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Chapter 1

Introduction

1.1 Approaches to model cellular behaviour

Understanding and predicting how a cell will respond to an external signal is a central theme

in systems biology (Ideker et al., 2001; Hood et al., 2004; Kremling and Saez-Rodriguez, 2007).

For example, several cancer therapies are currently being used to induce apoptosis, the main form

of programmed cell death (Thompson, 1995; Fulda and Debatin, 2006; Ghobrial et al., 2005). In

cancer, cells are unable to commit to apoptosis due an imbalance of anti-apoptotic signals or the

lack of necessary machinery (Hanahan and Weinberg, 2011). Many therapeutics are designed to

regulate apoptosis (Fischer and Schulze-Osthoff, 2005). Yet, current treatments often result in

non-optimal response, resistance to the drug, or unwanted side effects (Stuckey and Shah, 2013).

Thus, being able to predict how cells will respond prior to administration is clinical relevant. This

is a dif�cult task due to the fact that the cell is complex (Csete and Doyle, 2002). There are an

extremely large number of possibilities of molecular species:� 20k genes, 40% to 60% of which

have alternatively spliced variants, an average of 2.5 post-translation modi�cations per protein,

resulting in an extremely large number of unique molecular states (Papin et al., 2005). It is these

relationships and the resulting non-linear dynamics that make predicting drug response a dif�cult

task (Huang, 2012).

Methods used to study the signaling dynamics can be broadly be classi�ed into two

categories: local simulation and global discovery Kitano (2002), summarized in Figure 1.1. The

local approach uses mechanistic models of the most important molecules and the interactions

involved in the cellular response based on extensive experimental analysis. These models are

exploratory, allowing different mechanisms to be postulated, numerically tested via simulation,

then validated by experimentation (Schleich and Lavrik, 2013; Kholodenko, 2006). If the model

is not capable of explaining the observation, this means there is knowledge missing from the
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model. Identifying what is missing is a dif�cult step. Additionally, after identifying the missing

components or interactions, the model would need to be re-calibrated and characterized. The

simulations required for calibrating and characterizing the model are already time consuming,

which is further ampli�ed with increasing the models size.

Conversely, the discovery-based global approach typically begins with the measurements of a

complete physiological system. This can be performed before and after drug treatment, allowing

the calculation of quantitative changes of the molecular species. This allows for a near unbiased

discovery of components of responsible for the response. Unfortunately, for the purposes of

mechanistic exploration, such approaches result in large, complex datasets and ultimately fail to

provide insights about molecular interactions that could drive a process.

Figure 1.1:Summary of approaches of drug response.Pros and cons of the global, global discovery driven approach
and the local, mechanistic modeling approach.

In this dissertation, I address the limitations mentioned above and introduce methods in

modeling techniques in order to better understand how cells respond to drug. I demonstrate these

advances in the mechanism(s) of apoptosis, an ideal system to study with computational modeling

due to the extensive ground work provided by previous models. First, I introduce methods to use

high throughput multi-omics data to identity components of models in section 2. The methods

introduced allow large datasets to be explored and interrogated easily with the level of detail

required for mechanistic models. I then address the bottlenecks facing mechanistic modeling by
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introducing orders of magnitude faster simulation methods in section 3.2.2 and 3.2.1, introduce

ef�cient model calibration implementations in section 3.3, and demonstrate their capabilities to

describe published models of apoptosis in section 3.4. Finally, in future directions 4.1 I discuss

how these two approaches complement one another and discuss how they can be used in the

automation of model construction.

