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2. Short Summary - English

Multicellular organization and function occurs through complex interplay between many
individual cells collectively forming the basis of life. Yet, the fundamental question of
how cell heterogeneity and local cell-cell organization and communication principles are
integrated to regulate emergent collective structure and function at the global multicellular
scale, remains unknown. Progress in this area has been confounded by the technical chal-
lenges of accounting for the contribution of cellular heterogeneity and the modular spatial
and temporal scales that mediate biological structure and function. I propose to fill these
conceptual and technological gaps by developing a data-driven computational framework
to model multicellular systems using networks, where the system’s “atomic” components
(e.g., cells), define vertices that are connected to one another via edges. Network analysis
will enable quantitative modeling of the modular components that lead to physiological
tissue structure and function. I will demonstrate this approach with two very distinct ex-
perimental models and imaging techniques: Live cell imaging of collective cell death and
cleared tissue light sheet imaging of brain vasculature. In collective cell death, I will follow
the dynamic process of death spreading across a population, that is a consequence of an
integration of autonomous and non-autonomous (i.e., environment-dependent) cell death
decisions. In preliminary results I developed and applied are new spatiotemporal quantifica-
tions to provide more insight on a specific mode of iron-dependent programmed cell death
called ferroptosis. The cell death network will be modeled from cells as vertices and close
spatiotemporal deaths as edges. In the brain vasculature, I will characterize the structure
of the blood vessels network in Glioblastoma brain tumors and correlate the localization of
tumor and microenvironment (e.g., immune) cells in relation to local network structures and
disease state. The vasculature network will be modeled from bifurcations as vertices and
vessels’ sections between bifurcations as edges. In both systems I will quantitatively assess
the effects of recurring local spatiotemporal patterns (Motifs) distributions, which form an
intermediate scale of modularity, on global functionalities and mechanisms. Finally, I will

develop and release a software that will enable others to use the methods I developed.



2.1 Research Plan

Every living organism, from the single cell amoeba to humans, is composed of numerous
individual cells that work together to achieve certain functions. Multicellular organisms are
built from modular components that cross scales, from a single cell, through a tissue to a full
organism (Fig. A). In each of these scales, local components interact with one another,
and the integration of their local interactions lead to emergent group organization and/or
function. Some examples include proper organelle-organelle interactions and organization
that are required for proper cell function, and cell-cell interactions that are required for
effective collective cell behavior. In my research I am aiming at building the computational
infrastructure toward bridging such scales. Specifically, quantitatively characterizing how
local interactions between components at one scale (e.g., individual cells) propagate and
integrate across time and space toward organization/function at a higher scale (e.g., tissues).
Importantly, the traditional approach of perturbing cells and measuring alterations in the
collective response cannot explain the bottom-up process of group coordination because
population averages mask single cell phenotypic heterogeneity and the spatiotemporal
aspects of information across scales. Thus I am taking a different approach of modeling
the interactions explicitly as edges in a network, and quantitatively characterizing the
network structure and dynamics (when live imaging data is available) to model the emergent
collective phenomenon as an integration of local interactions.

The propagation of cell death within a population is one example of an emergent
multicellular process. Cell death is a tightly regulated cell function that is critical for proper
embryonic development and tissue homeostasis [[53]], [[17]], [56]]. Dysfunctional regulation
of cell death can contribute to the development of degenerative diseases or cancer [96],
[77]. While most cell death programs are studied under the premise that a cell’s death
has no effect on its surrounding neighbor cells, recent studies indicated that cell death
can propagate from cell to cell across a population eliminating entire groups [75], [48],
[41], [24]], [43]]. Such collective cell death is observed in various contexts in biology, but
the mechanisms underlying it are largely unknown, due in part to a lack of quantitative

approaches to systematically follow spatiotemporal death spreading.



The brain vasculature has multiple important physiological functionalities such as trans-
porting oxygen and nutrients across the brain [58]], and regulating the movement of ions,
molecules, and cells between the blood and the brain (via the blood-brain barrier [44]).
Deformation of the brain vasculature can support the growth of Glioblastoma tumors [62],
or cause cerebrovascular dysfunction and cognitive impairment [61]. The vasculature’s
structure is composed of blood vessels that are connected to one another at bifurcations,
where blood vessels converge or diverge and proper structure is critical for proper func-
tion. The brain vasculature structure is plastic [[72]], [S4] helping the brain to recover from
damage, such as adjusting structure and directionality after an ischemic stroke to provide
additional blood flow and mitigate the damage [72].

Although these are very different, both of these systems can be computationally modeled
as networks, where vertices (single cells / blood vessels and bifurcations) interact with one
another locally to form edges (cell-cell death propagation / connecting blood vessels) to
eventually form a global structure and function (tissue / brain vasculature) (Fig. B).
These networks are characterized with strict spatial constraints on the edges (i.e., edges can
form only locally) and low ranks (i.e., small number of edges per vertex). This simplification
makes these systems attractive toward the challenging goal of quantitative characterization
of the transition from local-to-global structure and function.

Each network is constructed from small recurring sub-networks (the local scale), which
together compose the entire network (the global scale). Seminal studies established the
notion of “network Motifs” - recurring sub-networks with defined information processing
functions [11]. Motifs detection is a well established methodology to investigate and charac-
terize complex networks [72], [20], [11]], [37]. The algorithms used to detect motifs can be
partitioned into two major categories and within them, several subcategories: Deterministic
motif detection algorithms, where the entire network is traversed and each sub-structure is
considered as a motif candidate [21]], [13]], [8]], and probabilistic motif detection algorithms
where in each iteration a subnetwork is sampled and examined for motifs candidates [[4],
[15], [6], [S]. All motif detection methods consist of an additional step in which motif
candidates are tested for significance to test whether the motif emerges from the network’s

unique attribute or whether it’s a side-effect of the network’s basic attributes [21], [31],



all motifs candidates that pass this significance test, are considered as motifs. The same
motifs were characterized in transcription networks of multiple experimental systems and
organisms suggestive of their role as modular and universal building blocks of transcrip-
tion networks that are repeatedly selected by evolution for their biological function [20].
Similar motifs also appear in other biological and non-biological networks [14]]. T will use
known techniques from the field of data science in complex networks (e.g., social networks)
and devise novel techniques to adjust for my specific networks’ characteristics in order to
test the hypothesis that these motifs define a higher layer of abstraction and modularity in
multicellular function.

