Chapter 4)
were used as a reference toxicity model reinforced the pharmacological poten-
tial of these investigational compounds, which were further evaluated in vivo
independently of this thesis. Summary results are shown in Fig 5.2 and 5.3.
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Figure 5.2. COMBImage results. Checkerboard style screens, as produced by COMBO-V, COMBO-
M and COMBO-C, regarding normal ACS (first row), sensitive GIC clone (second row) and resistant
GIC clone (third row), when SAHA was combined with the investigational cytotoxic compound CPD-
1. COMBO-V: cell viability, from purple showing full cell survival (100%) to yellow showing zero cell
survival (0%). COMBO-M.: relative difference from the top 5% of corresponding untreated morphological
effects, from purple being —100% to yellow being 100%. COMBO-C: growth curves of treated (red) and
untreated (black) GIC clones. The growth curves, displayed in the interval [—50%, 120%], show the change
in cell confluence with respect to the first time point.

ACs U3065-c475

treated

untreated

Figure 5.3. Example morphological hits from COMBImage. (First column) ACS treated with (CPD-1,
SAHA) = 2uM, 7uM) for 72h vs. untreated ACS; (Second column) resistant GIC clone (U3065 — c475)
treated with (CPD-1, SAHA) = (2uM, 7uM) for 72h vs. untreated U3065 — ¢475 cells. Red arrows show
examples of increased dense formation of intracellular particles, while green arrows illustrate examples of
long cellular protrusions.
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5.3 Paper III

COMBImage2: a parallel computational framework for higher-order drug
combination analysis that includes automated plate design, matched filter
based object counting and temporal data mining

In Paper III, the successor of COMBImage (Paper II) was designed and de-
veloped. Despite being the first tool to combine conventional endpoint cell
viability and synergy analyses with quantitative label-free live-cell imaging,
COMBImage (Paper II) has some obvious limitations. Given the increased
need for higher-order (i.e. three or more drugs) treatments, especially for com-
plex, heterogeneous and co-occurring diseases [25, 26, 27, 28, 29, 30, 31], an
important limitation of COMBImage is that it only supports the analysis of
pairwise drug cocktails. Moreover, COMBImage allows only for detection
of general drug combination induced instead of more specific morphological
changes and (sub)cellular events. Therefore, COMBImage2 was developed
to overcome these shortcomings. In addition to refined QC procedures that
include non-parametric resampling statistics and inter-plate analyses, COM-
Blmage?2 offers:

(i) automated plate design for drug combination experiments of any order,
which can be used together with programmable acoustic liquid handling
technologies.

(i) matched filter based object counting for quantification of particular cel-
lular objects, such as apoptotic-like cells and vesicle formations present
in the phase-contrast (grayscale) images acquired.

(iii)) a novel data mining methodology for evaluating the response patterns
and discerning higher- from lower- and single-drug effects without re-
quiring any specific assumptions about the drug interactions.

In particular, COMBImage2 consists of 6 computational modules, briefly de-
scribed below.

COMBO-Pick

COMBO-Pick is a novel module of COMBImage?2, which enables auto-
mated 384-well plate design and can be employed with programmable
acoustic liquid handling technologies. It makes efficient use of the plate
by accommodating as many drug combination experiments as possible,
while also including a large number of untreated/control wells needed
for subsequent resampling based statistical analyses. Furthermore, the
design is randomized, meaning that each experiment has a randomly se-
lected position in the plate, which varies across replicate plates (Fig.
5.4). The randomization procedure aims at eliminating potential spatial
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effects that may propagate during replication. In other words, if the ex-
perimental noise is spatially dependent, then the different replicates of
the same experiment will be subject to (nearly) independent noise terms
that can be filtered (often via averaging), in order to reduce experimental
variability.

COMBO-Pick requires a single specification text file from the user
with information on the drug names, concentrations and number of intra-
/inter-plate replicates (Fig. 5.5). Then, COMBO-Pick checks the spatial
feasibility of this user-defined specification under the condition that at
least 40 untreated wells are included in each plate. When the afore-
mentioned criterion is not fulfilled, COMBO-Pick suggests alternative
solutions by expanding the design in more than one plates. For spatially
feasible user-defined specifications, the corresponding randomized plate
layouts, with information about drug names, destination wells and final
concentrations, are generated and exported as destination plate files for
acoustic liquid transfer (Fig. 2.2).

