Supplementary Material

Further reading

1. Modelling to understand complex gene circuits. One of the main motivations to go for modelling in
gene circuits is the existence of feedback and feedforward loops that give rise to non-linear, counter-
intuitive regulatory patterns which can scale to the tissue level [1]. Tyson and coworkers [2] is a
mathematical modelling-based discussion of the sometimes unexpected properties found in frequent
gene and signaling regulatory circuits. The same authors updated and extended this analysis in a more
recent paper [3] and in a cancer relevant case study [4]. The systematic use of mathematical modelling
to formalize the dynamics of intracellular circuits is not new. One can, for example, find a continuously
revised book deploying a mathematical understanding on the topic published as early as 1976 [5].

2. Cell cycle and oscillations. The cell cycle is the best-known and -studied example of a molecular
oscillatory circuit, and the Ferrell team has for years combined mathematical modelling and
experimentation to dissect its regulation [6]. Ferrell and coworkers 2011 [7] is a perfect introduction to
the way of thinking of modelers using the cell cycle as a case study to illustrate basic notions of non-
linear gene circuits. Oscillations are not only a feature of the cell cycle; modeling has been intensively
used to analyze oscillations in the inflammation-related signalling pathway NF-kB (see a recent example
in [8]).

3. Negative feedback loops and ERK signaling. The Ras-Raf-MEK-ERK cascade, a pathway linked to
cancer progression and aggressiveness, is a system enriched in feedback loop circuits [9]. In their 2010
review [10], Kholodenko, Kolch and colleagues beautifully illustrated the connections between the
molecular features of ERK signaling and their capacity to induce sophisticated cell regulation, all of it
using the modeler’s mindset. Interestingly, feedback loops can generate sophisticated regulatory
patterns even when operating at the single-molecule level [11].

4. Network Biology as the bridge between pure experimentation and pure theory. Under the network
biology paradigm, in silico determination and modeling of intracellular regulatory networks is utilized to
establish a quantitative framework for understanding the functional, logical, and dynamic aspects of
cellular systems, but also the connection between gene ensembles and phenotypes [12]. Regarding
human diseases, there are noticeable examples in the literature, in which this approach is used to

select drug combinations for treatment of diseases [13], study relationships between genes,



interactome networks, and human diseases on a systemic level [14], or predict association of genes or
genetic variants with human diseases [15,16].

5. Teaching modelling in biomedicine. If planning to introduce mathematical modelling in
undergraduate lectures, the book by E.O. Voit is an excellent introductory material based on Voit’s long

experience in teaching systems biology to engineers and biomedical researchers [17].



Table S1. Real cases of mathematical modeling in biomedicine

Mathematical models to process, assess, and analyze HTD data. Advanced statistical models are behind the
analysis of genomics data from large patient cohorts. The Pan-Cancer Analysis of Whole Genomes (PCAWG)
Consortium recently deployed a combination of biostatistics, bioinformatics, and computational biology models to
integrate information taken from 2,658 whole-cancer genomes. It barely merits mention that without intensive
use of mathematical tools this analysis would have been impossible [18].

Derivation or substantiation of hypotheses. The Gatenby team has focused for nearly three decades on
mathematical modelling to understand cancer progression and therapy [19]. In a recent paper, they took
advantage of computational modelling and game theory to substantiate the hypothesis that cancer progression
can be delayed in resistant prostate cancer treated with inhibitors of testosterone auto-production enzymes if one
considers the interplay between androgen-dependent, androgen-producing, and androgen-independent tumor
cells [20]. Further experimental data confirmed their hypothesis.

Design of experiments aiming at validating hypothesis. Model simulation and analysis can be employed to point to
variables (molecules or processes) that play a critical role in understanding the dynamics of the investigated
cellular system, in particular when the variables are difficult to track experimentally and would otherwise be
neglected. In Vera and colleagues 2013 [21], mathematical modelling describing the dynamics of tumor cells
under deregulation of a gene circuit composed of TFs and miRNAs led to the design of in vitro experiments. The
model simulations suggested that conventional anticancer drug treatment would select cancer cells displaying a
resistant genotype based on deregulation of a given TF-miRNA circuit, a prediction that was confirmed in the in
vitro experiments. Becker et al. developed a data-driven model to investigate hypothetical mechanisms that
account for dynamic processes of the erythropoietin receptor (EpoR) activation, such as receptor mobilization,
recycling, and turnover. With the help of model simulations and analysis, the authors experimentally validated that
rapid erythropoietin depletion and compensation of endocytic removal of cell surface EpoR by receptor turnover
is an adaptable mechanism for enabling cells to respond to variation of erythropoietin concentrations over an
extreme range [22].

Formal and structured description of the knowledge of a scientific field. The Meyer-Hermann team has been
modelling B cell function for a decade [23]. In Meyer-Hermann and coworkers 2012 [24], the authors developed a
comprehensive mathematical model of B cell selection, division, and exit from the germinal center. This
mathematical model is utilized to summarize current knowledge as well as to discuss new hypotheses about B cell
differentiation. The authors further employed the model to interpret key events in B cell biology and to formulate
predictions about them.

Drug discovery. The use of computational models is essential in pharmacology to quantify drug bioavailability and
distribution, and to establish secure drug dosage. But mathematical modelling can be used beyond that to predict
drug targets and design or refine drugs. In Schoeberl and colleagues 2009 [25], a team from a biotechnological
company searched for drug targets for the ErbB-PI3K signaling pathway, which is commonly subverted in solid

tumors, with quantitative computational modelling and sensitivity analysis. In a second paper eight years later,



they discussed the entire process that brought them from computer modelling to the clinical trial of an actual anti-
ErbB3 antibody.

Biomarker discovery. Khan and coworkers reconstructed a large network illustrating the role of the E2F
transcription factor family in the triggering of cancer phenotypes [26]. When they combined RNA-Seq from
aggressive cell lines and computer algorithms with the network, they isolated a core gene circuit linked to
aggressiveness. Mathematical modelling and simulation of this core circuit derived a gene signature linked to
cancer aggressiveness. The signature was subsequently validated with in vitro experiments and in comparisons
with patient datasets.

Simulation-based diagnostics. The multidisciplinary team led by Markus Morrison and Jochen Prehn has explored
for more than a decade quantitative profiling of tumor biopsies and mathematical modelling in cancer diagnostics.
Their focus is on predicting the response to chemotherapy in solid tumors by assessing the responsiveness of the
apoptosis pathway to the therapy. In their incremental efforts, they first developed biologically insightful
mathematical models [27,28], and then adapted them to a clinical setup with remarkable success [29,30].
Mathematical models to think beyond current knowledge and hypotheses. Mathematical modelling can be
employed in biomedicine in the same way as in physics, to motivate or substantiate disruptive hypotheses.
Deploying a modeler’s perspective, Nikolov and coworkers hypothesized that tumors resemble complex dynamical
systems known as chaotic attractors and elaborated the consequences of this assumption for our understanding of
cancer progression [31,32]. Further, models can help connect biological experiments and data from different
temporal and organizational scales (for a model connecting intracellular and cell-to-cell networks, see for example

(33]).
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