1.1.1 Introduction to global approaches

Identifying the molecular components (proteins, RNA, metabolites) and how their interactions

give rise to a phenotypic response is a dif�cult task. To �ll in these gaps, omics studies have

become a vital tool (Aebersold and Mann, 2003, 2016). These studies typically measure and

quantify a cellular state, that is everything detectable within the cell, before and after treatment. In

this way, molecular species that are signi�cantly altered before and after drug are identi�ed for

further study. However, there are often a large number of species that are altered due to drug, so

identifying and selecting the key contributors is often hard. Multiple approaches to analyze

-omics data have been proposed with the goal to extract knowledge from complex datasets. Of

these approaches, enrichment- and network-based methods seem to provide the most insightful

analyses that can be useful for hypotheses generation and further guide experiments. Enrichment

analysis can provide relevant insights about the biological processes that are modulated when a

system is perturbed (Subramanian et al., 2005; King et al., 2003). Typically, enrichment analysis

compares the quantitative molecular pro�les from two or more experimental conditions to yield a

list of proteins that have been signi�cantly modulated by the perturbation. The list of proteins is

then analyzed and matched to ontology in databases, which effectively maps key protein hits with

speci�c cellular processes. Unfortunately, for the purposes of mechanistic exploration,

enrichment approaches fail to provide insights about molecular interactions that could drive a

process, which can be essential to generate novel hypothesis for further experimental validation.

In contrast, network analysis can generate maps between measured molecular species to generate

a node-edge graph depiction of complex cellular processes. Data-driven approaches to network
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analysis employ large datasets typically derived from multiple measurements to generateab initio

interaction networks (Omony, 2014). Topology-driven networks, on the other hand, employ prior

knowledge from (curated) databases that comprise biochemical interactions derived from

literature and provide mappings for many biochemical processes in the cell. Although these

approaches can be very powerful to explore interactions among measured species, they become

impenetrable after a certain number of interactions (i.e. the “hairball” problem) and thus obscures

possible interpretation. Methods that enable the extraction of key species involved in the cellular

response, as well as at the level of detail required for predictive modelling, are lacking and can

greatly bene�t the systems biology community.

1.1.2 Introduction to mechanistic models

Mechanistic models represent the current state of knowledge of the system (Ingalls, 2013).

Traditionally, models are constructed in a piece-wise manner, where components and their

interactions are added as need until the observation can be recreated (Albeck et al., 2008;

Le Novere, 2015). Simulations of the models provides validation of the models assumptions and

allows the prediction of the system dynamics (Schleich and Lavrik, 2013; Kholodenko, 2006;

Aldridge et al., 2006). Such approaches have been successfully applied in identifying the source

of NF-kB oscillations (Kearns et al., 2006), predicting targets to control metabolism (Bakker

et al., 1999), and identifying the source of the all-or-nothing commitment to apoptosis (Albeck

et al., 2008). A models inability to recapitulate observation informs that there is missing

information about the system. Identifying what is missing from the system is a dif�cult task.

Additionally, calibrating models to experimental data can be computational expensive, requiring

thousands to hundred of thousands of simulations (Eydgahi et al., 2013) This is because the

parameters can vary over order of magnitudes of space, leading to near in�nite number of

parameter sets that �t the model equally well (Gutenkunst et al., 2007). Finally, once the model is

�t, it can be characterized under different experimental settings (drug doses, knockdowns/outs) to

provide experimental predictions. This could result in identifying molecular species that

4



negatively affect the desired outcome (key anti-apoptotic proteins), co-druggable targets (amplify

death signal through alternative signaling pathways), or eliminate drug targets due to the models

insensitivity to changes in their concentration. Again, such analysis involves thousands of time

consuming simulations. Thus, there is a need to accelerate the number of simulations that can be

performed in order to overcome the bottlenecks in training and characterizing models.