Overall, I hypothesize that in both collective cell death (Chapter 1) and brain vasculature
(Chapter 2), the spatial scales are structurally and functionally connected by intermediate
scales. Incollective cell death, I am developing a method for spatiotemporal quantification of
autonomous versus non-autonomous death (Fig. [3-1)), measuring the effects of neighboring
cell death on a cell’s decision to die (under multiple perturbations). I will also model
the spread of cell death as a network (Fig. 2-1] B top) in-order to investigate the interplay
between local patterns of cell death propagation and global population death patterns. In the
brain vasculature, [ will develop methodology to characterize network properties at multiple
spatial scales and apply it to characterize different brain regions (Fig. B, bottom). Once
the methodology is established, we will move to a human Glioblastoma (GBM) system,
where I will correlate the localization patterns of tumor and the environment cells to local
patterns in the vasculature network. Analysis of spatial/spatiotemporal networks will be

packaged as easy-to-use software to enable broad applicability across fields (Chapter 3).
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Figure 2-1: (A) Illustration of the hierarchical structure of multicellular organisms. Single
cells (left) compose tissues (center) which in turn compose an entire organism (right).
(B) Modeling of cell death (top) and brain vasculature (bottom) as a network/graph data
structure. Top - the vasculature (middle) itself is segmented from the entire light-sheet 3D
scan (left) and modeled as a graph with vessels bifurcations as vertices and vessels as edges
(right). Bottom - timelapse of cell death (left) are annotated with each time and location of
individual cell deaths (middle), and then modeled as a graph where each cell is a vertex and
neighboring (in space and time) cells’ deaths are connected by edges.



3. Chapter 1 - Spatiotemporal Characterization of Cell
Death Spreading

3.1 Background and related work

Multiple regulated mechanisms of cell death can occur in metazoan tissues including
programs called apoptosis, entosis, necroptosis, pyroptosis, and ferroptosis 21[40]. While
the death of an individual cell is typically considered to occur as an isolated, autonomous
event, recent observations have shown that the death of individual cells can also have effects
on neighboring cells, and in this manner affect entire cell populations [64], [75], [48]], [41],
[83[l, [74]l, [S9ll. Thus, cell death programs can be characterized as autonomous, where cells
die regardless of their environment, and/or non-autonomous, where cell death is influenced
by the environment. Cell death through entosis, for example, involves cell killing activity
of one cell directed against a neighboring cell [24]], [43]], [45]], [59] Another example is the
programmed cell death called Ferroptosis, where a cell is more likely to die if cells around
it died recently [[75]. Another example of cell non-autonomous death involved apoptotic
cells inhibiting death of cells in their vicinity via cell-cell propagation of ERK signaling
[871, [98], [84], [46].

The mechanisms underlying the coordination of death on a population scale are largely
unknown, due in part to a lack of quantitative approaches to measure the spreading of
death across tissues. Moreover, evidence for cell to cell interaction and communication
during cell death is progressively accumulating [46]], emphasizing the need for methods
to quantify the spatial propagation and spread of cell death in a tissue. Current methods
quantify the fraction of dead cells in static snapshots or over time [[51], [93]]], ignoring
the spatial contribution to death spreading. Researchers use the Lag Exponential Death
(LED) model [55], [51]] to extract the onset and maximum rate of cell death in time and
compare it between phenotypes and perturbations. More advanced methods were recently
developed to characterize different cell death programs: Measuring the effects of treatments

combinations on cell death, termed kinetic modularity profiles [88]], which researchers



used to find treatments that accelerated or delayed ferroptosis cell death spreading, and
supervised machine learning classification models that automatically distinguish apoptotic
from ferroptosis cell death [81]. Although beneficial, these recent methods do not quantify
the spread of death in a tissue, and focus either on improving the experimental setup (e.g.,
mixing treatments or using novel biomarkers [[89], [97]), or on a single cell level analysis
(e.g., morphological feature extraction [70]) to characterize the behavior of the single cell
without taking into account its local environment.

Recently, our lab introduced the Spatial Propagation Index (SPI), a measurement that
relies on the difference in death timing of adjacent cell pairs to estimate the likelihood of
non-autonomous cell death. SPI was shown to distinguish between autonomous-dominant
(apoptosis) and non-autonomous-dominant (ferroptosis) cell death programs [75]. However,
SPI does not encode the full complexity of cell death spreading across a population. For
example, SPI does not differentiate between a cell that dies surrounded by multiple dead
cells, and a cell that dies with only one dead cell in its local environment, as it does not
consider the local environment of the cell as a factor. I am proposing a more comprehensive
view, in terms of spatiotemporal quantification, of collective cell death. This includes
explicit quantification of a cell’s autonomous death and of the cells’ local environment. My
preliminary results demonstrate that these measurements can distinguish between different
modes of Ferroptosis and provide more insight regarding mechanism driving cell death

spreading across a population.



3.2 Data

We are collaborating with Mike Overholtzer from Memorial Sloan Kettering Cancer Center,
who is studying mechanisms of cell death. My preliminary results rely on existing data
from the Overholtzer lab that were published in [75]]. These include time-lapse imaging
of ferroptosis, apoptosis and necrosis induced experiments with multiple cell lines and
treatments (Tables [3.1] [3.2). The temporal resolution was optimized for each cell type
and inducer independently and ranged from 5 to 60 minutes per frame. The raw data was
manually annotated, where each cell death event was labeled with its Time of Death (TOD)

in minutes after the experiment’s first observed cell death.



Treatment name

Function

Induced cell
death program

C’ Dots Observes iron and distributes it in live cells , causing | Ferroptosis
ferroptosis [35].
FAC&BSO FAC - a combination of 3 cancer chemotherapy | Ferroptosis

medicines. BSO - reduces levels of glutathione and is
being investigated as an adjunct with chemotherapy in
the treatment of cancer.

FAC&BSO +

PEG (polyethylene glycols) inhibits rupture of cell

Ferroptosis  with

PEG1450 membrane (1450 is the molecular weight). inhibited cell rup-
ture
FAC&BSO + | PEG inhibits rupture of cell membrane (3350 is the | Ferroptosis with
PEG3350 molecular weight). inhibited cell rup-
ture
Erastin Erastin activates voltage-dependent anion channels. | Ferroptosis
Cells treated with erastin are unable to synthesize the
antioxidant glutathione.
ML162 Disables cells ability to synthesize the antioxidant glu- | Non propagative
tathione ferroptosis [75]
superKillerTRAIL| Enhanced ligand with improved stability providing | Apoptosis
significantly enhanced immune activation.
H202 Oxidizing agent that produces free radicals, leading to | Necrosis
oxidative damage to proteins and membrane lipids.
TNF+SMAC+zVADINF - leads to pathways to cell survival, differenti- | Unknown
ation, and proliferation. SMAC - caspase activator
shown to promote apoptosis. zZVAD- considered as an
anti-apoptotic promoter [[86].
Table 3.1: Treatments used. Source: PubChem
H Cell line Description Used with treatments
B16F10 Melanoma mouse cell line C’ Dots
MCF7 Human breast cancer cell line FAC&BSO, ML162,H202
U937 Human histiocytic lymphoma cell line FAC&BSO,
TNF+SMAC+zVAD
MCFI10A Human non tumorigenic epithelial cell | FAC&BSO,
line superkillerTRAIL
HAP1 Cancerous human cell line FAC&BSO, Erastin, MLL162,

PEG1450, PEG3350 [[75]

Table 3.2: Cell lines used in experiments
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3.3 Methods and preliminary results:

3.3.1 Differential death spreading dynamics due to altered fraction of

autonomous cell death in ferroptosis

Current quantification methods measure cell death spreading without considering the spatial
context of the cells’ local environment. Our previous measurement of the Spatial Propa-
gation Index (SPI) discriminated between apoptosis and modes of propagating ferroptosis,
but was not able to distinguish between different modes of ferroptosis (Fig. [3-TA). SPI
quantifies the non-autonomous propagative component in cell death spreading, or to what
extent cells are affected by the death of their neighbors. However, SPI misses to quantify
the cell autonomous component of spreading, what fraction of the overall death occurs
independently of the cells’ local environment. Thus, I propose the Nucleation Index (and
its complementary Propagation Index) as a measure for autonomous cell death.

