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results for the distribution of states, the minimum required nRM again
increases with the size of the circuit (Fig. 3¢). However, the minimum
required nRM to get the converged distribution of expressions is likely
independent to the size of the circuit as long as it is more than 7,000 (Fig.
3d). Interestingly, when the dissimilarities of states for different circuits
are scaled by the maximum number of stable states of the circuits, the
curves of the dissimilarities for each circuit overlap with each other (Fig.
S7b). The results suggest that the higher dissimilarity of a larger circuit
is due to the higher complexity of the system.

3.3 Analysis of the RACIPE-generated Data

Once RACIPE generates, for each model, the kinetic parameters and the
stable-state gene expressions, a variety of statistical methods can be
applied to analyze the data from the ensemble of models. In the
following, we will illustrate these analyses in the context of a coupled
toggle-switch circuit (CTS-Ls, with five toggle switches) (Fig. 4a). We
generate 10,000 RACIPE models, each of which is simulated starting
from 1,000 initial conditions. For each model, the maximum number of
stable steady states is seven (Fig. S1); from 10000 RACIPE models,
there are a total of 24,425 steady states. These states could be regarded
as the gene expressions of cells in a system obeying these dynamics.

To analyze the simulated gene expression, RACIPE utilizes average
linkage hierarchical clustering analysis (HCA) using Euclidean distance
after normalization of the expressions (see SI 1.5-1.8 for details). From
the heatmap (Fig. 4b), we observe six major clusters that have at least
5% fraction for each (Fig. 4c). The six major clusters, denoted by “gene
state” below, are further confirmed by projecting all steady state
solutions onto the first two principal components (PC1 and PC2) (Fig.
4d). From HCA, genes with similar functions are also grouped together.
Strikingly, the gene expression patterns of the couple toggle-switch
circuits, from the top to the bottom, correspond to a cascade of flips of
the state of each toggle-switch motif (Fig. 4b). For instance, compared
with gene state 2, gene state 5 has a flipped state in the fifth toggle-
switch motif (As and Bs).

Fig.4. RACIPE identifies robust gene states of a coupled toggle-switch (CTS-I5) circuit.
(a) Diagram of the CTS-I;s circuit. (b) Average linkage hierarchical clustering analysis of
simulated gene expressions reveals six major clusters of distinct expression patterns. Each
column corresponds to a gene, and each row corresponds to a stable steady state from a

RACIPE model. (c). Histogram of the fraction of gene expressions in each cluster. The

cutoff is selected at 5% (Red dash line). (d) 2D probability density map of the gene
expressions projected on to the first two principal components. The six gene clusters are
highlighted by the same colors as those in (b).

Moreover, RACIPE can identify the roles of individual genes in the
dynamic behaviors of the circuit by in silico gene knockouts, one gene at
a time (Fig. 5 and Fig. S11). Knocking out gene A, dramatically changes
the probability distribution of the number of stable states and probability
distribution of gene expressions, while knocking out gene As leads to a
similar distribution of the number of stable states and only one gene state
is missing. Therefore, we find that, for coupled toggle-switch circuits,
the importance of A; genes gradually decrease - A, is the most critical
one and As is the least important one. Similarity, the importance of B;
genes is in the reversed order. In addition, RACIPE can identify the
significantly differentiated parameters between two states by the
statistical analysis of model parameters (Fig. S12, see SI 1.9), which
further helps to elucidate the functions of gene circuits.
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Fig. 5. Perturbation analysis. (a) Probability distribution of the number of stable steady
states of each model. Different colors represent the results of the standard RACIPE (CTS-
1;-WT) and different knockout versions of RACIPE (CTS-I5-A;*°). (b) Probability density
maps of the RACIPE gene expressions projected on to the first two principal components.
Note, for the knockout cases, the principal components are modified to reflect the zero

expressions for the corresponding genes (see Sl for details).