Figure 5.4. Randomized plate layouts by COMBO-Pick. Here, 4 inter-plate replicates were created
using a differently randomized layout each time; Ry, Rz, R3,R4. Each layout consists of 5 different groups
of wells based on the number of combined drugs: gray: 1; orange: 2; yellow: 3; cyan: 4; white: no
drugs/untreated.

x,l,Aprepitant ,2.6 , micromolar
x,1,Minocycline ,0.44 , micromolar
X,1,Auranofin ,0.15, micromolar
x,l,Captopril ,0.12, micromolar
x,l,Celecoxib ,1.6, micromolar
x,1
x,1
x,1

B
s

5

,Disulfiram ,0.67 , micromolar
,Itraconazole ,0.3 , micromolar
,Sertraline ,0.5, micromolar
x,l,Quetiapine ,3, micromolar
Repli ,4

DMSOvol, 0.4

minOrder , 1

maxOrder ,4

B

s

Figure 5.5. User specification for COMBO-Pick. Example using the 9 drugs from the CUSP9v4 protocol
(Table 4.3) to design a drug combination experiment in quadruplicate including all subsets up to order 4
based on one fixed concentration for all single drugs. The 4 corresponding randomized plate layouts are
shown in Fig. 5.4. Instructions for writing the specification file are given in [95].
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COMBO-MF

COMBO-MF is a novel module of COMBImage2, which enables au-
tomated detection and counting of particular objects of interest, present
in the phase-contrast (grayscale) images, using a linear two-dimensional
matched filter (section 4.4.6, Chapter 4). Although it is currently used
to detect and count apoptotic-like cells (Fig. 4.7, 4.8), the functionality
can be extended for other objects of interest (e.g. intracellular vesicles),
given a corresponding prototype specification. The object counting is
currently performed by two different tailor made algorithms (section
4.4.6.1, Chapter 4). COMBO-MF enables fast and scalable matched
filter signal processing of large live-cell recording libraries by means
of the MapReduce programming model (section 4.4.6.1, Chapter 4). Fi-
nally, the optimal detection threshold for the matched filter is determined
adaptively by supervised learning using a tailor made interval optimiza-
tion search (section 4.4.6.2, Chapter 4). An overview of COMBO-MF is
shown in Fig. 5.6.

Automated
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| |
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[ THRESHOLD TUNING 3
Image
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MapReduce @ Specification |
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Figure 5.6. COMBO-MF flowchart. THRESHOLD TUNING: (1)-(3) Matched filtering on training
images; (4)-(5) Cross validation for optimal detection threshold. INTRA-PLATE ANALYSIS: (1) Image
datastore selected by the user; (2) COMBO-Pick specification imported by the user; (3) MapReduce-based
intra-plate quality control; (4)-(5) MapReduce-based quantification of apoptotic-like cells; (6) Table (CSV)
with results; (7) Temporal graphics (EPS, PDF). INTER-PLATE ANALYSIS: (1) Intra-plate analysis
employed separately for all replicates; (2) Results from (1) gathered and parsed; (3) Outlier removal based
on the Inter-Plate QC as performed by COMBO-C; (4) Table (CSV) with inter-plate results; (5) Temporal
graphics (EPS, PDF).
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COMBO-C, COMBO-M, COMBO-V

COMBO-C, COMBO-M and COMBO-V were initially developed as
part of COMBImage (Paper II) for quantification of temporal changes
in cell culture confluence, morphology and endpoint cell viability anal-
yses, respectively. In the context of COMBImage?2, the methodology of
all three modules is generalized for any kind of higher-order drug com-
bination analysis, including exhaustive experiments, as defined by Eq.
(4.1). An important improvement of COMBO-C is inter-plate QC by
means of non-parametric resampling statistics (section 4.4.10, Chapter
4). Notably, this fully automated inter-plate QC procedure of COMBO-
C is employed for the corresponding inter-plate analyses of all modules
(Fig. 5.6). Finally, COMBO-V’s methodology for scaled Bliss synergy
analysis is generalized for higher-order drug combinations (Fig. 4.17),
according to Eq. (4.23).

COMBO-Mine

COMBO-Mine is a novel module of COMBImage2, designed to per-
form data fusion and mining of the extracted response patterns; changes
in cell culture confluence and morphology (Fig. 4.5, 4.6) quantified
by COMBO-C and COMBO-M respectively, apoptotic-like cell counts
(Fig. 4.8) quantified by COMBO-MF and endpoint cell viability (4.11)
quantified by COMBO-V. The main idea is to organize the large com-
binatorial space into groups with distinct prototypical behaviors, which
the user may judge as either interesting or trivial, without any particular
model assumption about plausible drug interactions. This is achieved
by means of top-down hierarchical clustering (section 4.4.8, Chapter 4)
coupled with an exhaustive subset search (Fig. 5.7) to narrow down
the unique single drugs and/or drug combinations that induce the cor-
responding prototypical temporal and viability profiles. Notably, all
drugs/drug combinations that belong to such a unique subset are ranked
equally much, as they are part of the same group.

