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Abstract—The signal transduction network is essential for
eukaryotic cellular communication and response to environ-
mental signals, with disruptions leading to various diseases.
As our understanding of intracellular signaling expands, the
demand for computational tools that can efficiently synthesize
this information into comprehensive networks grows. To meet
this need, we developed CytoFlow, a novel computational model
designed to construct cell-type-specific signal transduction net-
works by leveraging protein-protein interaction and single-cell
transcriptomics data. Specifically, it models the network from
receptors to transcription factors as a penalized flow network,
optimized using linear programming techniques. We validated
CytoFlow’s superior precision against existing methods in re-
constructing the yeast mitogen-activated protein kinase pathway,
and demonstrated its ability to identify cell-type-specific signaling
patterns in the human prefrontal cortex and peripheral blood
mononuclear cells. In summary, CytoFlow offers a precise and
cost-effective solution for constructing detailed signal transduc-
tion networks, advancing our capacity to understand and analyze
cellular signaling processes.

Index Terms—signal transduction network, single-cell RNA
sequencing, protein-protein interaction, flow network

I. INTRODUCTION

Cellular signal transduction is a fundamental biological
process in multicellular systems, wherein environmental sig-
nals initially detected by receptors on individual cells are
propagated via a cascade of intracellular molecular interactions
[1], [2]. It allows cells to communicate and respond to environ-
mental signals to orchestrate essential cellular activities such
as cell growth, differentiation, and apoptosis [3]-[5]. These
activities are pivotal in maintaining the delicate balance of
biological systems, while aberrations in signal transduction
can lead to a plethora of diseases, including cancer, diabetes,
and autoimmune disorders [6]—[8]. The exploration of these
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pathways not only sheds light on the basic principles of
cellular function but also provides crucial insights into the
pathogenesis of a broad spectrum of diseases.

Over the past decades, several methods have been proposed
to dissect the signal transduction network, which can be
summarized into two main classes: manual curation from
published experimental results and computational reconstruc-
tion from genomic data. Many curated databases of signal
transduction pathways have summarized extensive experimen-
tal literature, leading to numerous resources for research and
education. Key products among these are online databases like
the Kyoto Encyclopedia of Genes and Genomes (KEGG) [9],
which provides detailed maps of molecular interaction net-
works, including signaling pathways. The Protein Data Bank
(PDB) offers structural data of proteins involved in signaling
processes, enhancing our understanding of their mechanisms
[10]. While such well-known databases offer invaluable infor-
mation and are warmly embraced by the scientific community,
a major problem severely limit our understanding of signal
transduction. It is impossible to experimentally validate all
possible molecular interactions. Hence, the complexity of sig-
naling pathways, involving numerous interactions and cross-
talks, can be oversimplified, potentially overlooking critical
nuances.

In addition to public data curated from previous experi-
ments, the rapid development of high-throughput sequencing
technologies has facilitated the in silico construction of signal
transduction networks [11]-[13]. Several methods have been
developed to utilize transcriptomics and protein-protein inter-
action (PPI) data for signal transduction network construction.
For instance, Steffen et al. built a likelihood model to assess
every possible network based on PPI data [14]. Zhao et al. and
Ren et al. optimized the network using bulk RNA sequenc-
ing and PPI data [15], [16]. Moreover, reaction-contingency-
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based models simulate mechanistic protein interactions from
biochemical knowledge bases [17], [18]. However, signal
transduction is highly cell-type-specific because of cell types’
distinct active proteins, functions, and environments. This
limits methods designed for traditional bulk sequencing data
from discovering the intricate variations and specific signaling
states of individual cell types.

The recent breakthrough in single-cell sequencing has rev-
olutionized the genomic field by allowing parallel molecular
profiling in tens of thousands of individual cells simultane-
ously, opening new avenues for dissecting the complexity
and diversity in cell signaling transduction [19]-[21]. As
a step forward, several recent computational methods have
been developed to construct signal transduction networks in
a cell-type-specific manner. For example, NicheNet integrates
ligand-receptor interaction and PPI with single-cell RNA se-
quencing (scRNA-seq) data to predict receptor-target regula-
tory potentials via a personalized PageRank algorithm [22].
However, the use of public PPIs ignores cell-type specificity,
failing to fully exploit the potential of scRNA-seq data.
Additionally, CytoTalk [23] and SoptSC [24] directly infer
intracellular signal transduction from receptors to target genes
based on noisy gene co-expression inferences, leading to noise
accumulation in large networks and often failing to provide
biological insights for signaling transduction.