Voronoi tessellation [10] was used to determine the cells’ neighbors under a param-
eterized distance constraint of ¢ (Fig. [3-1B, orange bar, in all results 6 = 50um). A
cell death is considered “autonomous” or “non-autonomous” according to its neighboring
cells’ death times. More specifically, at each time point, we defined 3 disjointed groups
of cells (Fig. [3-IB): (1) Dead cells (green). (2) Nucleation candidates - neighbors to live
cells (blue contour). (3) Propagation candidates - neighbors to dead cells (Fig. [3-1B, red
contour). When a nucleation candidate dies (Fig. [3-1B, blue dashed contour), we consider
its death (termed nucleation event) to be autonomous and term the cell as a nucleator. If a
propagation candidate dies (Fig. [3-IB, red dashed contour), we consider its death (termed
propagation event) to be Non-autonomous and term the cell as a propagator. The fraction
of propagators of the total population of cells is termed the Propagation Index and the
fraction of nucleators of the total population is termed the Nucleation Index, both indexes
are complementary and amount to 1. It can not be determined that an autonomous death
event is truly autonomous and did not occur, for example, from diffusive death factors
secreted by other cells. Therefore, the Nucleation Index is a lower bound to the actual

fraction of autonomous death in the population, and accordingly, the Propagation Index, is
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an upper bound for non-autonomous death. It is important to note that the nucleation index
does not correlate to the overall rate of death, as it is indifferent to the magnitude of time
passed between cells death. For example, two experiments with different nucleation index
scores can have similar, if not identical, rate of death. Consider experiment A, which is
characterized with low nucleation index and fast cell to cell death propagation, compared
to experiment B, with a nucleation index double the nucleation index of A, but half its cell
to cell propagation speed. Intuitively, both characteristics cancel each other out in terms of
the overall rate of death difference between A and B.

The SPI and the nucleation index, together, provide a more coherent representation
of cell death spreading. SPI provides a quantitative readout for the magnitude in which
neighboring cells affect the non-autonomous death decision, going beyond the fraction of
non-autonomous cell death measured with the propagation index. While the SPI and the
nucleation index are inherently correlated, their 2D landscape shows more information than
a pure correlation (Fig. [3-1|C). In agreement with [75]], apoptosis induction is characterized
by high nucleation index and low SPI (Fig. [3-IC, blue contour) while ferroptosis is
characterized by low nucleation index and high SPI (Fig. [3-1|C, red contour). Interestingly,
the nucleation index of non-propagative ferroptosis (ML162 - reported in [75] and shown
in Fig. , green contours), was characterized with intermediate SPI and nucleation
index values compared to apoptosis and propagative ferroptosis. These results suggest that
ML162-induced ferroptosis is not entirely a non-propagative mode of ferroptosis.

SPI can not conclusively distinguish between different modes of propagative ferroptosis.
Specifically, when examining the subset of fast spreading ferroptosis experiments, those
imaged with temporal resolution of at least 15 minutes per frame, we identified that erastin-
induced ferroptosis is characterized by a significantly (Mann-Whitney U test [29] with
alpha=0.05, p-value<0.0002) smaller fraction of autonomous death compared to other

modes of ferroptosis (Fig. 3-1ID, red contour).
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Figure 3-1: (Caption next page.)

3.3.2 Quantifying the role of the local environments

SPI and the nucleation index ignore the volume of death, i.e., the numbers of dead cells
in a cell’s local environment, and the time that passed between neighboring cells’ death,
hampering our ability to sensitively distinguish between different modes of cell death.
For example, consider cell rupture, where the membrane ruptures and the cell bursts,
spreading its intracellular content, is upstream of ferroptosis death [65]], [50], [68]. We
previously showed that ferroptosis occurs through an osmotic mechanism and propagates

independently of cell rupture [[75]]. Specifically, treatment with polyethylene glycols (PEG)
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Figure 3-1: Nucleation index - (A) SPI scores of propagating ferroptosis induced experi-
ments (red contour), necrosis and apoptosis induced experiments (blue contour), and non
propagative ferroptosis induced experiment (green contour), adapted from [75]. (B) Nu-
cleation and propagation indexes calculation illustration - in time frame T (left), dead cells
(green) neighbor, constrained by ¢ = 50um distance (Orange bar) cells are considered
propagation candidates (red contour) and the rest of the cells, excluding dead cells, are con-
sidered nucleation candidates (blue contour). In time frame T+1 (right), each propagation
candidate which died (red dashed contour) is considered a propagator and each nucleation
candidate that dies (blue dashed contour) is considered a nucleator. (C) SPI about Nu-
cleation Index of ferroptosis, apoptosis and necrosis induced experiments - Each scatter
point is an experiment (treatment in legend), mainly non autonomous death with low nucle-
ation index are ferroptosis induced experiments (red contour) and mainly autonomous death
with high nucleation index are apoptosis and necrosis induced experiments (blue contour).
ML162 experiments, inducing non-propagating ferroptosis death with nucleation index in
between nonautonomous and autonomous death experiments scores (green contours). (D)
SPI about Nucleation index of ferroptosis induced experiments with a temporal resolution
of 15 minutes between frames - Erastin (red contour) is clustered (red contour) separately
from the rest of the propagative ferroptosis induced experiments with two outliers. The
erastin experiments’ nucleation index scores are significantly different from the rest of the
treatments’ experiments (Mann-Whitney U test [29] with @ = 0.05, p — value < 0.0002).
Scatter markers and colors are identical to the ones in C.

inhibited cell rupture, and reduces the speed by which the death wave propagates through
the tissue. However, SPI and the nucleation index were not able to distinguish between
PEG-induced to other modes of ferroptosis (Fig. [3-1ID, blue dots). To overcome these
limitations we propose a more explicit measurement for the environment death state. For
a given cell at a given time frame, we recorded the number of dead neighboring cells and
the time passed from the most recent death of a neighbor (Delta Time Of Death, ATOD).
For example, in Fig. [3-2JA, the environment death state of the cell marked in orange
includes four dead neighbors and 3 time frames since the most recent neighbor’s death
(cell labeled “dt3”). For each such environment death state, we calculate the probability
of a cell to die in the next time frame. These probabilities were normalized in relation to
experiment-specific null models derived from 1000 randomized permutations of the same
cells’ time of death. The Non-Randomality Factor for a given environment death state
was defined as the ratio between the simulated and the observed likelihood for cell death

(Fig. 3-2A bottom). The more cells’ death in a population is composed of autonomous
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death, so will the non-randomality factor be closer to 1. Conversely, the more cells’ death is
nonautonomous, the higher the non-randomality factor will be and further then 1. In general,
the higher the non-randomality factor of a specific environment (described by ATOD and
the number of dead neighboring cells), the more nonautonomous a cell’s decision to die (in
that environment). In ferroptosis experiments, where nonautonomous-dominant cell death
is the main component, on average, the non-randomality factor decreases with larger values
of ATOD and number of dead neighbors because this reflects situations where more cells
in the population are dead, the probability of the remaining live cells to die increases, and

thus is less dependent in environment death state.