This exhaustive subset search helps to disentangle higher- from lower-
and single-drug effects. To exemplify, let us assume that there are two
drugs X and Y at concentrations cy and cy, respectively. If the multi
dimensional response profiles/patterns f(cy ) and f(cx, cy) for cx and the
combination concentration (cx,cy) form together a particular group/-
cluster A with an average (prototypical) response profile ?A, then the
exhaustive search identifies cx as representative of ?A.
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Figure 5.7. Exhaustive subset search. Each group of response patterns is only represented by the smallest
set of drugs and/or drug combinations that uniquely explains all of them in the same group. This figure
illustrates the algorithmic procedure for such an example search, where all drugs are used at one fixed con-
centration. In each iteration (iter 1 — 3), the drug combination of the lowest order is traced in all remaining
ones of higher order. All higher-order combinations that include the “to-be-traced” lower-order combina-
tion, are subsequently removed. Thus, when the algorithm terminates, the corresponding non-redundant set
of single drugs and/or drug combinations is returned.

All these non-trivial components have been for the first time integrated into
a generic and modular framework that is able to provide robust, information
rich and scalable drug combination analyses of any order, suitable for system-
atic large-scale studies, within and beyond cancer pharmacology. The practi-
cal use and functionality of COMBImage2 were demonstrated in the context
of a small pilot study focused on the CUSP9 protocol [34, 35, 36], which is
currently undergoing a clinical trial (NCT02770378) as add-on treatment to
standard-of-care TMZ for recurrent GBM. This higher-order cocktail, which
entered clinical use based on a well defined and thoroughly described theoret-
ical framework, is composed of 9 repurposed (non-cancer) drugs (Table 4.3).
COMBImage2 was employed to design and analyze, for the first time, a semi-
exhaustive experiment of the CUSP9 protocol. In particular, all 255 subsets of
the CUSP9 cocktail, of order 4 or lower, were evaluated (without TMZ) on a
recently established clonal culture of GICs from patient tumor samples [93].
A distinct group of interesting behavioral patterns was observed, including
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total cell growth inhibition, increased changes in cell morphology and high
number of apoptotic-like counts early on, as well as almost zero cell viability
(Fig. 5.8). These characteristic response patterns seemed to be primarily in-
duced by Dis, as it was part of all higher-order subsets belonging to the same
group. Among them, a few unique higher-order drug combinations were found
to only marginally boost the effect of Dis; (Apr, Dis), (Aur, Dis), (Cap, Dis),
(Cel, Dis), (Dis, Itr) and (Min, Dis, Ser, Que).
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Figure 5.8. COMBImage2 results. The employment of COMBImage2 and in particular, COMBO-Mine,
in the context of the CUSP9 case study, revealed 2 main groups with 2 subgroups each. Each (sub)group
is visualized by the corresponding four average response patterns (three image based temporal profiles and

one endpoint cell viability value) and characterized by the smallest non-redundant set of drugs and/or drug
combinations in it.

5.4 Paper IV

COMBSecretomics: a pragmatic methodological framework for higher-order
drug combination analysis using secretomics

In Paper IV, COMBSecretomics was developed [107], the first methodological
framework designed to search exhaustively for second- and higher-order drug
cocktails that can modify, or even reverse malfunctioning secretomic (i.e., ex-
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tracellular protein release) patterns of human cells. The new contribution here,
in the context of this thesis, is that drug combination effects are not evaluated
by means of purely phenotypic (Paper I-III) but in terms of molecular changes,
reflecting multi dimensional signals exchanged by human cells in the form of
secreted protein mixtures. System wide molecular profiling, where all/many
of the extracellular proteins released by an in vitro cell/tissue based model are
quantified, is generally referred to as secretomics [19, 20, 21, 22]. Although
this emerging field has outstanding biomedical potential in the context of im-
proved understanding, diagnosis and drug induced modulation of the multi-
input multi-output molecular communication protocols often distorted in dis-
ease related tissues and organs, it still remains largely unexplored.

COMBSecretomics is intended to partly fill in this important lack by en-
abling systematic test tube analyses of second- and higher-order drug combi-
nations effects on secretomic patterns of human cells. In addition, this method-
ology is extended to include the very important situation when cells are also
being subject to naturally occurring and/or disease relevant stimuli (Fig. 5.9).
In contrast to state-of-the-art methods in this area, which are limited to pair-
wise drug cocktails and unstimulated cells, COMBSecretomics enables exten-
sions along both these fronts. It is based on a standardized and reproducible
experimental format (Fig. 5.9) that could greatly accelerate all studies in this
field and also make results obtained by different laboratories directly compa-
rable.