1.1.3 Introduction to apoptosis

Apoptosis is a main form of programmed cell death (Thompson, 1995). It is vital throughout

development and its dysregulation can result in diseases such as neurodegenerative, auto immune

diseases (Lockshin, 2016), and cancer (Hanahan and Weinberg, 2011). Apoptosis induction can

be classi�ed into either intrinsic or extrinsic (Reed, 2000). Extrinsic apoptosis is activated via

external stimuli binding to surface death receptors. This binding results in the formation of the

death-inducing signaling complex (DISC) and caspase-8 activation. Caspase-8 then activates BID,

which ultimately activates BAX resulting in its translocation into the mitochondria outer membrane

(MOM).Alternatively, intrinsic apoptosis is activated via intracellular signals that activate the pro-

apoptotic BCL2 family of proteins. These proteins result in the activation of BAK in the MOM.

From there, both intrinsic and extrinsic apoptosis share downstream components. Activate BAX

or BAK oligomerize to form pores in the MOM, resulting in the mitochondria outer membrane

permeabilization (MOMP). MOMP releases cytochrome-c and smac to from the mitochondria.

Cytochrome-c binds to the apaf-1 and caspase-9 proteins, resulting in formation of the apoptosome.

The apoptosome cleaves caspase-3/7, marking the commitment to cell death. It is these activate

caspases that result in the destruction of the cell: protein degradation, DNA fragmentation, and

collapse of the cell into apoptotic bodies (Lockshin, 2016).

Since many cancer therapeutics are designed to regulate apoptosis, deciphering the response

of drugs could prove clinical useful (Fischer and Schulze-Osthoff, 2005; Ghobrial et al., 2005;

Schleich and Lavrik, 2013). A prime example is the application of mechanistic modeling of the

response of HL60 cells to TNF-Related Apoptosis Inducing Ligand (TRAIL) (Albeck et al.,
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2008; Spencer et al., 2009). When the cells are exposed to TRAIL in the presence of

cyclohexamide (a transcription disabling drug), the cells all displayed sharp, “snap action”

dynamics, however the time at which they committed to death was variable. In the absence of

cyclohexamide, some cells died and others did not. The models were able to recreate and explain

the sharp, all-or-nothing dynamics marking the commitment to cell death, however were unable to

explain or predict the heterogeneous responses outside the presence of cyclohexamide. This can

be in part due to the exclusion of necessary molecular species or interactions involved in the

response. These observations represent a gap in our understanding of apoptotic response and raise

the following questions:What molecular species are responsible for the cells response to the

drug? Why do some cells die and others don't?Answering such questions would allow us to

design more ef�cient treatments that can increase desired outcome, such as cell death; prevent

undesired side effects; and ultimately improve clinical outcomes. Thus, current models of

apoptosis must be improved. Expanding the model to include additionally species requires one to

�rst identify the species, properly incorporate them into the model, �t the new models parameters

to the experimental data, reproduce observations, and make new predictions based on the model.
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Chapter 2

Top down approaches to identify mechanism

Modelling intrinsic apoptosis is more complicated than extrinsic apoptosis. This is because

there are more ways to engage intrinsic apoptosis (such as cell cycle, DNA damage response, or

anti-proliferation signals) than engaging extrinsic apoptosis (stimulating the death receptor). This

simplicity explains the development of detailed extrinsic apoptosis models rather than intrinsic

models. However, many therapeutics (such as chemotherapy) attempt to activate intrinsic

apoptosis, creating a need for intrinsic apoptosis models. Once again, since the therapies can

activate apoptosis via multiple mechanisms, these models will need to be drug speci�c.

Constructing a model requires identifying the molecular species involved in the response to a

drug. Traditional bottoms-up models often include only the most studied molecular components

that are known to be involved with pathways involved with the drug. This narrows the scope of

possible molecules and makes it easier to construct models. However, the focus of what is known,

limiting the exclusion of molecules that may be vital. An alternative approach would be to

measure the global response, that is everything following perturbation to the cell. This would

allow a near unbiased view of the response of the cell. However, since measuring all the

components can lead to large number of changes, it makes it dif�cult to decipher what are the

most important components versus what could possibly be noise. To make things more

complicated, responses are dynamic in time, requiring the monitoring of the cell across multiple

time points (Norris et al., 2017). This makes managing, interrogating, and deciphering knowledge

from these types of datasets dif�cult. This chapter introduces methods for exploring and

extracting out the key components and trends of global measurements. The methods presented

here should enable the identi�cation of molecular components that are involved with any provided

data set, making the identi�cation of species needed for drug speci�c mathematical modeling.
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2.1 Mechanism extraction through the development of novel computational tools
2.1.1 Introduction