3.3.3 Nonautonomous death dominance is indifferent to cell rupture
inhibition
The non-randomality factor was calculated for ferroptosis induced experiments with tem-
poral resolutions of 15 minutes between frames, considering an environment of ATOD
ranging from 15-75 minutes and 1-5 dead neighbors. Ersatin-induced ferroptosis experi-
ments were characterized with high non-randomality factors, especially for a single dead
neighboring cell, providing further support for the dominant role of non-autonomous cell
death in ferroptosis (Fig. @B, left). FAC&BSO treatment, which increases the iron
peroxide concentration in cells and promotes cell membrane rupture, induces ferroptosis
with high non-randomality factor scores similar to Erastin, but smaller in magnitude (Fig.
[3-2B, right and center). Although [75] showed that rupture inhibition with PEG in addition
to FAC&BSO treatment results in slower propagation of death in the entire tissue, com-
pared to only FAC&BSO induced ferroptosis, PEG treated cells with their rupture inhibited
demonstrate similar non-randomality factors scores (Fig. [3-2B, right) to only FAC&BSO
treated cells. This suggests that the upstream of propagative death is completely not de-
pendent on cell rupture in the context of the local cell to cell death propagation, but may
be dependent in the population scale. My hypothesis is that a cell death rupture releases
iron peroxide particles (and perhaps additional ferroptosis inducing substances) to distances

further than the cells immediate neighboring cells, the rupture effects will not be captured
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by the non-randomality factor, but will increase the overall rate of death. Therefore, density
(of the entire population or local crowded clusters of cells) directly relates to the fraction
of cells that are hit by cells’ inner particles upon rupture, requiring additional experiments

perturbed in population global and local densities.

3.3.4 ML162 induced ferroptosis propagates in a non-autonomous

manner in the short temporal term only

ML162-induced ferroptosis and necrosis induced by H202 experiments (Fig. 3-2]C). H202
experiments’ non-randomality factor scores were calculated as a control measurement (Fig.
[3-2C, left): If an experiment’s non-randomality scores are similar to the H202 experiment’s
score, the experiment can be considered as autonomous death dominant and vice versa.
ML162 experiments’ non-randomality scores (Fig. [3-2|C, right) are higher than H202 and
show patterns more similar to FAC&BSO and Erastin experiments’ scores. Not captured by
the nucleation index and SPI, cells treated with ML 162 increase their immediate neighbors’
probability to die to a limited extent, mostly within the immediate time frame after cell death
(Fig. B, right, low ATOD and low number of dead neighbors) and with no apparent accu-
mulation of the death signal (i.e., a single dead neighbor is sufficient to trigger propagating
cell death). This shows that MLL162 contains a significant, short term and distance, non-
autonomous death component, and is not fully non propagative as [75]], [81]] results suggest.
Therefore, MLL162 should be more thoroughly examined in terms of non-autonomousity of

cell death.

3.3.5 Diffusion and not cell to cell communication drive propagation of

death in rupture inhibited and non ruptured inhibited ferroptosis

SPI, nucleation index and the non-randomality factor consider the relations between cell
death and its immediate neighbors. To investigate the propagation of death beyond the
immediate neighbors level, a quantification method which considers the relations between
cells and further, more topologically distant cells. By measuring these relations from a

distance, the spatial extent of the death signal, caused by each different treatment, can be
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Figure 3-2: (Caption next page.)
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Figure 3-2: Non Randomality Factor - (A) Non-randomality factor calculation illustration -
in each time frame T, each cell probability to die given a specific environment, characterized
by ATOD (the time passed from last neighbor death) and number of dead neighbors, is
calculated to form the cell death probability map. Cell i marked in orange contour has 4
dead neighbors with the last one dying dt3 (i.e., 3 time frames) before the current frame.
Cell i’s probability to die is marked by orange contour on the heatmap. All cell death is
randomized (for each experiment separately) 1000 times and the average factor between
random death probability maps and the true experimental probability map is the Non
Randomality Factor map. (B) Erastin, FAC&BSO and FAC&BSO+PEG induced ferroptosis
non-randomality maps of sample experiments - in all propagative ferroptosis experiments
the non-randomality factor of cell death increases as the number of neighbors increases and
ATOD increases. (C) Non propagative ferroptosis induced by ML162 (right) and necrosis
induced by H202 (left) non-randomality factor maps - necrosis non-randomality factor map
values are all around 1 with a standard deviation of 0.08 suggests completely autonomous
death regardless of the number of dead neighbors and ATOD values. ML162 induced non
propagative ferroptosis non-randomality factor map values are higher than expected from
a non propagative ferroptosis (which should be composed of mainly autonomous death),
which suggests that MLL162 induced ferroptosis is composed of a larger component of
non-autonomous death than expected.

more thoroughly understood. As rupture inhibited cell death (by PEG) induces overall
slower rate of death [[75]] but does not affect local death spreading speed (suggested by our
previous results), quantifying the distance by which this observed behavior switches (from
fast to slow) is of paramount importance.

Therefore, I propose a method to measure the spatial extent of the effects of cell death
on its mid scale environment, termed Death Propagation Spatial Extent. For each cell that
dies, termed the Nucleator cell (Fig. [3-3A, green cell in Frame 1), 3 disjoint groups of
close (in terms of topology and distance) cells are defined as 3 different levels of neighbor
cells: (1) LLayer I- cells that are neighbors according to the previously defined neighbors
constraint (Fig. [3-3]A, blue contour). (2) Layer 2 - cells that are neighbors to layer 1 cells,
excluding other layer 2 cells and the nucleator cell (Fig. [3-3JA, green contour), (3), Layer 3
- cells that are neighbors to layer 2 cells excluding other layer 3 and layer 2 cells (Fig. 3-3A,
orange contour). Then, for each frame T (in each experiment), we calculate the overall
likelihood of a cell in a given layer to die in the consecutive time frame 7' + 1. For example,
in Fig. [3-3JA, frame 2, dead cells in the blue contour had a likelihood of 0.4 to die in time

frame T. The likelihood averages are then calculated for the entire experiment for each layer,
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providing a measurement on the spatial extent that the death signal propagates through the
population of cells close to dying cells (but neither local nor global).