More specifically, COMBSecretomics evaluates systematically secreted pro-
tein profiles collected simultaneously for different cell states; disease associ-
ated, healthy, treated, untreated, with and without protein stimulations. The
evaluation is based on providing quantitative answers to three pragmatic ques-
tions at the level of individual proteins (section 4.4.12.1, Chapter 4). Briefly,
these questions are designed to determine whether the secretion of a particular
protein is affected by the disease (therapeutic need, Fig. 4.20), whether it can
be modulated by a treatment (modulation capacity) and whether a treatment
can reverse a malfunctioning protein secretion back to the normal/healthy level
(restoration capacity). Then, COMBSecretomics performs model-free drug
combination analysis of any order based on the restoration capacity metric.

This is firstly achieved by introducing a tailor made generalization of the
HSA principle, as defined by Eq. (4.30)-(4.31), which quantifies the additional
restoration capacity offered by a drug cocktail at the global protein secretion
level. Secondly, a data mining approach based on top-down hierarchical clus-
tering (section 4.4.8, Chapter 4) is employed as a means to identify prototyp-
ical patterns of individual restoration capacities. Similarly to Paper III, the
top-down hierarchical clustering is complemented with an exhaustive subset
search to discern higher- from lower- and single-drug effects.
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Figure 5.9. COMBSecretomics conceptual workflow. Disease associated (D) and healthy (H) cells
are kept on the same experimental plate to avoid inter-plate variability. D cells are exposed to each and
every treatment 7 from an exhaustive combination panel; here a panel of all 7 possible treatments using
3 pre-selected drugs 77, 7> and T3 (at fixed concentrations) is shown as an example. D-treated and H
cells are subsequently stimulated with each and every protein mixture S from a stimulation panel. Finally,
release measurements for a protein panel of interest are collected for both cell types (fp, 7,5 and fz 5) using
any technology that gives values proportional to the corresponding protein concentrations. The subsequent
computational workflow include quality control procedures, normalization of the protein release differences
(fp, 7.5 —fu.s), model-free higher-order combination analysis and non-parametric resampling statistics. The
goal of all these methodological principles is to come up with an optimal (combination) treatment 7 that
reverses malfunctioning protein release patterns, meaning fp 7+ s ~ fy 5.

To avoid misinterpretations due to technical and biological variability, COMB-
Secretomics employs a non-parametric resampling based validation approach,
which requires at least two intra-plate replicates per cell state, to quantify un-
certainty in the drug combination analysis results obtained. Briefly, N, (user-
defined) validation datasets are created by randomly leaving out one of the
replicate measurements for each cell state (Fig. 5.10). Then, the aforemen-
tioned analyses are performed N, times in total and the different results ob-
tained are compared and used to quantify uncertainty measures, described in
greater detail below.
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When the GHSA analysis is employed for all N, validation datasets (Fig 5.10),
the user gets access to box plots that describe the sampling distribution for the
corresponding drug cocktails by means of five summary numbers. In particu-
lar, each drug cocktail is described by the minimum value, 25", 50", 75" per-
centiles and maximum value of all different N, GHSA indices obtained during
validation (Fig. 5.11). The closer and more tightly grouped all five aforemen-
tioned numbers appear, the more certain that the corresponding drug cocktail
is either synergistic, antagonistic or neutral. Similarly, for the top-down hi-
erarchical clustering, the user gets access to a normalized histogram showing
the frequency (%) of all unique clusters/partitions formed at the first hierar-
chical level (Fig. 5.12). The fewer different unique partitions with one clearly
dominating in frequency over the others, the more certain one should be about
the hierarchical partitions obtained. After retrieving the names of drugs/drug
cocktails of the most dominant clusters/partitions at both hierarchical levels,
the corresponding centroids are calculated using all replicates (Fig. 5.12b).
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Figure 5.10. COMBSecretomics resampling. Miniaturization of the resampling based leave-one-out val-
idation approach per plate. Left: collected protein release d-dimensional vectors f for the six different cell
states supported by COMBSecretomics. For each cell state, four intra-plate replicate measurements are
shown, as an example, as rows along with the corresponding replicate number. Disease-associated (D) cells
are either untreated (7}) or treated (7y) while healthy (H) cells are untreated (7). Both D and H cells are ei-
ther stimulated (S)) or not (S,). Experimental wells of different cell states are colored differently. Right: N,
user-defined validation datasets are automatically created by employing a leave-one-out procedure among
the four intra-plate replicate measurements for each cell state.
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The practical use and functionality of COMBSecretomics were demonstrated
in terms of an illustrative case study focused on cartilage degradation, which
is a key feature of OA; a highly prevalent chronic disorder and one among the
leading causes of disability worldwide [108]. A recently introduced ex vivo
tissue model of cartilage degradation [94] was employed, developed in a joint
collaboration with the Biomedical Systems Laboratory at the National Techni-
cal University of Athens [109]. 23-dimensional protein release patterns were
collected using an antibody based multi-plex assay (section 4.1, Chapter 4).
The measured profiles were analyzed and compared after performing an ex-
haustive combination experiment based on 3 candidate drugs (i.e. 7 plausible
treatments) and subsequently, stimulating all samples with 3 different protein
mixtures (Tables 4.4, 4.5). After all QC procedures, 8 out of 23 protein release
profiles were kept for the main analyses.