The cellular response to chemical perturbation manifests across multiple molecular and

macro-molecular subsystems, which can include changes in RNA transcript abundance, protein

abundance and activity, metabolic activity, and–over longer time frames–changes in DNA (e.g.

mutations). In cases of acute toxicity (seconds to days), we hypothesize that the �rst three

molecular subsystems are the principal actors, i.e. the transcriptome, proteome, and metabolome.

It is now possible to obtain deep measurements of these systems in a matter of hours using a

plethora of techniques; primarily, mass spectrometry and RNA-sequencing (Aebersold and Mann,

2003; Toby et al., 2016; Wang et al., 2009). Falling cost and technological improvements make it

feasible to obtain data from multiple platforms and time points, yielding thousands to millions of

data points from one experiment (Narayan et al., 2016; Sacco et al., 2016; Aebersold and Mann,

2016). Recent work by our labs and others have shown how these kinds of datasets can be used to

gain a systems-level understanding of cellular responses to perturbations (Norris et al., 2017;

Palmer et al., 2019). Multiple methods to analyze these datasets have emerged over the years with

the goal to translate -omics data into biological knowledge and use this knowledge to make

predictions and guide experiments. Enrichment-based methods and literature-based network

methods stand out as the most commonly used to analyze -omics data (Papin et al., 2004; Huang

et al., 2008). However, the amount of data collected to compare multiple cellular responses to

perturbations or to follow the dynamic response of cellular processes can easily surpass millions

of datapoints. Although existing tools can handle some aspects of data analysis (Wang et al.,

2017; Tang et al., 2016; Huang et al., 2007; Chen et al., 2013; Komurov et al., 2012), there is a

dearth of tools necessary to integrate emerging large -omics datasets that will integrate data from

multiple platforms and enable exploration of complex datasets to extract mechanisms of cellular

response to perturbations, necessary to guide all aspects of cell biology experimentation.

Multiple approaches to analyze -omics data have been proposed with the goal to extract

knowledge from complex datasets. Of these approaches, enrichment- and network-based methods
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seem to provide the most insightful analyses that can be useful for hypotheses generation and

further guide experiments. Enrichment analysis can provide relevant insights about the biological

processes that are modulated when a system is perturbed (Subramanian et al., 2005; King et al.,

2003). Typically, enrichment analysis compares the quantitative molecular pro�les from two or

more experimental conditions to yield a list of proteins that have been signi�cantly modulated by

the perturbation. The list of proteins is then analyzed and matched to ontology in databases,

which effectively maps key protein hits with speci�c cellular processes. Enrichment analysis can

be useful when exploring large -omics datasets to identify relevant biological processes by

matching proteins that are consistently up- or down-regulated after a perturbation. Unfortunately,

for the purposes of mechanistic exploration, enrichment approaches fail to provide insights about

molecular interactions that could drive a process, which can be essential to generate novel

hypothesis for further experimental validation. In contrast, network analysis can generate maps

between measured molecular species to generate a node-edge graph depiction of complex cellular

processes. Data-driven approaches to network analysis employ large datasets typically derived

from multiple measurements to generateab initio interaction networks (Omony, 2014).

Topology-driven networks, on the other hand, employ prior knowledge from (curated) databases

that comprise biochemical interactions derived from literature and provide mappings for many

biochemical processes in the cell. Although these approaches can be very powerful to explore

interactions among measured species, they become impenetrable after a certain number of

interactions (i.e. the “hairball” problem) and thus obscures possible interpretation. Importantly,

both methods fail when considering multiple experiments such as those comprising comparisons

across multiple treatments or multiple time points.