To address these problems, we proposed CytoFlow, a novel
computational model for predicting cell-type-specific signal
transduction networks based on penalized network flow. We
assume that cellular signals are transmitted by a directed
network of proteins that start from receptors and terminate
at transcription factors (TFs). Given a baseline network con-
structed from PPI and scRNA-seq data, we model the sig-
nal transduction network with a penalized maximum flow
framework [25] based on a straightforward intuition — cells
try to process maximal information to key regulators (TFs)
using minimal energy. With this framework, CytoFlow has
three major advantages over previous methods: (i) it can
fully leverage transcriptomics and PPI data, getting cell-type-
specificity while maintaining biological significance of the
predicted network; (ii) it is highly flexible with the input
number of receptors and TFs, allowing for both single-pathway
inference and panoramic network analysis; and (iii) the size
and density of the predicted network is fully controllable.
To prove the effectiveness of our model, we benchmarked
CytoFlow against existing methods based on the accuracy of
the predicted network on known pathways with yeast PPI
and RNA-seq data. We then illustrated CytoFlow’s ability
to discover cell-type-specific signaling patterns by applying
it to human brain scRNA-seq data. Additionally, we applied
CytoFlow to scRNA-seq data of human human peripheral
blood mononuclear cells (PBMCs) to further demonstrate the
cell-type specificity of receptor-TF flows. We have imple-
mented CytoFlow as a free software! available for the commu-
nity to uncover signal transduction networks. Supplementary

Thitps://github.com/aicb-ZhangLabs/CytoFlow
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information and tables can also be found on our Github
website.

II. MATERIALS AND METHODS
A. Overview of CytoFlow

CytoFlow is a computational method for reconstructing
cell-type-specific signal transduction networks using transcrip-
tomics data. To increase model interpretability, we dissect
intracellular information processing into two distinct networks:
signal transduction network from receptors to TFs, and gene
regulatory network. Fig. 1 exemplifies the signal transduction
flow network predicted by CytoFlow, where nodes repre-
sent signal-transduction-involved genes and directed edges
represent the information flow between genes. The goal of
CytoFlow is to reconstruct the signal transduction network
based on a straightforward intuition: cells tend to transmit the
maximum amount of information with the least energy con-
sumption. This is achieved through a penalized maximum flow
optimization process, as discussed in the following section.
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5, Intermediate
Kinases §| nodes
Transcription factors \‘ ) g |
—1 Node weight / 1

==\ Flows
Target nodes

Gene regulatory network

Fig. 1. Signal transduction network predicted by CytoFlow. Signal transduc-
tion initiates from receptors on the plasma membrane and transmits through a
cascade of protein interactions. We focus on the signal transduction activities
that reach transcription factors, which have a downstream impact on the
expression of other genes through the gene regulatory network.

B. Optimizing flow network to construct cell-type-specific sig-
nal transduction network

We denote the input network of our model as G = {V, E'}
with each undirected edge (i,j) € E associated with a
weight c(; ;). The network and edge weights are derived from
PPI, bulk transcriptomics, or scRNA-seq data as described in
Supplementary Information. For a particular sample or cell
type, every node v; € V represents a gene associated with
its expression e;, and every undirected edge in E represents
a potential molecular interaction between v; and v;, denoted
as (4,7). The flow network defined upon G attributes the
bidirectional flows f;;, f;; to every undirected edge (4, j) € E.
The signs of the flows determine their directionalities. We also
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define node weight w; for every node v; € V to represent
the relative amount of protein molecules involved in the
signal transduction process. Assume that the network has N,
nodes in V = {v;}N" . We further divide the node set into
three subsets: R = {vi}f-vzrl representing NV, receptors, 7' =
{Ui}f:v:ththH representing V; TFs, and K = {ub}iv:]\z]fl
representing N, — N, — N other genes. Receptors serve as
the source nodes in traditional flow networks, while TFs serve
as the sink nodes. CytoFlow incorporates the input networks
derived from biological data that indicate the possibility of
two proteins interacting with each other (e.g. PPI and gene
co-expression networks) by optimizing a linear programming
problem to enable the information flow from receptors to TFs.
We now introduce the five components of our model.