The analyses revealed that the secretomic patterns were more pronounced
when the cartilage tissue samples were externally stimulated rather than un-
stimulated, thereby showing the importance and usefulness of active (stimu-
lated) cell model systems. The drug combination (PD169312, Rapamycin)
showed antagonistic behavior, as its restoration capacity (in terms of malfunc-
tioning protein response patterns) was much smaller than either of the two in-
dividual drugs. The 3 remaining drug combinations; (Sorafenib, PD169312),
(Sorafenib, Rapamycin) and (Sorafenib, PD169316, Rapamycin) seemed to be
neutral, meaning that the corresponding restoration capacity was equivalent to
the ones achieved by the single drugs (Fig. 5.11). Among the 3 individual
drugs, Sorafenib and PD169316 showed the highest capacity to restore the
protein responses in degraded cartilage back towards those of healthy carti-
lage (Fig. 5.12). At present, further confirmatory and mechanistic studies
related to these findings are being performed independently of this thesis.
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Figure 5.11. GHSA analysis by COMBSecretomics for stimulation S; and N, = 10° validation
datasets. All 4 drug cocktails (Sorafenib, PD169316), (Sorafenib, Rapamycin), (PD169316, Rapamycin)
and (Sorafenib, PD169316, Rapamycin) are shown in the x-axis abbreviated as 71,733, T>3 and Tj»3, re-
spectively. Each drug cocktail is represented by a box plot showing the minimum value, 25, 50 75"
percentiles and maximum value of all N, = 10> GHSA indices obtained during the resampling-based leave-
one-out validation approach.
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Figure 5.12. Top-down hierarchical K-Means clustering for stimulation S; and N, = 103 validation
datasets. (a) Frequency/occurrence (%) for all unique partitions/clusters at the first hierarchical level. An-
notations are provided for the three most frequent partitions. (b) Visualization of the clustering results
after validation; the most dominant partitions at the first and second hierarchical levels are used. Each
line corresponds to the centroid of each (sub)cluster identified, representing its restoration capacity de-
fined by the normalized protein release differences between D, treated,stimulated with S (D,7,S;) and
H untreated,stimulated with S; (H,UT,S;) cells. Solid and dotted lines are used for the first and sec-
ond hierarchical level respectively. The gray solid line corresponds to the total therapeutic need, mean-
ing the normalized protein release differences between D,untreated,stimulated with S; (D,UT,S;) and
H ,untreated,stimulated with S; (H,UT,S;) cells, which an ideal treatment should eradicate. The legend
shows all treatments per (sub)cluster identified without employing exhaustive subset search since only 7
treatments were used in total.
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COMBSecretomics quantifies how much the measured protein release responses
to stimulations are changing between before and after drug exposure, thereby
offering causal information of a kind that almost never is neither obtained
nor reported. Thus, the causal information provided is reflecting to which
extent a drug cocktail can transform the disease model, so that it responds
differently to the same stimulations after the pharmacological treatment. Ide-
ally, the pharmacologically induced responses should be similar to the healthy
cellular responses. These results provide concrete valuable information. For
example, high restoration capacity indicates a promising treatment, whereas
low restoration capacity demonstrates a treatment that should be avoided in
the clinic (as it drives the protein release to diverge even more from the nor-
mal levels). Mechanistic interpretations of the results in the context of asso-
ciated drug targets and involved biochemical pathways/processes is beyond
what COMBSecretomics is designed to address. Therefore, for more detailed
biological, pharmacological and mechanistic effects, a post-analysis includ-
ing additional wet lab experiments focused on the most outstanding results, is
required.

5.5 Paper V

Exhaustive in vitro evaluation of the 9-drug cocktail CUSP9 for treatment
of glioblastoma using COMBImageDL

In Paper V, an exhaustive in vitro evaluation of the 9-drug cocktail CUSP9
for treatment of GBM [34, 35, 36] was designed, performed and analyzed
by means of COMBImageDL, a DL improved version of COMBImage2 (Pa-
per III). More specifically, all 511 plausible subsets of the CUSP9 protocol
(Table 4.6) were evaluated for the first time, on a drug resistant GBM cell
line (M059K), by combining endpoint cell viability analysis and quantitative
label-free live-cell imaging. The experiment was performed in quadruplicate
(8 x 384 well plates, > 100GB of image data), in order to quantify uncer-
tainty in the results obtained by taking into account the observed experimental
variability. COMBImageDL [95] improves the functionality and overall per-
formance of COMBImage?2 by substituting the previously employed segmen-
tation algorithm based on Otsu’s method [110] with DL and in particular, a
modified version of the U-Net CNN architecture (section 4.4.2 in Chapter 4,
Fig. 2.10, 2.11).