Given the emergence of multi-omics experiments to characterize cellular response to

perturbations, we have the Mechanism of Action Generator Incorporating Network Evidence

(MAGINE). We believe MAGINE is a timely tool to address the emerging data challenges for the

analysis of omics datasets. MAGINE departs from the approach taken by previously developed

tools by providing an exploration framework, in the Python programming language, that
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leverages existing tools traditionally used in isolation and provides a platform whereby these tools

can be used concurrently to extract biological insights from -omics data. MAGINE provides a

Pandas-based database platform for omics data integration, and provides a common interface for

enrichment based databases through the EnrichR API as well as a link to multiple network-based

analysis tools including KEGG, REACTOME, HMDB, SIGNOR, and BioGrid. We have chosen

Python as a suitable language for this exploration platform due to its ease of use, large user base,

and integration with almost 200,000 packages in the Python Package Index as of the writing of

this manuscript. In this work, we demonstrate how MAGINE can be used to integrate RNA-Seq

data, as well as multiple modalities of Mass Spectrometry proteomics to explore the response of

HL-60 cells to Bendamustine. Although it is well established that bendamustine is a

DNA-damage agent, our analysis reveals that the cellular response to the drug is far from a simple

biochemical chain of events and instead comprises thousands of biochemical interactions and

multiple cellular processes. We conclude this work by showcasing how MAGINE can be used for

the exploration of Bendamustine side-effects related to HIV-treatments and validated by recent

literature. Finally, given the Python-based nature of MAGINE, we introduce the use of Python

notebooks as a method to transparently report the full analysis of our work, suitable for members

of the scienti�c community to both, evaluate our analysis and expand on it for their own use.

Therefore, MAGINE uni�es multiple practices in the �eld onto a common sustainable platform

that enables the extraction of cellular response mechanisms from large, complex -omics datasets.

2.1.2 Results

2.1.2.1 Design and Implementation

MAGINE is a software stool for interactive analysis and exploration of multi-time point, multi-

omics cellular perturbation data. It can identify and elucidate which molecular species are involved

in differential drug response and how this response manifests in molecular and macromolecular

processes such as cell signaling, and in turn whose those processes interact. MAGINE summarizes

and visualizes large datasets and analyses ef�ciently and interactively, allowing the user to ask
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questions across biological scales and to iteratively ask and re�ne hypotheses of the data through

�exible analysis work�ows.

MAGINE is split into three main modules (Figure 2.1): data management and visualization,

enrichment analysis, and network analysis. Each module can be used independently, yet is

designed to allow easy transfer of information across modules. This is accomplished by designing

each module to have accessible outputs that can be used as input for other modules (Figure 2.2).

Brie�y, the data management module handles data analysis. Data are loaded in using a tabular,

comma-separated values (CSV) �le, with one measurement per row (seeMethods). MAGINE

stores these in anExperimentalDataclass, which provides a simple, high-level interface including

methods to access, �lter, and search these data as required. A summary of these methods is shown

in Table 2.1 and example usage can be found online or in Notebook 5.1.1).

The enrichment analysis module identi�es over-represented sets of species that share common

annotation compared to random background sets (Huang et al., 2007). MAGINE utilizesEnrichR,

which includes 120 gene set “libraries” (Chen et al., 2013; Kuleshov et al., 2016). Users provide

one or more lists of genes, which can be manually constructed or created by theExperimentalData

class (e.g. all up-regulated genes, species detected on a speci�c experimental platform), or �ltered

by time point). MAGINE automates analysis through EnrichR, as shown in Figure 2.3. The results

are stored in anEnrichmentResultclass which, like theExperimentalDataclass, including methods

to further query, �lter, and visualize enrichment terms. Terms can be compared, ranked, grouped,

and visualized with built in methods. Genes corresponding to each term can be extracted and used

to subset ExperimentalData or create subgraphs.
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Name Description