The spatial extent of death signal propagation was quantified for each ferroptosis ex-
periment in each time frame and averaged throughout the experiment (Fig. [3-3B). If a the
probability to die in a layer of neighbors is higher than another layers’ probability, it means
that the nucleator cell affected cells in the first layer more than the second. For example,
in all ferroptosis experiments, layer number 1 is more affected than layer number 3 and has
higher probabilities to die (Fig. [3-2B, top right). Interestingly, it seems that the death signal
is not bounded by the immediate topological neighbors (layer 1) of the nucleator cell, as
the average probability of a cell from layer 2 to die is larger than the probability of a cell
in layer 3 (Fig. [3-3B, bottom left). This suggests that the death signal is not transferred
(or communicated) from one cell to another (as a relay race of sorts). This result concedes
with the chemical and physical pathway of ferroptosis induced death as it is a cascading
death program causing cells to rapture and spread the iron peroxide (which promoted the
cell death in the first place) to its environment, regardless of whether cells exist between
the affected cells and the initiating cell or an empty space. PEG seems to have no effect on
the spatial extent of propagating death, its experiments’ cells have increasing probabilities
to die the closer they are to the nucleator cell (Fig. [3-4B, red “x”s and purple dashes
“-), similar to cells in other ferroptosis induced experiments. As the nucleator cell and
its layers’ cells relations are not influenced by the inhibition of cell rupture (by PEG) and
have similar probabilities to die as non-rupture-inhibited cells across layers, the hypothesis
that cell death’s upstream channel is not mainly (or at all) via the membrane rupture and

spreading of cell content is further reinforced.
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Figure 3-3: Death Propagation Spatial Extent - (A) A nucleator cell (green cell in frame
#1) mid scale environment is partitioned into 3 disjoint levels of neighbors: level 1 (blue
contour), level 2 (green contour) and level 3 (orange contour). The nucleator cell initiates
a death wave that propagates to its neighbors. In the next time frame, cells from both layer
1 and 2 die (green cells). (B) Ferroptosis induced experiments - The mean probability
of cells to die when part of a level neighbor group of a nucleator cell. Top left - layer 2
cells probability to die about layer 1 cells probability to die, cells at level 1 have a higher
likelihood to die in the subsequent frame (of the nucleator death) compared to level 2. Top
right - layer 3 cells probability to die about layer 1 cells probability to die, cells at level 1
have a much higher likelihood to die in the subsequent frame compared to level 3, suggesting
a decaying diffusion of the propagating death signal. Bottom left - layer 3 cells probability
to die about layer 2 cells probability to die, cells at level 2 have a slightly higher likelihood
to die in the subsequent frame compared to level 3, suggesting that level 2 neighbors are
affected by the nucleator only at the subsequent frame.
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3.4 Future work

3.4.1 Automatic cell death annotation pipeline

Our preliminary research relied on manual death annotations. This is not sustainable with
our planned future experiments. Thus, I will develop an automated cell death analysis
pipeline. This will rely on cell segmentation and tracking using state of the art software
and will be verified by our collaborators by sampling experiments annotations and visually
validating their correctness. For the segmentation, tracking and validation, I will use Track-
Mate software package [95] with custom post processing scripts (to convert segmentation

annotation to death events annotations).

3.4.2 Quantification of density effects on collective cell death

Our preliminary results suggest that diffusion of secreted factors is involved in collective
ferroptosis. Diffusion-driven cell death would be more effective in dense cell cultures.
Furthermore, recent literature suggests that cell-cell death propagation is influenced by
cell-cell adhesions [69], [60], [66], [78]]. To systematically assess the relations between
cell density and cell death the Overholtzer lab will perform and I will analyze a set of
experiments with 10%, 25%, 50%, 75%, and 100% confluency: Erastin will be used to
induce ferroptosis, as its nucleation index scores suggest low nucleation rates coupled
with fast propagation of cell to cell death signal. PEG will be used with FAC&BSO to
measure the effects of population densities on the interplay between the overall rate of death
(which PEG reduces) and speed of local propagation of death (which PEG does not affect).
ML162 ferroptosis induced experiments will be used to validate our hypothesis that the
death induced is composed of significant but moderate nonautonomous components, which
will be negligible in low densities, and more apparent in higher densities. In all suggested
experiments with higher densities, cell-cell adhesions effects on death propagation will be
thoroughly investigated, and on which of the developed methods they affect, enabling us to
deduce the component in death propagation influenced by cell-cell adhesions. I will also

define a local cell density function (to describe a cell’s local environment) and quantify cell
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death using our previously developed methods in various population densities to test our
hypothesis (Fig. [3-4A). These experiments will complete, together with the preliminary

results presented above a first manuscript describing our methodology

3.4.3 Local cell death classification by spatiotemporal patterns

In vivo cell death takes place in a heterogeneous environment, both in terms of cell types
and chemical and physical properties (such as proteins, foreign contagins, etc.). Therefore,
a specific cell death program (e.g., ferroptosis, necroptosis, apoptosis, etc.) may not be
executed by a group of cells without additional death programs occurring simultaneously
in the same tissue or even area. If medical treatment which utilizes cell death (e.g.,
cancer therapy [101]], [91], [90] and Alzheimer disease prevention [80], [92]], [85]) is to
be developed, a tool to distinguish one cell death program from another while in close
spatial proximity to one another is necessary. Therefore, together with our collaborators
from the Overholtzer lab at the MSKCC institute, experiments with a population of mixed
cell death (e.g., ferroptosis, necroptosis and apoptosis all induced in individual cells and
then mixing the cells into a single population) will be conducted. As different cell death
programs promote death in different spatiotemporal patterns [[75]], using these patterns to
distinguish between cell death programs seems straightforward. As our previous methods
do not encode spatial patterns at all, and do not capture the entire complexity of cell death
propagation in both space and time, I will transform the propagation of death to a network
representation. Networks can encode all spatial and temporal characteristics of the death
propagation. For example, ATOD and distance between cells can be embedded as edge
attributes, and the number of dead neighbors at the time of death can be embedded as a vertex
attribute. I will utilize graph-theory methods to characterize and classify cell death events
as associated with one cell death program or another. We will characterize the structure of
our existing non-mixed cell death experiments’ networks by detecting the networks’ most
prevalent recurring modular patterns, termed Motifs (Fig. 3-4B, left). Then, detecting the
same motifs in the mixture population networks, and assigning each cell with its network

motif (Fig. [3-4B, right), will enable the identification of the cell’s death program, and
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how the mixture of programs affects the homogeneous (in terms of cell death program) cell

decision making.
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Figure 3-4: Cell death future work - (A) Quantifying local and global density effects on
cell death. Top - The average of different local densities (C>A>B) about the experiments
Nucleation Index. Bottom - Various global densities experiments about their Nucleation
Index. (B) Classification of cell death programs based on the network representation motifs.
Motifs from pure apoptosis and ferroptosis networks (Left) are compared to motifs detected
in a mixture of cell death networks (Right). Similar motifs (encircled in identical colors)
are used to classify the cells’ deaths as a specific cell death program.

