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Abstract—Protein fluxes provide a more refined notion of
protein abundance than raw counts alone by considering potential
channels based on protein interaction networks. We propose a
novel method to estimate protein fluxes in a protein interaction
network using a linear programming model based on the frame-
work of flux balance analysis. When we combine this estimate of
protein fluxes with a protein-centric network measure, inspired
by egocentric network analysis in sociology, we discover that
the fluxes of proteins encoded by hypermutated genes in colon
cancer have substantially higher alterations in cancer cells than
the protein quantities alone. These alterations remain statistically
significant under different network perturbations. We conclude
that the importance of a change in the quantity of a protein is
determined not only by the protein itself, but also by its network
neighbors.

Index Terms—biological interactions, linear programming, can-
cer, biological system modeling, mass spectroscopy.

I. INTRODUCTION

Systems biology is the interdisciplinary study of the co-
operative behavior of biological molecules through complex
interactions in a biological system. A fundamental task in sys-
tems biology is to uncover the rules governing how molecules
select their interacting partners in a complex interaction net-
work. Whether and how, for example, a protein changes its
friendship under different physiological conditions given a
protein physical interaction network is unclear.

High throughput technologies enable comprehensive mea-
surements of various molecular profiles that are useful for
the study of complex diseases, such as cancers [1, 2, 3].
By comparing these profiles in different conditions, one can
identify both qualitative and quantitative molecular alterations,
such as genetic mutations and differential protein abundance
in signaling pathways, respectively. However, identical genetic
mutations are rarely identified in different patients, but rather
are often found in common signaling pathways [4, 5]. Attempts
have been made to investigate how genetic variants disrupt pro-
tein interactions [6, 7]. But these methods did not incorporate
quantitative protein abundance data, and therefore cannot be
used to interpret how structurally abnormal proteins caused by
genetic mutations mediate interaction dynamics in signaling
pathways.

Quantitative changes in protein interactions can be experi-
mentally measured by AP-SWATH (Affinity Purification com-
bined with Sequential Window Acquisition of all THeoretical

spectra) mass spectrometry [8, 9]. However, currently the AP-
SWATH technique is limited to small-scale studies due to the
insufficient precision of statistical estimation for interacting
protein abundances. And large-scale proteome-wide studies
of quantitative changes in protein-protein interaction networks
still depend on computational modeling. From a computational
perspective, thermodynamic or kinetic modeling has been used
to offer a precise quantitative map of transcriptional regulatory
pathways [10]. However, the application scale of this method
is usually limited to less than 10 transcription factors due
to its high computational cost and the difficulty of obtaining
the required kinetic parameters. In sum, both AP-SWATH and
thermodynamic or kinetic modeling only work on small-scale
studies. Extending the both methods to large-scale studies is
an active research topic in systems biology community.

Linear modeling is able to model high-throughput large-
scale data sets, and is widely used to study biological networks.
Li et al. constructed a bipartite network between exon frag-
ments and transcripts to estimate transcript abundance from
mRNA sequencing data using a modified regularized least
squares model [11]. Wang et al. reconstructed a transcriptional
regulatory network from multiple microarray data sets by
linear programming [12]. Duarte et al. utilized Flux Balance
Analysis (FBA), a model based on linear programming, to
reconstruct a human metabolic network [13]. However, to
our knowledge, there are few studies using linear models
to analyze proteome-wide quantitative data in a large-scale
protein interaction network. In fact, FBA can be extended
from metabolic networks to protein interaction networks under
reasonable assumptions (see Methods).

To this end, we propose a linear programming model
based on the FBA framework, to estimate protein flux (for
definition, see Methods) in a protein interaction network, and
demonstrate its use on proteome-wide quantitative data in
colon cancer. In the Methods section, we make three basic
assumptions to adapt the network-based proteomic model to
the framework of FBA, and then mathematically describe the
linear programming model and the egocentric network metric
used in evaluation. In the Results section, we describe the
quantitative proteomic data sets; illustrate the distribution of
protein fluxes; and finally examine the predictive performance
of the estimated protein fluxes within the egocentric networks
of hypermutated genes, and also the performance robustness
under different network perturbations.
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II. METHODS

Flux Balance Analysis (FBA) is widely used in metabolic
networks [14]. It calculates the fluxes of metabolites through
the network of biochemical reactions based on reaction stoi-
chiometry. Similarly, given one protein with multiple binding
partners in a protein interaction network, we would like to
estimate the proportions of the protein binding to each of its
partners. This binding fraction is termed protein flux in this
study.