Function

load data Load MAGINE formatted csv
createsummarytable Create summary of counts per experimental method and sampleid
subset Filter data based on list of species
requiren sig Filter data to include species that were measured at least N times

Plots

heatmap Create heatmap or clustermap of species
volcanoplot Create volcano plot
volcanoby sample Create a series of volcano plots for each sample
plot species Plot scatter plots of selected species
plot histogram Creates histogram of fold change values

Properties

sig Filter data to include only signi�cant �agged entries
up Filter data to include fold change> 0
down Filter data to include fold change< 0
id list Compile a list of unique species from sample
by sample Generate list of unique species for each sample

Table 2.1: Data module

Name Description

Functions

load enrichment Load MAGINE created enrichment analysis csv
run Run enrichment analysis for list of genes across selected gene sets
run samples Run enrichment analysis for multiple lists of genes across selected gene sets
run enrichmentfor project Run enrichment for entire ExperimentalData instance
requiren sig Filter data to include species that were measured at least N times
�lter multi Filter by multiple criteria (pvalue, combinedscore, database, etc)
�nd similar terms Rank order terms by similar gene sets
�lter basedon words Filter by key words
all genesfrom df Generate list of all genes in current EnrichmentResult instance
term to genes Generate list of genes for given term
removeredundant Remove terms that are less enriched but highly similar

Plots
heatmap Find all paths between list
dist matrix Plot distance matrix of all terms

Table 2.2: Table of enrichment module functions
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Figure 2.1: The MAGINE platform. MAGINE is designed for fold change quanti�ed multi-sample, multi-omic
data. It is built around three concepts: data management, enrichment analysis, and network exploration. The modular
design allows �ow of information between the data, enrichment, and network module, allowing an iterative cycle with
varying levels of resolution. Example outputs of each module is provided in each panel.
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Figure 2.2:Example of MAGINE work�ow. Calls made by the user (in left column) and how this are handled by
MAGINE, external tools, and examples of resulting output (right column). This is a typical processing work�ow
where users desire to run enrichment analysis, construct a data speci�c network, and construct a compressed annotated
gene set network.
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Figure 2.3:Time series enrichment analysis pipeline.Automation of running enrichment analysis on multiple time
points and experimental platforms. We utilize EnrichR to access various databases. We then organize the data. This
allows us to explore the output in various ways. We can use word clouds to compress various databases to see common
terms across them all. We can also plot enriched terms over times to see trends of biological processes.
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A signi�cant problem in traditional enrichment analyses is the highly varied granularity of

terms, which can be very broad (e.g. “biological proces”), or highly speci�c (e.g. “cysteine-type

endopeptidase inhibitor activity involved in apoptotic process”). In addition, each gene often maps

to multiple terms. This introduces the possibility of redundancy of terms, which increases the total

of number of terms to explore, and hinders human interpretation of results. To address these issues,

we introduce a method that allows the aggregation of terms based on their gene content similarity

(described inMethods). The reduces the overall number of enrichment terms and their redundancy,

greatly aiding human interpretation.

A summary of functions available in the enrichment modules is shown in Table 2.2 and example

usage can be found online or in Table 5.1.3).