The design and analyses of the exhaustive CUSP9 in vitro experiment were
performed by means of the 6 modules of COMBImageDL, which are thor-
oughly described in Paper III. In particular, COMBO-Pick was employed to
design the required 384-well plate layouts. The exhaustive experiment was
distributed across two 384-well plates; one with all single drugs (Table 4.6)
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and drug cocktails up to order 4 (260 treated and 48 untreated wells) and
a second one with all drug cocktails from order 5 to 9 (261 treated and 47
untreated wells). Each plate was replicated 4 times. The computational mod-
ules COMBO-V, COMBO-C, COMBO-M and COMBO-MF were employed
to quantify endpoint cell viability and time evolving cell culture growth/con-
fluence, changes in cell culture morphology and apoptotic-like cell counts,
respectively. Finally, the data fusion and mining module, COMBO-Mine, was
employed to identify prototypical response patterns and discern higher- from
lower- and single-drug effects. The major methodological difference from
Paper III is the U-Net based semantic segmentation (Fig. 4.2), required for
modules COMBO-C and COMBO-M.

Integrated intra- and inter-plate QC procedures were employed as in Paper
IIT and then, the replicate results were calculated and visualized based on the
following resampling based approach to quantify uncertainty. One untreated
well was randomly selected with replacement from each of the 4 replicate
plates and the median value for the corresponding extracted features was cal-
culated. This sampling procedure was repeated N = 10° times and resulted in
a null distribution of median values (i.e. how large median values can occur
by random chance) assuming only one untreated experimental well per plate,
exactly as for the treated wells. Finally, the 10", 50,90/ percentiles of the
null distribution per time point were plotted together with the corresponding
values for the treated wells. Therefore, statistically significant results are indi-
cated only when lying below the 10" or above the 90" percentile of the null
distribution, respectively (Fig. 5.13, 5.14).
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Figure 5.13. COMBImageDL/COMBO-M results showing temporal changes in cell culture morphol-
ogy for the GBM cell line M0O59K. (A) All CUSP9 subsets (combined with TMZ) from order 1 to 4 that
passed the QC; (B) All CUSP9 subsets (combined with TMZ) from order 5 to 9 that passed the QC; (C)
Zooming in on a few graphs from (A); (D) Zooming in on a few graphs from (B). For a particular CUSP9
subset (solid colored line) the median curve across the 4 replicate plates is jointly shown with the corre-
sponding median (solid black) curve of TMZ alone and the stripped 10", 50" 90" percentiles of the null
distribution of untreated wells. Deviations from the 10" and 90" percentiles suggest statistically signifi-
cant results. Time in hours (starting at 02 without treatment) is shown in the x-axis, while the change in
cell morphology (%) with respect to Ok is shown in the y-axis. The first two letters of the individual drugs
combined with TMZ are shown on the title of each subplot.
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Figure 5.14. COMBImageDL/COMBO-V results showing cell viability for the GBM cell line M059K
covering all CUSPY subsets (combined with TMZ) from order 1 to 9 that passed the QC. Each data
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drugs are combined with TMZ. The median survival index (%) across the 4 replicate plates is shown. The 3
gray data points at the end correspond to the 10, 50", 90" percentiles of the null distribution of untreated
wells. Deviations from the the 10" and 90" percentiles suggest statistically significant results.

As already mentioned, COMBO-Mine was employed to acquire a hierarchy
of prototypical response patterns and associated unique single drugs and drug
combinations. In this context, the results suggested that only Dis from the
CUSP9 cocktail was required together with the standard-of-care TMZ, in or-
der to induce major changes in cell viability and morphology (Fig. 5.15).
Only slightly increased efficacy was observed by a few unique higher-order
subsets of the CUSP9 protocol, which also contained Dis; (Aur, Dis), (Dis,
Itr, Min), (Apr, Cap, Dis, Min), (Cap, Cel, Dis, Que), (Apr, Cel, Dis, Min,
Ser) and (Cel, Dis, Itr, Ser, Que). Thus, for the particular GBM cell line used
(MO059K), the whole CUSP9 protocol could in principle be replaced with Dis
only. Although continued investigation across a broader panel of GBM tumors
is needed, the aforementioned finding suggests that the CUSP9 regimen could
be potentially replaced by much smaller drug subsets and further optimized at
an individualized level. As a specific practical conclusion, we propose that in
vitro sensitivity testing of GBM patient cells should include the whole CUSP9

cocktail, as well as all seven lower-order subsets identified here.