a) Optimization objective: As mentioned before,
CytoFlow seeks to maximize the information flow in the
network while minimizing energy consumption. The total
flow in the network can be calculated by summing over
all incoming flows of all TFs, which can be written as
> vier 2(ijep Jit- We model energy consumption with
two components: node penalty and edge penalty. The node
penalty simulates the energy consumption required to translate
transcripts into proteins, while the edge penalty captures the
energy consumed in protein-protein interaction events. By
combining these components together, we obtain the objective
function in (1)

maxz Z fji*/\nzwi*)\e Z Ifiil (D

v, €T (i,j7)€E v €V (i,j)EE

where \,, and ). are parameters scaling the penalty.

b) Edge capacity constraint: We assume that the in-
formation transmitted between two proteins is influenced by
both their gene expressions and their interaction strength.
Additionally, there should not be a large flow if one of the
nodes has very limited expression. Therefore, we write the
capacity of edge (i, ) € E as ¢(; jy min{w;, w; }. To maintain
the linearity of the problem, we reformulate the capacity into
the constraints in (2).

fis Scapwi,  fif < cupwy; V@i, j) e £ (2)
¢) Basic flow constraints: The skew symmetry constraint
(3) and flow conservation constraint (4) are two fundamental
constraints of a flow network. The skew symmetry constraint
ensures the validity of the flow on each edge. The flow con-
servation constraint maintains the balance between incoming
and outgoing flows of intermediate nodes, representing the
equilibrium between their activation and deactivation.

fis + £ =0; V(i,j) € E 3)
Y =0, Viek (4)
j:(4,4)E€E

d) Node weight constraint: As node weights represent
the relative number of proteins involved in the network, we
require them not to exceed their corresponding gene expres-
sions, as formalized in (5).

0 <w; <ey; VieV (&)

e) Linearity trick: The absolute value function included
in (1) breaks the linearity. To maintain linearity of the problem,
we approximate |f;;| with f(; ;) under constraints (6). Its

—

negative gradient in the objective function ensures f; ;) to
converges to |f;;| at the optimal solution.

fig < fagy fii < fag)s

To sum up, CytoFlow models the signal transduction net-
work with the following linear programming problem:

max Z Z fji_)\nzwi_AC Z ET)

V(i,j) € E (6)

v €T (i,j)€E v €V (i,J)eE
st fig < cupwi, fig < e yw; V(i,j) € B
Z fi; =0, Vie K
j:(i,j)EE
0<w; <eg VieV
fig < fagy Fii < feag) V(i,j) € E

where f;; and w; are variables to optimize, and \,, and A,
are tunable parameters.

CytoFlow outputs the flow network and node weights in
the optimal solution after removing non-positive-weighted
directed flow edges and zero-weighted nodes (a threshold of
10~° was applied to allow for numerical errors).

III. RESULTS

To comprehensively demonstrate CytoFlow’s application
potential in various organisms and tissues, we applied
CytoFlow to three public datasets to construct signal transduc-
tion networks. Data processing and parameter selection details
can be found in Supplementary Information.

A. CytoFlow outperforms existing methods in reconstructing
known pathway

As a proof-of-concept experiment, we incorporated two
types of networks to re-construct the signal transduction
network in Saccharomyces cerevisiae: the PPl network and
the gene co-expression network derived from microarray data
[26] (Supplementary Information). Our results indicate that
CytoFlow’s reconstructed networks, using both types of inputs,
accurately reflect the documented yeast mitogen-activated pro-
tein kinase (MAPK) pheromone response pathway in Kyoto
Encyclopedia of genes and genomes (KEGG) (Fig. 2B&D vs
Fig. 2A) [9], [27]-[29].
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Fig. 2. Network visualizations and performance statistics. Node sizes and
edge widths are proportional to their corresponding weights. Genes labelled
in red are documented pheromone response pathway genes. (A) MAPK
pheromone response pathway documented in KEGG. (B) and (D) Predicted
pathways with CytoFlow. (C) and (E) Predicted pathway skeletons with NF.
(nodes that transmit less than 0.1 units of flow are omitted). (F) Predicted
network with CytoFlow given ground truth nodes.

TABLE I
NODE PREDICTION PERFORMANCE BENCHMARK STATISTICS

P
9

TPR
0.56

FPR
0.03

Prec
0.75

CytoFlow!