MAGINE's network module allows users to build, query, and visualize molecular and gene

annotation networks. A summary of the network module's methods is shown in Table 2.3 and

example usage can be found online or in Notebook 5.1.2. The network module utilizes connectivity

information from multiple databases, including KEGG (Ogata et al., 1999; Kanehisa et al., 2016),

SIGNOR (Perfetto et al., 2016), Reactome Functional Interactions (Wu et al., 2010), BioGrid

(Chatr-Aryamontri et al., 2017; Stark, 2006), and HMDB (Wishart et al., 2009, 2007). The graphs

underlying these database are merged into a “background” network, which can be used to perform

queries or construct context-speci�c networks based on a user-provided “seed species” list. The list

can be created from various sources: signi�cantly changed species, mutational evidence, literature

review, or manual curation. We iterate through the databases and add edges and nodes based on

connectivity to the seed species, shown in Figure 2.4. The resulting networks are a subset of the

background network, focused around the speci�c molecular species of interest. These networks

can be large, (> 20 000 nodes and> 100 000 edges), MAGINE users can use theSubgraphclass

to generate subnetworks based on various queries (Table 2.3). The functions enable users to �nd

paths between species or expanding networks of �nding neighbors (upstream or downstream) of

nodes of interest. Options are provided to limit the network expansion, such as setting a maximum

distance from speci�c nodes.
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Figure 2.4:Construction of data seeded network.Example set of seed species to build network (a) are search across
KEGG pathways (b). Pathways in which seed species are contained are merged (c). Next, edges between seed species
and nodes added by the KEGG pathways are identi�er (d). Finally, all nodes and edges are combined into a single
network (e).

Table 2.3: Network methods

Name Description
build network Generate network centered around provided species
createsubnetwork Creates annotated set network from enriched terms and background network
pathsbetweenpair Find shortest path(s) between pair
pathsbetweenlist Find all paths between list
pathsbetweentwo lists Find paths between two lists
neighbors Find neighbors (upstream and/or downstream) of node
expandneighbors Add neighbors of node to network
draw Draw using igraph, matplotlib, graphviz, cytoscape.js
RenderModel Create Cytoscape instance of network through py2cytoscape

Additionally, we introduce a method to create a coarse-grained network from gene sets that

we call an annotated gene set network (AGN). The AGN is motivated by the desire to combine

“big picture” information about biological processes and when they occur from enrichment

analysis with inter-process communication provided by molecular networks. This results in a

coarse-grained network, where nodes are terms and the edges are frequency of connections

between the sets of nodes in the molecular network, and a �ne-grained network, which contains

the species and the connections between them. By using both, we are able explore at a high level
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and zoom in on detail when required.

Finally, MAGINE's network module provides various tools for network visualization, allowing

users to overlay data or update attributes of the network. Users can visualize networks in Jupyter

notebooks usingcytoscape.js(Franz et al., 2015), modify acytoscapesession viapy2cytoscape, or

create a sequence of �gures of network activity throughmatplotlib, igraph, or graphviz. Networks

can be exported through Networkx, allowing users to use the networks externally.

MAGINE is implemented in the Python language, leveraging its ease of use, large open source

ecosystem, and growing presence in scienti�c applications (Pérez et al., 2011). It has been tested

on Windows, Mac OS, and Linux using Python versions 2.7, 3.6, and 3.7. It can be used within the

Python console, interactive Jupyter Notebooks, or within data processing and analysis pipelines.

We envisage the majority of users are best served through the Jupyter notebook option, and thus

we described that in the most detail and provide a tutorial notebook.

2.1.2.2 Case study: Using MAGINE to explore the temporal response of bendamustine-

treated leukemia cells

MAGINE can be utilized on a wide variety of datasets that have case/control measurements

from one or more -omics platforms. Here, we demonstrate the capabilities of MAGINE on a

recently generated dataset: the response of HL60 cells, a human leukemia cell line, to treatment

with bendamustine, a nitrogen mustard alkylating agent used for the treatment of chronic

lymphocytic leukemia and non-Hodgkin lymphoma (Cheson and Rummel, 2009). Bendamustine

is a cytotoxic agent that can induce DNA interstrand cross links (ICLs) which can prevent

replication and transcription, induce cell cycle arrest, and ultimately cell death (Leoni and

