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Abstract

Motivation Cancer progression and treatment responses are governed by intricate
and dynamic molecular interactions. Although differential network analysis offers
considerable potential for identifying condition-specific changes in protein-protein
interactions, existing methods primarily rely on static comparisons between groups
and do not adequately model underlying biological dynamics. This limitation restricts
the ability to detect gradual and complex molecular responses to therapeutic
interventions.

Results We propose a Bayesian dynamic differential network model to infer time-
resolved changes in protein-protein interactions. Applied to cancer proteomics

data, our approach captures gradual shifts in differential protein-protein interactions
between experimental groups that standard group-based approaches fail to detect.
The inferred differential networks reveal protein pairs with time-varying interaction
patterns between groups, highlighting critical changes associated with drug response.
Subsequent analyses, including functional clustering and hub identification, uncover
distinct trajectories among differential edges and pinpoint key proteins that mediate
pivotal transitions in the dynamic structure of the differential networks.

Conclusions The proposed Bayesian dynamic differential network model successfully
characterizes temporal variations in protein—protein interactions following drug
intervention. The method uncovers time-dependent interaction patterns that differ
between experimental groups, providing enhanced insights into drug-induced
molecular mechanisms. This framework facilitates the identification of critical
regulatory proteins and demonstrates broad applicability across diverse time-course
omics investigations.

Keywords Cancer proteomics, Protein-protein interaction, Dynamic differential
network, Bayesian precision regression model

Introduction

In proteomics, functional relationships extend beyond direct protein-protein interac-
tions, encompassing their coordinated roles within biological pathways. Proteins within
cells operate as interconnected elements of complex networks that regulate critical pro-
cesses such as signal transduction, metabolism, and the cell cycle [1, 2]. Investigating
these functional relationships, especially their temporal dynamics, allows researchers

©The Author(s) 2026. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International
License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the licensed material.
You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or other third party
material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material
is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http:/creativecommons.org/licens
es/by-nc-nd/4.0/.


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1186/s12859-026-06371-w
http://crossmark.crossref.org/dialog/?doi=10.1186/s12859-026-06371-w&domain=pdf&date_stamp=2026-2-26

Kim et al. BMC Bioinformatics (2026) 27:78 Page 2 of 18

to understand how specific proteins influence broader biological functions [3]. Such a
system-level perspective of protein dynamics is essential for elucidating disease mecha-
nisms and advancing drug development strategies [4].

In cancer research, the system-level approach is valuable, as dysregulation of protein-
interaction networks underlies cancer initiation and progression [5]. By understanding
these network perturbations, researchers can pinpoint targeted therapeutic interven-
tions, such as PARP inhibitors for DNA repair defects and biomarker development for
the prediction of treatment, ultimately deepening our understanding of cancer biology
[6]. These complex processes drive cancer development and progression through tem-
porally evolving alterations in protein abundance, structures, and interactions [7]. In
particular, dynamic changes in phosphorylation status and protein-protein interactions
offer key insights into oncogenic signaling and regulatory mechanisms [8, 9]. Study-
ing differences in protein-protein interactions between tumor and normal cells has
revealed disease-specific alterations in protein networks [10, 11]. Moreover, tracking the
temporal evolution of these protein-protein interactions provides deeper insights into
cancer progression mechanisms and potential therapeutic targets [12]. Differential net-
work analysis has emerged as a powerful strategy to uncover critical protein complexes
and signaling pathways involved in tumorigenesis [13, 14], and has shown promise for
informing both cancer prevention and treatment strategies [15].

A differential network maps changes in molecular connectivity and structure between
two or more networks representing molecular interactions under different biological
conditions. In biological contexts, these networks often represent biomolecular interac-
tions, where nodes signify genes or proteins, and edges indicate their physical or func-
tional relationships [16]. Researchers can identify crucial perturbations in molecular
interactions by comparing networks from distinct biological states, such as healthy and
diseased tissues [17]. This approach has proven particularly effective in cancer research,
where it has been applied to identify differences in gene expression and epigenetic modi-
fications, including DNA methylation, between normal and tumor samples [18]. In
proteomics, differential network analysis reveals dynamic shifts in protein expression
and interaction patterns under biological conditions. Special attention is often given
to changes in hub nodes and pathways, as these alterations often identify key disease
regulators [19, 20]. Ultimately, understanding such network dynamics enhances our
understanding of disease mechanisms and facilitates the development of more precise
targeted therapies.

To construct and analyze differential networks, various approaches have been devel-
oped. Early methods focused on comparing correlation-based metrics between net-
works. Correlation differences between genes have been tested to identify changes in
direct coexpression relationships across groups [21, 22]. More recently, Gaussian graphi-
cal models have been employed to estimate group-specific networks and differences
between networks are used to construct differential networks [23, 24]. These approaches
provide more refined information by eliminating indirect associations that can confound
correlation-based methods. However, these approaches typically compare static network
snapshots between discrete conditions without accounting for the continuous evolution
of network structures over time.

Accurately modeling protein-protein interaction (PPI) networks and their temporal

dynamics is critical for understanding cancer biology and advancing precision medicine.
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Differential network analysis has previously been applied to longitudinal gene expres-
sion data to identify temporally distinct regulatory patterns in response to perturbations
[25]. In this approach, the time series is used in its entirety to construct static co-expres-
sion networks for treatment and control groups, and the resulting differential network
is then interpreted using community detection and time-course visualization. Addition-
ally, time-varying differential network models have been proposed to uncover dynamic
rewiring of networks across various stages of cancer progression [26], where differential
networks are estimated jointly across consecutive time points using temporally struc-
tured regularization, enabling the capture of both stage-specific and shared regulatory
changes over time. However, existing approaches present key limitations. First, most
methods treat time as a set of discrete stages rather than modeling it as a continuous
covariate, which hinders the ability to predict gradual changes in network structure over
time. Second, many frameworks do not explicitly separate condition-specific effects
from general temporal trends, making it difficult to distinguish treatment-induced
changes from time-driven variability. These limitations restrict the ability to fully charac-
terize dynamic, condition-specific rewiring of biological networks.