FBA can be viewed as a linear programming model [14].
Given a set of stoichiometric constraints, FBA aims to optimize
a predefined objective function, e.g., to maximize a set of
fluxes. Similarly, the goal of the proposed model in this study
is to maximize the sum of all protein fluxes in the interaction
network. The rationale for this objective function lies in two
facts. On one hand, many proteins cannot function alone in a
living cell. Instead, they bind to their network partners in a
functional group to fulfill biological functions in vivo. On the
other hand, proteins are intrinsically expensive to produce, and
it is inefficient to produce proteins in excess of their binding
partners.

A. Model Assumption

The proposed model is subject to the following two as-
sumptions:

• No Stoichiometry: each protein copy can only bind
one single copy of its neighboring proteins in the
network. And the ratio of each binding pair of protein
copies is 1:1, since currently no large-scale stoichio-
metric data are available. Similarly to the application
of FBA in biochemical reaction networks, proteome-
wide stoichiometric data can be naturally incorporated
into our FBA-based model once they can be measured
in high throughput manner.

• Independence: protein binding depends only on the
abundance of the two proteins. Other complicated
factors like protein locations, binding affinity and
regulatory mechanism are not considered in this study,
since these factors cannot be simplified into the linear
structure of FBA. Instead, modeling protein locations,
binding affinity and regulatory mechanism requires
a spatial, high-order and time-varying system mod-
el. Solving this complicated model is computation-
ally expensive, and cannot be applied to large scale
proteome-wide data so far. In fact, the independence
assumption is similar to assuming complete and rapid
mixing of protein copies.

B. Model Construction

The model construction starts with a protein interaction
network and a list of protein quantity data measured by quan-
titative proteomic techniques. We denote the protein interaction
network as an undirected graph with a symmetric adjacency
matrix G ∈ R

m×m where m is the number of proteins, and
Gij = 1 (i, j = 1, · · · ,m) if protein i physically interacts
with protein j, and 0 otherwise. Then the adjacency matrix
is converted into an incidence matrix A ∈ R

m×n where n
is the number of edges in the graph (normally m � n),

and Aik = Ajk = 1 (k = 1, · · · , n) if Gij = 1 and 0
otherwise, where i < j. In fact, the incidence matrix shows the
relationship between nodes and edges in a graph. We denote
the protein quantity data as a vector b ∈ R

m and the protein
flux of each interaction as x ∈ R

n. The model is designed to
maximize the total interaction fluxes, i.e., cTx where cT is
an all-one vector. The portion of bound proteins in the flux is
calculated as Ax; this portion of any protein cannot exceed
its total quantity, i.e., Ax ≤ b. The estimated fluxes cannot
be negative, i.e., x ≥ 0. In sum, we derive an FBA-like model
based on linear programming as

maximize
x

cTx

subject to Ax ≤ b

x ≥ 0.

(1)

We empirically set the lower bound of x as 0.001 other
than exact 0 for two reasons. First, to further compare the
fold change of protein fluxes in two conditions, we need to
calculate log2(x

c1/xc2), and it has no meaning when xc2

exactly equals to 0. Second, in practice we found that, given
different protein abundance b, the lower bound of x set to a
value less than 0.001 yields different boundary values in the
solutions when we use the interior point method to solve the
linear programming problem.

C. Evaluation Metric

To test if differential protein flux prioritizes disease-
associated genes better than differential protein quantity, we
have devised a novel protein-wise metric based on an Ego-
centric Network (or EgoNet). The EgoNet of one node in a
graph is defined as a local subnetwork comprising that node, its
direct neighbors and the edges among them. In the literature of
social and information networks, EgoNet analysis is frequently
used to identify important structural and anomalous types of
nodes [15, 16]. In this study, similarly, the flux changes in
the EgoNet of one protein help identify how altered quantities
affect a local network region centered at that protein. For a
flux network, the EgoNet matrix of one protein t is defined as