25



4. Chapter 2 - Brain Vasculature

4.1 Background and related work

Blood carries nutrients and cells through the vascular system in the brain. The brain’s
high metabolic requirements, combined with its low capacity to store energy precipitate
the need for a complex and intricate network of arteries, capillaries and veins [16]. Many
neurological disorders include a vascular component as part of the core cause or effect of that
disorder as previous studies found that even with minimal changes to the regular blood flow,
one can compromise the integrity of brain tissue and cause widespread death of neurons
390, 1521, [34], [25]]. To visualize and measure the structure of the vasculature, recent
studies used tissue clearing and 3D light-sheet microscopy and segment its vasculature
based on fluorescent marking or staining [12], [94]] or immunolabeling [72].

Glioblastoma (GBM), is a rare type of brain tumor, considered to be one of the most
challenging malignancies to treat [49]. Patients suffer from poor quality of life, and in most
cases, do not survive for long as the tumor spreads [47]. One of the reasons for GBM
patients’ low survival rate is metastasis spreading via the blood vessels [32], [1]]. Therefore,
associating vascular structural patterns to localization of tumor and environment cells and
to disease prognosis can help detect brain regions that are more prone to developing GBM
tumors with potential to personalized medicine.

As brain vasculature is composed of varying scales of size (from microns to several
millimeters), all organized in complex patterns, it is very difficult to methodologically
study. To that end, many recent studies have focused on methods to map the entire brain
vasculature using various techniques, while analyzing the impact of perturbations (such as
ischemic strokes, Alzheimer’s disease and simple life-style changes) on the vasculature’s
entire structure and function [67]], [94], [18]. However, to our knowledge, only few studies
have attempted to investigate the modular components from which the entire vascular

network is built from and their organization [[72].
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4.2 Data

We have an ongoing collaboration with [Stephane Pages lab from Wyss Centerjand Nicolas

Reiner lab from the Paris Brain Institute [Nicolas Reiner lab from the Paris Brain Institute)).

Our collaborators conducted tissue clearing followed by 3D light sheet microscopy imaging
of mice brains under perturbed conditions (such as ischemic stroke and cancer infliction).
The 3D imaged brain tissue was processed using the ClearMap2 pipeline [72] and the
entire vascular network of the brains was automatically segmented and annotated into a
network representation data structure. The network representation is of vessels bifurcations
as vertices, and the vessels’ sections between bifurcations as edges. The vertices and edges
are also described with attributes such as 3D coordinates, whether it is an artery of a vein
and others (see tables @ & @) Additionally, for the cancer inflicted brains, we have the
coordinates of cancer cells, which were labeled in antibodies to allow detection. Our current
data is composed of a single complete mouse brain inflicted by cancer that was used in a
previous publication of our collaborators [72] and is available to us. The brain’s network
consists of inter-connected subnetworks corresponding to >1100 brain regions (annotated by
the Allen Institute’s Atlas for mice brain regions [26]) and a total of 3,449,637 vertices and
4,896,278 edges. Our data includes 1,273,574 annotated cancer cells with their coordinates
and the brain region they are enclosed in according to the Allen Institute Atlas. Ongoing
experiments performed by our collaborators are of dissected GBM tumors from human
patients which upon completion, will undergo the same processing pipeline and will be
available to us as network data structure representations of the vascular network that exists

within and around the tumors’ tissues.

27



H Attribute name Description
Coordinates 3D coordinates (x,y,z) of edge in relation to the axis.
Axis O point is at the center of the brain tissue in
respect to the axis.
Radii The radius of the vessel encoded by the edge in um.
Artery Binary A binary variable (True or False), whether the vessel

encoded by the edge is an artery or not (meaning vein).

Atlas Annotation

The region of the brain the vessel encoded by the edge
is part of, according to the |Allen institute atlas

Distance to surface

The distance of the vessel encoded by the edge from
the surface of the brain (the outermost layer of the
brain tissue) in um.

Length

The length of the vessel encoded by the edge in um.

Table 4.1: Edges attributes in network

H Attribute name Description
coordinates 3D coordinates (x,y,z) of vertex in relation to the axis.
Axis O point is at the center of the brain tissue in
respect to the axis.
Radii The radius of the vessel’s bifurcation encoded by the
vertex in um.
Artery binary A binary variable (True or False), whether the vessel’s

bifurcation encoded by the vertex is an artery or not
(meaning vein).

Atlas annotation

The region of the brain the vessel’s bifurcation en-
coded by the vertex is part of, according to the

institute atlas

Distance to surface

The distance of the vessel’s bifurcation encoded by
the vertex from the surface of the brain (the outermost
layer of the brain tissue) in um.

Table 4.2: Vertices attributes in network
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4.3 Methods and preliminary results

4.3.1 Identifying the basic modular components of brain vascular net-

works

Brain tissue and its vascular network change and adapt to various perturbations to maintain
proper function of the brain [38]], [72]. Our collaborators previously analyzed the vasculature
network in two scales: Global, the change of entire network or subnetworks (of brain
regions), and local, which is the change in distributions of recurring submodular components
that, when combined together, create the global network. Recent studies measure the global
and local scale effects of perturbations on the brain and its vascular network, but do not
model the interplay between these scales and how global changes emerge from the small
local scale changes [63]], [33]]. To better understand how the brain vascular network changes
and assists the recovery of tissue functionality, and its connection to GBM metastasis, we
will identify and quantify the distributions of the underlying modular structures of the
vascular system, termed Motifs. Motifs detection is a well established methodology to
investigate and characterize complex networks [72], [20]], [11], [37]. These motifs are a
local structure, and compose the entire vasculature global network, thus bridging the gap
between local and global vasculature scales [11]. As a preliminary step, motifs with 4
vertices (K=4) were detected and quantified in 20 different regions of a mouse brain using
the ESU and RAND-ESU [19] algorithms. The algorithms were used as implemented in
the graph-tool [42] python package. Briefly, the algorithm samples sub-networks from a
given graph, and traverses from vertex to vertex to detect and enumerate every motif that
is present in that sub-network. Our preliminary results (Fig. [-I)), measured in a cancer
inflicted mouse brain, show that motifs have different distributions in different brain regions,
suggesting that different motifs serve different functions. In all regions, the star and relay
motifs were the most common and the more complex (structurally) motifs had varying
distributions (Fig. B-1). Some motif types appear only in a few regions (Fig. [§-1] the
Fasciculus Retroflexus region has no square motifs with crossing edges).