Hartley, 2011). The main goal of this study was to identify molecular species and biological

processes involved in the cellular response to bendamustine. Data were gathered across multiple

proteomics platforms and RNA-sequencing, spanning between 30 seconds and 72 hours post-drug

exposure (see Methods; Figure 2.5). The analysis is summarized and documented in Notebook

5.1.1.
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Figure 2.5:Overlap between experimental measurements.a.) Table of time points per experimental platform that
were measured for the bendamustine study. b.) Summary of number of signi�cant changed species vs detected. c.)
Venn diagram comparing ph-silac, label-free, and silac. d.) Venn diagram comparing proteomics (ph-silac, label-free,
silac) vs RNAseq.
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In total, we detected 54 818 unique molecular species across all platforms, of which 14 426

were signi�cantly changed in at least one time point upon drug treatment. For the proteomics

data, we saw 5 115 signi�cant changed species in at least one time point from PH-SILAC, 1 653

from label free, 133 from SILAC, and 736 from RNA-seq, as shown in Figure 2.5 b. Early

changes versus control (untreated) cells were detected at the phosphorylation level;

phospho-SILAC detected> 700 such changes. Phosphorylation events occurred relatively even

across all sample time points while a gradual increase of changes occurred over time at the

protein and RNA level. We calculated the overlap between species measured with each platform

as shown in Figure 2.5 c and d. The highest overlap among platforms was between ph-SILAC and

label free (643 species). However, only 88 genes were signi�cantly changed at both RNA and

protein (ph-SILAC, SILAC, and label-free) levels. A majority of proteomic measured species

were unique to a single platform (> 2 500), while 688 species were measured in at least two

platforms, and only 22 species were measured in all three platforms. Technical replicates and

statistical signi�cance suggest within-platform detection is generally reliable and repeatable, thus

the low overlap between signi�cant species changes across platforms demonstrates the value of

integrative, multi-platform analysis.

We proceeded to further analyze the dataset with a custom MAGINE work�ow (2.6). First, we

constructed a signaling network centered around the signi�cantly changed species. Next, we

performed an enrichment analysis across 52 databases for each time point and experimental

platform with the data. Each sample was arranged by up-regulated, down-regulated, and

signi�cantly changed species, resulting in 78 total samples across 12 time points and 3 change

types. In total, there were 20 758 enriched terms across the 52 reference gene sets with an

adjusted p-value� 0.05. Manual exploration of 20 758 terms is not feasible, but using MAGINE,

users are able to focus further exploration. Using theEnrichmentResultClass, we �ltered the

terms to only include ph-SILAC enrichment with the Reactome2016 reference gene set for

further analysis, resulting in 561 unique terms. Next, we required terms to be signi�cantly

enriched in 3 of 5 time points, resulting in 84 terms. To reduce redundancy of terms (e.g. `cell
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cycle', `cell cycle, mitotic'), we applied theremoveredundancymethod, resulting in 17 terms

shown in Figure 2.8. We created a heatmap of these terms to visualize their dynamics over time.

Enriched terms includecell cycle, processing of capped intron-containing pre-mrna, dna repair,

apoptosis, andhiv infection. As shown in Figure 2.8c, we are able to expand individual terms

such ascell cycleto retrieve terms removed in the compression process such asnuclear envelope

breakdown, dna replication, and g2/m checkpoints, all of which are known bendamustine

responses (Leoni and Hartley, 2011). Thus, MAGINE allows users to easily �lter and visualize

enrichment results, and to reversibly compress enrichment terms for ease of interpretation.
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Figure 2.6: Multi-omics datasets (top left) are combined with public databases (top right) to generate detailed
interaction networks (middle left) and enriched annotated gene set (AGS) heatmaps (middle right). The data-derived
network is then pruned by extracting a subnetwork around genes from high-ranking AGS terms and collapsed to
produce an annotation-level network (bottom), where each node is labeled by an AGS term and scaled according to
enrichment of that term; the width of each edge represents the number of edges between the terms. The network can
be viewed at each time point or as an animation.
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