ILP 16 |1.00|0.21|0.63 78

PPI network

NF 15 /0.93|0.38|0.24 39

CytoFlow 11 |0.68|0.47 (0.10 23

ILP| 12 |0.75]/0.290.25 42

Co-
expression

NF 16 |1.00/0.310.30 52

Firstly, we tested the PPI network as the initial input. For
example, 9 out of 12 genes in our predicted network were also
documented in KEGG (Fig. 2A). We also benchmarked against
two existing methods using integer linear programming (ILP)
[15] and network flow (NF) [16], and found that CytoFlow
outperformed both methods in precision and false positive rate
(FPR). For instance, CytoFlow’s FPR is only 0.032, signifi-
cantly lower than ILP’s 0.63 and NF’s 0.24 (Table I). Notably,
CytoFlow’s penalty mechanism effectively reduces the size of
the output network while maintaining a high precision of 0.75.
This demonstrates CytoFlow’s ability to capture important
hub genes in the network, such as guanine nucleotide-binding
protein subunit alpha (GPAI) and mitogen-activated protein
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kinase FUS3. Beyond the visualized networks in Fig. 2B&C,
the full networks predicted by all three methods are available
in Table S1.

Next, we benchmarked CytoFlow using the gene co-
expression network as input. Fig. 2D&E show the networks
predicted by CytoFlow and NF, respectively (complete net-
works of all three methods are in Table S1). Compared to other
methods [15], [16], CytoFlow maintained the highest precision
(0.47) and the lowest false positive rate (0.1), as shown in
Table I. Ideally, CytoFlow interprets edge weights of the input
network as the interaction strength between proteins, but the
gene co-expression network provides this information at a low
confidence level. Despite this gap between model assumptions
and real data, CytoFlow can still recover 11 out of 16 ground
truth genes (marked in red in Fig. 2D), demonstrating its
ability to recover information from noisy data.

Beyond de novo network reconstruction, CytoFlow ex-
hibited predictive capability with prior knowledge. Fig. 2F
illustrates the pathway predicted when all ground truth nodes
are known, simulating scenarios where additional pathway
information is available or certain nodes are forced to be
included to elucidate their roles in the signaling pathway.

In summary, our findings confirmed that CytoFlow outper-
forms existing methods in both PPI and transcriptomics data
scenarios, highlighting its enhanced stability and efficacy in
signal transduction network reconstruction.

B. CytoFlow reveals cell type heterogeneity in human pre-
frontal cortex

To demonstrate CytoFlow’s ability to identify cell-type-
specific signal transduction patterns, we applied it to scCRNA-
seq data from human prefrontal cortex (PFC) [30]. The cell
type distribution is visualized in Fig. 3A. All major cell
types are well-separated in this dataset, indicating that distinct
signaling patterns are expected between different cell types.
As described in Supplementary Information, we selected cell-
type-specific receptors and TFs to analyze their signaling
patterns (Table S2). Their expression profiles are shown in
Fig. 3B. The low co-expression values of receptors and TFs
across different cell types highlight the cell type heterogeneity
in the human PFC.

Upon constructing cell-type-specific gene co-expression net-
works (Supplementary information), we optimized the flow
networks and calculated the total flows between each pair
of receptors and TFs. The blockwise heatmaps in Fig. 3C
illustrate CytoFlow’s ability to detect cell-type-specific pair-
wise flow patterns in the human brain. Diagonal blocks,
representing cell-type-specific receptor-TF pairs in their cor-
responding cell types, show significantly larger flows than off-
diagonal blocks. Notably, some off-diagonal receptor-TF pairs
also transmit considerable flow, such as odium/potassium-
transporting ATPase subunit alpha-3 (ATP1A3, first inhibitory-
neuron-specific receptor) and cut like homeobox 2 (CUX2,
fifth excitatory-neuron-specific TF), explained by the high
activity of CUX2 is both neuron types. These results sup-
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Fig. 3. Pairwise receptor-TF flow analysis with human brain scRNA-seq data. (A) Cell type clusters of all cells in the brain sample. (B) Expression profiles
of cell-type-specific receptor-TF pairs. Entry (¢, j) in block (m,n) indicates the geometric mean of cell type m’s specific receptor ¢’s and TF j’s expression
in cell type n. Blocks in the same row (the same receptors and TFs) share the same color scale. (C) Pairwise flows between cell-type-specific receptor-TF
pairs. Entry (¢, 7) in block (m,n) indicates the flow from cell type m’s specific receptor ¢ to TF j inferred with cell type n’s co-expression network. (D)
Gene ontology (GO) enrichment analysis p-value heatmap. Columns are GO terms. Rows are cell types, where we took as GO enrichment query the union
of all nodes predicted of every receptor-TF pair of the cell type with the expression of that cell type.

port CytoFlow’s capability to recover cell-type-specific signal
transduction patterns.