To assess whether detected motifs are a random structure emerging from the basic
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characteristics and constraints of the network itself (the target network) or whether they are
statistically significant in the specific network, we use a well established method of network
randomization and comparison to our target network [30[], [2]], [28]]. We used the edge-
swapping algorithm [28]] to generate 1000 random networks with the same rank distribution
as the target network, and compare the motifs’ distributions of the random network to the
target network. The motifs significance score was calculated using Z-Score significance

test with @ = 0.001 (Eq. 4.1).

finput - f;'and

Orand

Z(Motif) = 4.1)

finpur 1 the motif number of appearances in the target network, fr;nd is the motif mean
number of appearances in the randomized networks, o;.,4 1S the standard deviation of
motif appearances numbers in the randomized networks. If Z(Motif) > 2.0, the motif is
considered statistically significant [37]. The generation of random networks was performed
using the random rewiring method with no parallel edges allowed, as implemented in graph-
tool python package [42]]. Two of the most common motifs (the star shaped motif and the
relay, or straight line, motif) have consistently scored a z score of below 2, suggesting that
these motifs emerge in completely random networks, and do not represent any unique or
significant attribute of the brain region structure (Fig. example regions motifs in blue
dashed contour). However, more complex motif types do not emerge in substantial numbers
in brain regions’ networks (Z — score > 2.0), and therefore might serve or contribute
to a biological functionality of that network and represent an attribute of brain regions
network as a whole, and of each specific region (Fig. motifs in red dashed contour).
To provide a magnitude scale of differences between the motifs’ number of occurrences in
the target network and in the generated random networks, we calculated the factor between
occurrences numbers (Fig. green label above each bar). Our preliminary results show
two similar regions, in terms of their detected motifs distribution, the Fasciculus Retroflexus

and the Cuneiform Nucleus regions that are similar in their number of vertices and edges

(Fig. @-T).
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Figure 4-1: Preliminary results of motif distributions in mouse brain regions - Top left,
the distributions of motifs in the Fasciculus Retroflexus brain region (2568 #vertices, 2877
#edges). Z-score significance testing scores are in red above each motif type, asterisk marks
a significant motif (with @ = 0.001), z = inf means no occurrences of that motif has been
found in 1000 random networks generated. Factor between motif #occurrences in target
network and generated random networks in green (F' = X). Top right, a visualization of
the fasciculus retroflexus network where vertices are color-coded according to the motif
they belong to (color of motif as the color of motif in the distribution plot). Bottom left,
the distributions of motifs in the Cuneiform Nucleus brain region (#1721 vertices, #1975
edges). Z-score significance testing scores are in red above each motif type, asterisk marks
a significant motif (with =0.001), z = inf means no occurrences of that motif has been
found in 1000 random networks generated. Factor between motif #occurrences in target
network and generated random networks in green (F = X). Bottom right, a visualization of
the cuneiform nucleus network where vertices are color-coded as the motif they belong to.
Red dashed contour marks significant motifs and blue dashed contour marks non-significant
motifs.
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4.3.2 Vascular motifs and cancer cells co-localization

As GBM spreads through the brain tissue using the vascular network [73], it is important
to investigate whether GBM cells have preferred types of vessels and vascular structures
to traverse through. Here, we propose to use detected motifs’ quantification, to map the
distributions of motifs, which are a vascular structure representation, about their proximity
to GBM cells and tumors. Two example regions, the Striatum and Tectospinal Pathway
brain regions, contain 12,713 and 24 #cancer cells (respectively) annotated as within that
region. Cancer cells in both the Striatum and the Tectospinal Pathway are more prevalent in
proximity to non-significant motifs (Fig. -2 motifs in blue dashed contour). However, in
the Striatum brain region 148 cancer cells were detected in proximity to significant motifs
(Fig. -2} motifs in red dashed contour). To complement these distributions, we will map the
distributions of vascular structures encompassed within tissues that are mostly composed
of GB cells (dissected tumors, future experiments that are currently in progress). Finally,
we will develop and train a machine learning model, which will calculate the likelihood for
a subsection of a brain vascular network to contain a GB tissue/cells based on its structural

attributes.
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Figure 4-2: Number of cancer cells closest to motif type - A histogram of cancer cell
occurrences closest to motifs’ types for brain regions, and an illustration of the regions’
network below. Regions are the Striatum (17603 vertices, 17965 edges) and Tectospinal
Pathway (1867 vertices, 1760 edges) brain regions. Each motif is anointed with its z-
significance test score, where asterisk marks a significantly unique motif (with =0.001).
The majority of cancer cells in both the Striatum and the Tectospinal pathway are closest to
the simple star and relay motifs (left most motifs in each histogram).
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4.4 Future work

4.4.1 Detection of large motifs and classification of motifs functionali-
ties

We intend to expand the common small (<6 vertices) motifs detection efforts [[72] to large,
more complex detection of motifs in the brain vascular network (>10 #vertices). This will
increase the number of possible isomorphic motifs in the network significantly (Fig. #-3A).
To overcome this new constraint, we intend to conjugate several isomorphic motif types
into groups, each group representing an estimated biological function. To mitigate the
complexity which is hereditary to large motifs’ quantification (i.e., the number of possible
isomorphic motifs increases exponentially with the motif size constraint, see Fig. §-3JA
and Appendix 2: Supplementary methods), we will associate motifs’ classes to estimated
biological functionalities (Fig. [4-3B), examples include; (1) Motifs with a central vertex,
connected by a single edge to all/most other vertices (in its vicinity) can be described as a
blood distribution hub, or a star motif (Fig. #-3B, left). (2) Motifs with a linear structure with
a single in and out vertices, termed relays, that can be described as “blood highways”, where
nutrients can pass in a direct route from one point to another as shortly as possible. This
association of biological functionalities of motifs, and the conglomeration of multiple local
(in the context of the spatial motif) functionalities into a cohesive global biological effect
is differentiated from recent studies which focus on the hierarchical conjunction of local
functionalities [[79], [79]. This differentiating factor will reveal how simple and explainable
motifs (each one with an assigned biological functionality) serve brain functionalities on
the local, global and intermediate scales. These estimated biological functionalities will be
assessed with our collaborators from the Pages lab, which will provide a biologist’s point
of view and insights necessary for meaningful partitions. Then, similar motif classes (in
terms of their estimated function) will be grouped and labeled as the same function motifs
class. Finally, we will map functional motifs classes’ distributions to different brain regions

and to various regions attributes (region density, region known functionality, etc.).
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biological functional motifs.

4.4.2 Defining and identifying motifs with anatomical attributes com-

ponents in brain vascular networks

According to the motifs’ isomorphism constraint, two motifs with the same abstract structure
are considered as identical and grouped together into a single type (Fig. -4} A). This
simplifies the representation of the network’s motifs and ignores the edges and vertices
attributes, such as radii or distance to surface (see tables {.1] & [@.2), which do not affect
the abstract structure. As the brain vascular network includes large variations in attributes
values (Fig. d-4A, shows two isomorphic motifs with substantially different length of the

vessel), and as more blood flows through wider and longer vessels, ignoring the different
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motifs attributes will not allow for meaningful estimation of the relations between blood
vessels and GBM metastasis (as GBM cells traverse via the bloodstream to metastasis).
To our knowledge, in the field of network motif detection, no attempts have been made
to exacerbate the isomorphism constraints by including edges and vertices’ attributes as a
distinguishing feature between motif types.