3.4 Application to a B-lymphopoiesis Gene Circuit

The above example, while instructive, is only based on simple circuit
motifs. To further evaluate the use of RACIPE, we analyze the properties
of a gene regulatory circuit governing B-lymphopoiesis. This circuit was
previously proposed by Salerno et al. (Salerno et al., 2015) and analyzed
mainly by traditional nonlinear dynamics methods, such as bifurcation
analysis. Here we compare the RACIPE-generated gene expression data
with microarray gene expression profiles for B cells from the previously
published work by van Zelm et al. (van Zelm et al., 2005).
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B cells that develop in the bone marrow progress through the
multipotent progenitor (characterized by CD34'/lin’), pro-B, pre-B-I and
pre-B-II large, pre-B-II small and immature-B stages sequentially (van
Zelm et al., 2005). The regulatory circuitry for lineage specification of
hematopoietic multipotent progenitors is still not well understood. To
address this issue, Salerno et al. constructed a gene regulatory circuit
(Fig. 6a) governing B-lymphopoiesis based on literature search and
confirmed the important role of ZNF521 (zinc finger protein 521) and
EBF1 (Early B-Cell Factor 1) during the specification of B cells from the
multipotent progenitor stage (CD347/lin") to the pro-B stage (Salerno et
al., 2015). Here we apply RACIPE to the same gene network and study
the predicted gene expression patterns and how they are associated with
various stages during B cell development.
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Fig. 6. RAICPE identifies multiple gene expression states during B cell development. (a)
A proposed gene regulatory circuit governing B-lymphopoiesis, adopted from (Salerno et
al., 2015). The network consists of 10 transcription factors (TFs). Red arrows represent
transcriptional activation and blue bar-headed arrows represent transcriptional inhibition.
(b) Average linkage hierarchical clustering analysis of the gene expression data from all
the RACIPE models using the Euclidean distance. Each column corresponds to a gene,
and each row corresponds to a stable steady state. Four major gene states (clusters) are
identified from the RACIPE analysis. (c) 2D probability density map of the RACIPE-
predicted gene expression data projected on to the first two principal component axes. (d)
The microarray expression profiling of different stages during B cell development (van
Zelm et al., 2005) projected on to the same axes as shown in (c) (See SI 1.10). (e)
Comparison between experimental gene expression of various stages with in silico
clusters. Blue dots and red dots represent the Z-scores of genes from the RACIPE models
and experiments, respectively. Error bar for each blue dot represents standard deviation of
the RACIPE expression values. (f) Comparison between experimental gene expression
fold-change from stage Pro-B to stage Pre-B-I with the computed fold-change by
RACIPE.

Fig. S13 shows 10000 models are good enough to capture the robust
behaviors of the gene network for B-lymphopoiesis. The stable steady
states from all models form four major clusters, that correspond to the
stages CD347/lin, pro-B, (pre-B-I, Immature-B) and (Pre-B-II large,
small), respectively (Fig. 6b-d). We further compare the microarray gene
expression profiles with data generated by RACIPE. Even through there
is only one sample in each stage from (van Zelm et al., 2005), the trend
of the gene expression predicted by RACIPE agrees well with that from

experiments, especially the comparison between cluster 1 and the
CD34"/lin" stage and that between cluster 3 and the Pre-B-I stage (Fig.
6e). From the hierarchical clustering analysis (Fig. 6b), we observe that
there is a ‘switch-like’ change in the gene expression pattern from the
stage pro-B to pre-B-I, as also shown in Fig. 6¢. To test the prediction,
we extract the microarray data of pro-B and pre-B-I and analyze the fold-
change of the regulators in the circuit. Strikingly, the microarray data
shows the down-regulation of TF ZNF521, FLT3, IL7Ra and PU.1 and
up-regulation of CD19, E2A, PAX5 and EBF1, which validates the
prediction from the RACIPE analysis (Fig. 6f). In summary, RACIPE is
able to provide a rich source of information from the regulatory circuit of
B-lymphopoiesis and potentially capture the gene expression features of
various stages during B cell development.

Although we observe agreement between in silico clusters by
RACIPE and microarray data of various stages in B cell development,
we might not yet be able to generate all information regarding the paths
of B cell development. The reasons are at least two-fold. First, the result
by RACIPE is highly dependent on the topology of the gene circuit and
there might be important genes/regulations missing in the current circuit
due to insufficient knowledge from available data. Second, due to the
very limited number of experimental samples, i.e., one in each stage, the
comparison with clusters by RACIPE might be inaccurate. However,
with even the limited information, RACIPE has been shown to capture
the change of multiple master regulators across various stages during B
cell development. Further study including construction of a more
complete regulatory circuit for B cell development and measures of gene
expression of more samples at various stages is needed to fully
understand the state transitions of B cell progression.