We then conducted gene ontology (GO) enrichment analysis
to functionally analyze the nodes predicted in the pairwise
flow networks [31]. The union of nodes from all pairwise
networks within a diagonal block was used as the query
gene list for GO enrichment analysis. Fig. 3D presents the
significant GO terms and their p-values of excitatory neurons
(EXC) and oligodendrocytes (OLI). As an example, synapse
is a key component of neurons, while cellular response to
nitrosative stress is a crucial function of OLIs [32]. This GO
enrichment analysis further demonstrates CytoFlow’s ability
to capture cell-type-specific signal transduction patterns.

C. Cell-type-specific signal transduction patterns in human
peripheral blood mononuclear cells

In the realm of immune system research, peripheral blood
mononuclear cells (PBMCs) are crucial elements extensively
utilized in the development of pharmaceuticals and therapeutic
strategies. We applied CytoFlow to scRNA-seq data of human
PBMCs [33]. Fig. 4A illustrates the distribution of all cells
in the dataset, and Fig. 4B shows the expression profiles
of cell-type-specific receptor-TF pairs. Unlike human PFC,
PBMC cell types are not as clearly separated. Lymphocytes
are highly developmental, with subtypes often displaying
continuous trajectories. Due to this characteristic, we expect
similar signaling patterns between closely-related lymphocyte
subtypes, such as CD14-positive monocytes (CDI4 Mono) and
CD16-positive monocytes (CD16 Mono) [34]. To demonstrate
the cell-type specificity of signal transduction, we pruned the
PBMC cell types as described in Supplementary Information.

Similar with the previous experiment, we optimized the
flows between each pair of receptors and TFs based on cell-
type-specific gene co-expression networks (Table S2). Fig. 4C
displays the flow patterns of selected cell types. Consistent
with the previous experiment, flows within diagonal blocks
dominate over those in off-diagonal blocks, confirming the
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Fig. 4. Pairwise receptor-TF flow analysis with human PBMC scRNA-seq
data. (A) Cell type clusters of all cells in the PBMC sample. (B) Expression
profiles of cell-type-specific receptor-TF pairs. Entry (¢, j) in block (m,n)
indicates the geometric mean of cell type m’s specific receptor i’s and TF
j’s expression in cell type n. Blocks in the same row (the same receptors and
TFs) share the same color scale. (C) Pairwise flows between cell-type-specific
receptor-TF pairs. Entry (4, 7) in block (m,n) indicates the flow from cell
type m’s specific receptor ¢ to TF j inferred with cell type n’s co-expression
network.

presence of cell-type-specific receptor-TF signal transduction
patterns. Interestingly, the off-diagonal block of CDI14 Mono
and CDI16 Mono shows similar flow amounts compared to
diagonal blocks. Since the monocyte subtypes are closely
related to each other [34], their receptors and TFs exhibit
similar activities, leading to analogous signaling patterns.
These results provide further evidence that CytoFlow can
identify cell-type-specific signal transduction patterns.
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IV. DISCUSSION

In conclusion, this paper presents CytoFlow, a novel
methodology for constructing cell-type-specific signal trans-
duction networks using protein-protein interaction and tran-
scriptomics data. CytoFlow utilizes penalized flow networks
to model signal transduction from receptors to transcription
factors. It has demonstrated superior predictive precision com-
pared to other methods [15], [16] in reconstructing known
pathways in both PPI and transcriptomics data scenarios.
Furthermore, the application of pairwise flow analysis using
scRNA-seq data from the human brain and PBMCs highlighted
CytoFlow’s ability to construct cell-type-specific signal trans-
duction networks. CytoFlow has been implemented as open-
source software, freely available to the public. In summary, we
anticipate that CytoFlow will be a valuable tool for construct-
ing cell-type-specific signal transduction networks, providing
a promising avenue for understanding signaling processes.
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