This work demonstrates the general feasibility and importance of perform-
ing, analyzing and interpreting exhaustive in vitro experiments of higher-order
drug cocktails [38, 39] prior to subsequent assessment for clinical use. Al-
though the employed experimental in vitro disease models are not optimal,
they can still pinpoint which among all plausible subsets should be further con-
sidered. From a personalized therapy selection perspective, COMBImageDL
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could also be a valuable resource within a clinical cancer pharmacology set-
ting. In this context, in vitro sensitivity testing of primary patient tumor cells
could thereby advance from the current practice based on single drugs and
cytotoxicity readouts [46, 47] to also include higher-order drug cocktails and
quantitative label-free live-cell imaging.
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Figure 5.15. COMBO-Mine results from COMBImageDL. The employment of COMBO-Mine for the
exhaustive in vitro evaluation of the CUSP9 protocol on the GBM cell line MO59K revealed 2 main groups
with 2 subgroups each. Each (sub)group is visualized by the corresponding four average response patterns
(three image based temporal profiles and one endpoint cell viability value) and annotated only by the unique
set of drugs and/or drug cocktails included in it. DMSO10, DMSO50 and DMSO90 denote the three null
curves corresponding to the 107", 50" and 90" percentiles of the sampling distribution of untreated wells.
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6. Conclusions

Multi drug therapies are highly needed in the clinic to combat complex and co-
occurring diseases due to key advantages, such as enhanced efficacy, decreased
toxicity and reduced risk of evolving resistance [25, 26, 27, 28, 29, 30, 31, 32,
33]. However, most DDD projects and personalized therapy selection efforts
are still mainly focused on single-drug treatments. A major reason for this
bottleneck is lack of standardized and robust tools that enable systematic and
exhaustive higher-order drug combination studies within and beyond cancer
pharmacology.

This thesis offers important contributions towards this direction by intro-
ducing two standardized methodological tools, namely COMBImageDL [95]
and COMBSecretomics [107], designed to enable systematic test tube analy-
sis of second- and higher-order drug cocktails, by means of quantitative label-
free live-cell imaging and secretomic profiling, respectively (Fig. 1.2). Both
tools are based on a standardized and reproducible format that could be em-
ployed with any live-cell imaging instrument and secretomic profiling plat-
form. They are designed using a developer friendly modular system architec-
ture that could greatly simplify future work. They currently offer seamless
unique integration of non-trivial components, such as laboratory automation
modules, advanced QC procedures, inter-plate analyses, DL, fast and scalable
image analysis, method-specific parameter tuning, non-parametric resampling
statistics, refined synergy analyses, and a data driven methodology to eval-
uate morphology- and secretome-related response patterns, while discerning
higher- from lower- and single-drug effects. Their versatile nature allows them
to improve, guide and accelerate early drug combination discovery and devel-
opment (Paper I-11I), as well as personalized combination therapy selection in
the clinic [24] (Paper IV-V). More specifically, the individual contributions of
the two developed methodological frameworks are summarized below.

In brief, COMBImageDL [95] offers:

 automated plate design for drug combination experiments of any order,
which can be used together with programmable acoustic liquid handling
technologies.

* automated QC procedures at multiple levels to eliminate outliers and
inter-plate analyses to quantify uncertainty in the results obtained by
employing non-parametric resampling statistics.

* refined lower- and higher-order synergy analysis.

* DL based temporal quantification of cell culture growth and changes in
cell culture morphology.
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matched filter based temporal quantification of particular cellular objects
of interest, such as apoptotic-like cells and vesicle formations.

tailor made data driven methodology for evaluating the response patterns
and discerning higher- from lower- and single-drug effects without any
specific assumptions about the drug interactions.

parallel, fast and scalable computing, so that the framework can be em-
ployed within reasonable time frames for large volumes of image data,
even when they exceed the memory capacity of a single computer.

method-specific systematic parameter tuning, in order to avoid potential
misinterpretations that might arise from arbitrary (user-defined) param-
eter settings.

In brief, COMBSecretomics [107] offers:
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automated QC procedures at multiple levels to eliminate outliers and
non-parametric resampling statistics to quantify uncertainty in the re-
sults obtained.

systematic evaluation of secreted protein profiles collected simultane-
ously for different cell states (e.g. disease associated, healthy, treated,
untreated, with and without external stimuli).

exhaustive evaluation of second- and higher-order drug cocktails based
on their ability to reverse malfunctioning secreted protein profiles.

tailor made data driven methodology for evaluating secretomic patterns
and discerning higher- from lower- and single-drug effects without any
specific assumptions about the drug interactions.

generalization of the HSA methodology, which is designed for drug pairs
and cytotoxicity, to higher-order drug cocktails and multi-dimensional
secretome profiles.

a standardized methodological platform that can facilitate systematic
studies in known and uncharted areas of changes in cell-cell commu-
nication, via secreted protein patterns, due to disease and/or pharmaco-
logical treatments.