Z(t)(i
∗, j∗) =

{
xk∗ if (i∗, j∗) ∈ EgoNet(t);

0 otherwise,
(2)

where k∗ is the corresponding index of edge (i∗, j∗) in
flux vector x. Under two different conditions c1 and c2, the
total flux change of a protein t within its EgoNet can be
quantified using the Frobenius norm as sE(t) (Equation 3). In
contrast, we define two baseline scores for protein t between
conditions c1 and c2 as the total flux change to neighbors
sN (t) (Equation 4) and the quantity change sB(t) (Equation 5),
respectively as,

sE(t) = ‖Zc1
(t) −Zc2

(t)‖F (3)

sN (t) = aTt |xc1 − xc2 | (4)

sB(t) = |bc1t − bc2t | (5)

where aTt is the t-th row of matrix A.
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Fig. 1. Scatter plot of protein quantities (A) and fluxes (B) in normal (x-axis)
vs. cancer (y-axis) conditions.

III. RESULTS

A. Data Sets

There are two data sets needed in differential FBA. One
is the protein-protein physical interaction network, which can
be downloaded from BioGRID [17]. The other is the protein
quantity data (absolute copy numbers), which is obtained from
an extensive quantitative proteome study of colon normal tissue
and adenocarcinoma [18]. After ID mapping across these two
data sets using BioMart [19], we identified 6, 334 proteins with
measured quantities in both conditions (normal and cancerous)
and 49, 337 physical interactions among them. Due to the
large range of measured protein quantities (102 to 108), we
performed a log-scaling, as shown in Figure 1(A).

B. Distribution of Differential Fluxes

Given the protein quantities bn in normal colon tissue and
bc in colon cancer, respectively, the linear programming model
(Equations 1) was solved to estimate the protein fluxes xn and
xc, respectively (Figure 1(B)). Comparing Figure 1 (A) and
(B), we find that majority of protein quantities and fluxes show
no change between normal and cancer conditions. However, a
portion of the fluxes are close to zero, even though their linked
proteins are abundant, indicating that some of the flux channels
(protein interactions) are shut down under specific pathological
conditions.

To highlight significant changes in protein quantities and
fluxes, we illustrate the distribution of log2 fold changes of
the ratios of cancerous to normal conditions in Figure 2. A
subset of interactions show significant log2 fold changes (5+
folds) compared to the overall log2 fold changes in protein
quantities (0.2+ folds). This suggests that the proposed model
is able to correctly combine the changes in protein quantities
and interactions. In this case, one can find an associated
set of interaction fluxes that explain the change in protein
quantities. For instance, given the up-regulation of one protein,
the proposed model is able to inform us which fluxes are
concurrently up-regulated and which are not responsive or
down-regulated.

Our FBA-based linear model is scalable for larger data
sets. Using the solver, linprog in MATLAB, it normally takes
around one minute to solve the model with our data set. We
used the default algorithm in the solver, the interior point
method, which has proven to be a polynomial-time algorithm
in solving linear programming problems [20].
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Fig. 2. Histogram of log2 fold changes (C/N, Cancer over Normal conditions)
in protein quantities (A) and protein fluxes (B). The most abundant fold change
bin in (B), located within [−0.5, 0.5], is truncated at 1, 500 for visualization
convenience. The actual value is 43, 798 interactions.

C. Identification of Known Cancer Genes

To evaluate whether significant flux changes are associated
with proteins related to colon cancer, we first collected 18
hypermutated genes from a comprehensive genomic study of
colon cancer reported in The Cancer Genome Atlas (TCGA)
[3]. We first tested the null hypothesis that the cancer-related
proteins with increasing (decreasing) quantities up-regulate
(down-regulate) all the fluxes to their network neighbors. For
each hypermutated gene/protein, we used a scatter plot to
examine the relationship between its quantity fold-change and
flux fold-changes (Figure 3). Generally, we can see that there
is no positive relationship between the fold changes of protein
quantity and protein flux. This rejects the null hypothesis and
suggests that an up-regulated (or down-regulated) protein does
not necessarily up-regulate (or down-regulate) all of the fluxes
to its neighbors. For example, TP53, a well-known oncogene
[21], is up-regulated by around 0.3 folds in quantity, whereas
its flux fold changes span a wide range (±8 folds) in cancer
cells. Using our model, one can narrow down a large number of
fluxes into a small set, and perform further precise modeling,
or experimental validation using AP-SWATH, for example.