I intend to define an attribute sensitive isomorphism function. This function will
test for isomorphism between detected motifs using both their abstract structure and their
components’ (edges and vertices) various attributes. Specifically (and as an initial step),
in the brain vascular network, vascular vessels radii and length (see Fig. [#-4A) will be
taken into account for the attribute sensitive isomorphism function. We will define motifs
attributable classes (such as based on vessels’ radii, length, artery/vein association etc.)
which are significantly different, and quantify their distributions in brain regions and region
attributes (similar to subquestion 1). In order to systematically differentiate between vessel
attributes (and to establish the significance of difference between motifs attributable classes),
we will base our classes on known and established distinct biological categories for each
attribute [23]]. For instance, in the case of vascular networks and vessels’ radii, we will
base our significance testing for whether vessel A is of the same attribute class as vessel B
on the biological distinction between vessels’ types (based on their radii, see Fig. {-4B).
Then, we will associate motifs attributable classes with functional classes and map vessels
attributes to biological functions in the context of the entire tissue (i.e., a long, wide vessel

might support higher processing requirements of higher-function regions of the brain).

4.4.3 Glioblastoma and motifs co-localization in human brain tissue:

As a fundamental part of our investigation into brains’ vascular networks, we will obtain
datasets of Glioblastoma (GBM) inflicted brains and whole dissected tumors, which will be
provided by our collaborators from the ATissue program and our collaborators. This novel
dataset will be used to analyze and detect the vascular motifs which characterize GBM
infected brain tissue. We will use all of the previously described methods on this data in

order to find correlations between GBM cells and motifs. This will enable us to characterize
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the most prune regions of the brain to develop GBM tumors and their susceptibility for future

metastasis.
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5. Chapter 3 - Generalized software framework for
spatio-temporal analysis of multi-cellular biological

networks

5.1 Background and related work

A software package to analyze multicellular networks could make the methods developed
during my thesis more accessible by others. Many bioimage analysis tools and methods are
publicly available. For example, StarDist [57], [76] for cells’ segmentation, TrackMate [95]]
for cell tracking, Napari [99] and Fiji [36] for general purpose visualization and analysis.
However, there is no designated software for analysis of spatial networks in the biological
domain. General network analysis software include Graph-tool [42]] and which are
designed for large networks (e.g., social networks) analysis by computer scientists and are

not suitable for effective use by cell biologists.
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5.2 Preliminary results: High level design of computa-

tional framework

The framework’s High Level Design (HLD) goal is to generalize the modeling and analysis
of multicellular systems as network data structures (Fig. [5-T]A). To this end, two generic
approaches are taken: (1) Data conversion - Definition of edges and vertices as described
above can be accomplished using HOF design patterns, where the user provides the (simple)
software to extract the key events and interactions. (2) Graph analysis - our framework will
support multiple graph I/0O and analysis engines such as networkX [22]], graph-tool
[42] and the quick implementation of additional engines. Most importantly, our framework
is designed with the goal to allow users to “mix and match” modular parts of known and
novel algorithms with ease, e.g., the user will be able to detect motifs using the Kavosh [27]
algorithm, while using one of the isomorphism constraint functions we developed such as

the attribute sensitive isomorphism function (Fig. [5-1B).
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Figure 5-1: Framework High Level Design (HLD) and expected user workflow - (A) HLD
of the proposed framework, a user provides image based data (temporal or static) and
defines the interactions and key events conversion functions. Three network I/O engines
are incorporated for existing networks analysis. Main module of network analysis tools
contains Motif related algorithms blocks (such as detection and isomorphism definition
algorithms), Network & graph traversal algorithms blocks (containing algorithm such as
BFS/Ds blocks (containing algorithm such as BFS, Dijkstra, etc.) and additional network
analysis components. The framework will also contain a visualization module compatible
with other visualization software (such as Napari) and a statistic module to enable statistical
significance testing of results. (B) Expected user workflow: The user chooses a combination
of algorithms from each required block/module — in the example the user selects the
Kavosh algorithm for motif detection but constrained by the Attribute Sensitive Isomorphism
(instead of the Kavosh regular isomorphism constraint) and plots the motifs distribution
histogram (using our visualization module) while testing for significant difference between
motifs distributions in time (using our statistics module). Finally, the user visualizes detected
motifs on top of original data using Napari.
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5.3 Future work

I will expand the software developed during my research to a cohesive end-to-end software
framework, providing other researchers with the tools to analyze spatial and spatiotemporal
biological networks. To enable easy adaption and use I'll design a generic framework
that can be applied to any data following the properties of: (1) key events (e.g., location
and time of cell death) and (2) interactions (e.g., distance between dying cells or vascular
vessels’ bifurcations). The corresponding networks will be used as an input to different
algorithms . We will integrate into the framework algorithms from the network traversal
field, (e.g. BFS [7]]) and flow (e.g., max-cut [3]), clustering and graph structure (e.g. cliques
detection [9]), as well as the algorithms that will be developed as part of my Ph.D. research.
The software will enable efficient comparison between multiple networks. Our framework
will be integrated as a plugin to NAPARI [99], enabling computational exploration and

visualization.
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6. Chapter 4 - Other contribution to science

As part of my undergraduate and graduate research in Assaf’s lab, I contributed to research
projects that do not relate directly to my current proposal.

I developed a new quantification and visualization method to reveal the differential
dynamics of early platelets (thrombocytes) spreading, in collaboration with Benny Geiger’s
lab [[71]]. Using these tools, we found that platelets sense the substrate on which they adhere
and spread using filopodial extensions extruding from the main cell body. We quantified
the substrate sensing process by measuring the tapping activity of the platelets extrusions
on the substrate and found significant differences in the sensing and spreading mechanisms
when platelets are seeded on Collagen IV and Fibrinogen substrates. I also developed a
visualization technique to reveal the various states of the platelet during the tapping and
sensing process.

I simulated muscle cells (myoblasts) fusion [[82], in collaboration with Ori Avinoam’s
lab. Specifically, I developed a statistical simulation and quantification pipeline which
simulates cells’ fusion mechanisms in order to verify the team’s hypotheses on the factors
that are involved in the cells’ decision making process and to which other cells they fuse to
create a multi-nucleated cell). The pipeline provided statistical inference to verify whether
our simulation’s results differ from the true behavior observed in in vitro experiments.

I wrote a chapter for the “Bioimage Data Analysis Workflows—Advanced Components
and Methods” book, published by Springer Nature [100]. The chapter describes a Matlab
based computational pipeline for the quantification of monolayer migration assays which is
based on previous software developed in the lab. I restructured the software package and
streamlined the user interface while adding several quantification scripts and visualization
tools. I also used this computational pipeline to contribute to a manuscript entitled “Dis-
secting the connection between metastatic phenotypes and Telomerase promoter mutations”

which will be released to biorxivs prior to 2023.
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