4 Discussion

In this study, we introduced a new tool based on our recently
developed computational algorithm, named random circuit perturbation
(RACIPE). Unlike traditional circuit modeling approaches that rely on a
particular set of parameters, which might introduce incomplete or biased
results, RACIPE generates an ensemble of models with random kinetic
parameters, simulates the dynamics of these models by solving ODEs,
and statistically analyzes the results. With this randomization approach,
RACIPE can identify the most robust features of a gene circuit without
the need to know detailed kinetic parameter values. In a sense, we
convert a traditional non-linear dynamics problem into a statistical data
analysis problem. The method has been implemented in C and will be
freely available for academic use.

To better understand the performance of RACIPE, we particularly
explored the effects of two important simulation parameters, the number
of initial conditions (nIC) and the number of RACIPE models (nRM), on
the convergence of the statistical analysis. Insufficient nIC and nRM
may lead to inconsistent results in the repeats of the same simulation.
Figs. 2 and 3 are good references for an initial guess of these parameters
and users can always identify the optimal nIC and nRM with a similar
analysis. From our tests, the time cost of RACIPE scales linearly with
the total number of parameters used in the mathematical model,
suggesting its potential use in analyzing large gene networks.

To illustrate the use of RACIPE, we applied it to a coupled toggle-
switch (CTS-Is) circuit consisting of five toggle switches, a circuit that
has an implication in coupled decision-making of multiple cell fates.
From the RACIPE-generated expression data, we identified six major
clusters by both HCA and PCA. In addition, we analyzed the role of each
gene on circuit dynamics by in silico gene knockout (Fig. 5). To further
show the predictive power of RACIPE, we applied the method on a
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published B-lymphopoiesis gene regulatory circuit. The gene expression
patterns of various stages during B cell development can be efficiently
captured by RACIPE. Notably, the fold-change of master regulators
among the stage ‘Pro-B’ and ‘Pre-B-I” predicted by RACIPE agrees well
with that from the microarray data. These results show that RACIPE can
not only reveal robust gene expression patterns, but also help uncover the
design principle of the circuit.

The capability of RACPE in identifying circuit functions using a
randomization approach reinforces the hypothesis that circuit dynamics
are mainly determined by circuit topology (Klemm and Bornholdt, 2005)
not by detailed kinetic parameters. Indeed, it is commonly believed that,
through evolution, gene circuits of important pathways should be
robustly designed to be functional (Li et al., 2004) even in a dynamic
and heterogeneous environment (Kaluza and Mikhailov, 2007). In
RACIPE, we take the advantage of this feature to interrogate the
robustness of a gene circuit by randomly perturbing all the kinetic
parameters, from which we evaluate the most conserved properties.

Although we believe RACIPE have wide applications in systems
biology, there are a few limitations of the current version. First, while all
parameters are completely randomized to generate models, some of these
models might not be realistic because some parameters are unlikely to be
perturbed in cells, such as the number of binding sites. In these cases,
incorporating relevant experimental evidences will improve the
modeling. Second, RACIPE is unique in generating data of both gene
expressions and model parameters. Although we have shown that the
parameters in models from different gene state clusters are distinct (Fig.
S11), further data analysis methods are needed to fully understand the
roles of each parameter in circuit behavior. Third, current RACIPE only
models regulatory circuits of transcription factors. However, the same
approach can be extended to model biological pathways, which typically
involves regulations of multiple types, such as protein-protein
interactions and microRNA-mediated regulations. Fourth, we currently
use deterministic ODE-based method to model the dynamics. Since gene
expression noise has been shown to play crucial roles in circuit dynamics
(Raser and O’Shea, 2005; Munsky et al., 2012), it is important to extend
RACIPE to stochastic analysis. Lastly, the quality of the circuit topology
may dramatically impact the quality of RACIPE modeling. An accurate
inference method for constructing gene circuits is especially important.
Further improvements in these aspects will greatly improve the usability
of this randomization-based approach and contribute to a better
understanding of the operative mechanisms of gene regulatory circuits.
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