To further test whether flux changes in EgoNet can be
used to predict these mutated genes in colon cancer, we
scored each protein using the three Equations (3), (4) and (5),
and examined the score ranks of these mutated genes using
Receiver Operating Characteristic (ROC) curves (Figure 4).
The Area Under the Curve (AUC) indicates the predictive
performance of the three metrics. As shown in Figure 4,
we find that the EgoNet-based metric achieves the AUC
of 0.7327, whereas the other two baseline scores based on
the difference only of protein quantity and flux changes to
neighbors have the AUCs of 0.4759 and 0.7169, respectively.
In particular, at a 0.2 false positive rate, the EgoNet-based
metric achieves a true positive rate of around 0.55, whereas
the protein quantity change and flux change to neighbors
achieve only about 0.2 and 0.45, respectively. This suggests
that protein quantity changes influence not only the fluxes
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Fig. 3. Fold Change of Protein Quantity (x-axis) and Fluxes (y-axis) in
genes that are hypermutated in colon cancer.
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Fig. 4. Receiver Operating Characteristic (ROC) curves in the evaluation of
hypermutated gene prediction. The Area Under the Curves (AUCs) are shown
in the brackets.

flowing out to their network neighbors, but also the fluxes
between their neighbors. In addition, it reveals that the proteins
with cancer-related mutations have no significant changes in
quantities. Nevertheless, using the proposed differential FBA
combined with the egocentric network analysis, we discovered
that genetic alterations in fact have much stronger impacts on
protein fluxes within the EgoNet than protein quantities alone.

To examine the robustness of cancer-associated protein
identification, we altered the protein interaction network and
examined whether the prediction performance is robust to
network perturbation. We first randomly reassigned the protein
abundance data to different nodes in the same network, and
found that the prediction performance (Area Under the ROC
curve, AUROC) dramatically drops to a random level (Fig-
ure 5). Next, we tested whether our method is robust against
network topology noise by randomly removing a proportion of
edges (while ensuring that every protein has at least one edge).
We find that the performance of our method drops slowly until

−30% −20% −10% 0% 10% 20% 30%
0

0.5000

0.7327

1

Percentage of Altered Edges

A
U

R
O

C

Fig. 5. Area Under the ROC curves (AUROC) in robustness test with
randomly perturbed networks. In x-axis, negative percentages denote the
proportion of edges randomly removed; positive percentages denote random
addition of edges; and 0% denotes random shuffle of protein abundance data.
In y-axis, the bars and error bars indicate the means and standard deviations
of AUROCs from 10 repeated experiments under each type of network
perturbations. AUROC = 0.5000 (blue dashed line) indicates the performance
of random prediction; and AUROC = 0.7327 (blue solid line) indicates the
original performance of our method without network perturbation, as shown
in Figure 4.

30% of edges are removed (Figure 5). In contrast, randomly
adding 10% extra edges results in a significant decline of
the performance from 0.7327 to around 0.6, and even worse
when 30% extra edges are added in (Figure 5). In sum, this
perturbation test suggests that the network topology and the
protein abundance data have strong associations with each
other. Also, it demonstrates that our method is robust to the
network data even in the presence of a relatively high false
positive rate.

IV. CONCLUSION

In this paper, we have presented a computational method
based on flux balance analysis to estimate protein fluxes
throughout the protein interaction network subject to a balance
assumption. We show that the difference in protein quantities
can be combined with the protein interactions assuming one-
hop balanced diffusion in the network. We also show that
the protein flux changes within egocentric networks have a
stronger association with the genetic mutational status of the
corresponding protein-coding genes than the protein quantity
changes. To our knowledge, this is the first attempt to extend
flux balance analysis, which is widely used to study metabolic
networks, to network-based analysis of quantitative proteomic
data.

In future work, we would like to incorporate multiple omic
data sets into our framework. And so far, we have assumed
the stoichiometric ratio between two binding proteins is 1:1.
As stoichiometric data in vivo become more available, they
can be integrated with higher-level network information about
functional modules to refine the estimation of protein fluxes.
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