7. Future Work

This chapter highlights potential future extensions and improvements asso-
ciated with the two methodological frameworks developed in the context of
this thesis, namely COMBImageDL [95] and COMBSecretomics [107]. In
particular, there are two obvious major directions for future work, related to
their employment in different application areas and further methodological
advancements, as briefly described below.

7.1 Application areas

An obvious future application area for COMBImageDL and COMBSecre-
tomics is to design, perform and analyze large-scale drug combination studies
for a wide range of diseases.

For example, AST could be a potential target avenue for COMBImageDL,
since label-free live-cell imaging is often used to evaluate the susceptibility
of bacterial cell cultures to antibiotics. Given the alarming global rise of an-
tibiotic resistance [111], as well as the strong promise of drug combinations
against it, COMBImageDL could be of great benefit. Notably, such an ef-
fort has already been initiated as an industrial collaboration with the Upp-
sala company Q-linea [112]. Moreover, chemical transdifferentiation would
be another candidate exploratory direction for COMBImageDL, which goes
far beyond its current areas of application. More specifically, there are sev-
eral reports related to the conversion of human GBM into non-dividing (and
thus non-aggressive) neuron-like cells by means of higher-order drug cock-
tails, which might open for novel pharmacotherapies for this devastating dis-
ease [113, 114, 115, 116, 117]. Here, COMBImageDL could contribute by
providing cost effective systematic searches for alternative transdifferentiation
inducing chemical mixtures, which might result in higher transdifferentiation
efficacy and/or less adverse effects.

Similarly, COMBSecretomics should also be subject to broader application
far beyond its small proof-of-principle study included in this thesis. One aspir-
ing example of what can be achieved in a clinical pharmacology setting using
secretomic profiling is demonstrated by a recent case report; in vitro secre-
tomics of patient derived peripheral blood leukocytes was employed to find
a highly successful personalized single-drug treatment for an unknown form
of autoimmune arthritis [24]. In this context, COMBSecretomics could of-
fer the significant advancement of guiding and accelerating personalized drug
combination therapy selection. It could also be helpful in exploring and under-
standing the systemic disturbances in cell-cell communication due to cancer,
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which could in turn lead to improved diagnostics and pharmacotherapeutics
[118, 119, 120].

7.2 Methodological advancements

Although COMBImageDL and COMBSecretomics have evolved significantly
over time to their current level of sophistication, there is still considerable
room for refining and extending on their methodological scope. Both these
frameworks are designed and developed using a modular format, so that future
methodological improvements and modifications can be easily incorporated
and integrated.

Starting with COMBImageDL, it should be possible to greatly enhance its
sensitivity by in silico labeling, where trained CNNs can use information in-
herent in label-free (grayscale) images of cells to predict fluorescence sig-
nals that would otherwise have been obtained via fluorescence microscopy
(after performing fluorescence labeling of the cells and cell structures stud-
ied) [16, 17]. By providing training examples for the CNN in terms of the
rich subcellular details offered by fluorescence microscopy, it should be pos-
sible to easily, cost efficiently and reliably boost the label-free modality of
COMBImageDL. Furthermore, the development of alternative data analysis
methods for the individual computational modules could help to determine
which approaches offer the best balance between sensitivity and robustness.
For example, the extraction of handcrafted features provided by the COMBO-
M module should be extended to include (non-handcrafted) DL based features.
Moreover, other heuristic clustering algorithms, apart from K-means, should
be incorporated in COMBO-Mine.

Regarding COMBSecretomics, an obvious methodological advancement
would be the replacement of the currently employed steady cell state read-
outs with time series measurements, in order to enable dynamical monitoring
of the drug induced secreted protein profiles. Given that proteomic platforms,
including mass spectrometry, have substantially improved [19, 23], such an
extension seems feasible. In this regard, the development of a tailor made
laboratory information management system module would be very beneficial,
especially since COMBSecretomics supports the generation and analysis of
complex secretomic datasets (cells are not only treated but also stimulated
with external naturally occurring and/or disease associated stimuli). In addi-
tion to directly providing a new level of information that has not been reported
at large-scale before, such data could in the long term also be used by appro-
priate in silico screening tools.

Finally, a general methodological advancement would be the development
of an in silico screening framework that for a given disease of interest can pro-
pose/predict a set of promising drug candidates to be exhaustively evaluated in
vitro by means of COMBImageDL and COMBSecretomics. This effort would
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rely on publicly available data, including information about drug-protein and
protein-protein interactions, as well as cellular processes (or pathways/pro-
teins) that are known to be perturbed in the disease of interest. It would also fo-
cus on finding ways of numerically encoding/representing the drugs and their
combinations in such a way that ML methods can be successfully employed
to perform the desired predictions.
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