To address these limitations, we propose Bayesian dynamic differential network model
to investigate time-varying differential patterns between sample groups. Our approach
leverages Bayesian Markov Chain Monte Carlo (MCMC) sampling to robustly quantify
uncertainty in network estimation, thereby enhancing the reliability of differential net-
work inference and enabling biologically interpretable insights into the dynamic evolu-
tion of protein interactions throughout cancer progression and drug administration.

We applied our model to data from the Cancer Perturbed Proteomics Atlas (CPPA)
project [27, CPPA] to estimate temporal changes in protein networks between control
and treatment groups. The CPPA dataset offers comprehensive protein response mea-
surements generated through reverse phase protein array (RPPA) technology [28]. As
a proof of concept, we focused on breast cancer, a well-characterized cancer type with
abundant available data. Specifically, for the treatment group, we analyzed samples
treated with lapatinib, a dual tyrosine kinase inhibitor targeting HER2 and EGFR [29].
LAPATINIB is essential in managing HER2-positive breast cancer, particularly among
patients resistant to trastuzumab [30]. By disrupting critical signaling pathways involved
in tumor progression [31], lapatinib provides a biologically meaningful context to
investigate differential protein-protein interactions between the control and treatment
conditions.

Materials and methods

BDDN model
We define the dynamic differential network as G(t) = (V, E(t)), where the time-con-
stant vertex set V = {1,...,p} corresponds to the proteins, and the time-dependent

edge set E(t) that represents differential protein-protein interactions among experi-
mental conditions at time £. In our framework, edges are defined based on partial cor-
relations, which capture the conditional dependencies between protein pairs while
controlling for the effects of all other proteins. The construction of G(¢) involves three
main steps: (1) estimation of group- and time-specific partial correlation matrices, (2)
calculation of differential scores quantifying differences between groups at each time
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point, and (3) functional clustering of the resulting differential score trajectories over
time. A detailed step-by-step procedure is provided below Fig. 1.

Step 1 dynamic precision regression
,¥n)" be
the n x p matrix, where y, € RP indicates expressions of p proteins for the sample i. Let

Suppose that we have protein expression data for n samples. Let Y = (yq,- -

X = (x1, -+ ,%,)T be the n x ¢ design matrix. The ith row of X, denoted as x; € RY, is a
q x 1 covariate vector for the sample .
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Fig. 1 Flowchart of the model a Input: The model takes as input the protein expression level data Y and the cor-
responding design matrix X, which includes experimental conditions such as treatment status and time-related
covariates. b Model Estimation Steps: Step 1. Dynamic precision regression: A precision regression model is em-
ployed to capture covariance structures that vary across treatment status and time points. Estimated covariance
matrices are converted to precision matrices and subsequently to partial correlation matrices. Model parameters
are estimated using MCMC sampling, generating time- and group-specific partial correlation matrices for each
posterior sample. Step 2. Differential score matrix: At each time point, the difference between partial correlation
matrices of treatment and control groups is computed as D(¢) = R(1,t) — R(0, t) for each posterior sample.
These posterior samples of D(t) are used to construct credible interval-based thresholds, producing a differential
score matrix that quantifies time-specific differences between groups. Step 3. Functional clustering: The temporal
trajectory of each edge in D(¢)-that is, the time series of differential scores for each protein pair-is treated as func-
tional data and grouped using functional clustering methods. Resulting cluster assignments are encoded as edge
colors in the dynamic differential network G(t). ¢ Output: The final output is a dynamic differential network G(t),
where nodes represent proteins and edges indicate differential interactions between the treatment and control
groups. Solid and dashed lines denote the sign of the differential score (positive and negative, respectively). Edge
width is proportional to interaction strength (the absolute value of the differential score), and edge color reflects
the results of functional clustering

Page 4 of 18



Kim et al. BMC Bioinformatics (2026) 27:78 Page 5 of 18

We consider a multivariate regression framework with random effects [32],
yz:AXZ_FrYZBXl_Fela Zzlvn (1)

where A and B € RP*? are coefficient matrices to be estimated, v; € R is a random
effect and €; € RP? is a p-dimensional error vector, which are given as
iid iid
~vi ~ N(0,1), € ~ MVN(0,®).
These distributional assumptions on random effects and error terms induce the normal

distribution on y; as
vi~MVN(Ax;, 2y,) Vi=1,---,n
where
3., = Covly,|xi] = Bx;x; BT + W. 2)

Extending this to all observations, the covariance structure becomes
Yx = Cov]Y|X] = ¥ + BXXTBT, where the regression coefficient matrix
B = [Bas|pxq encodes the effects of covariates on the covariance structure, and ¥
denotes the baseline covariance matrix that remains independent of the design matrix
X. In our inferential framework of differential networks, we focus on estimating the
covariance function Xx as a function of covariates X via the coefficient B and the base-
line covariance matrix W, rather than modelling the mean of y;.

Specifically in our application, we consider x; = (1,di,ti,t?,di ti,d; -tf)T, where
d; is a binary indicator for our two experimental conditions, with d; = 0 for the con-
trol group and d; = 1 for the treatment group. The inclusion of the squared-time term
improves the flexibility of the model in capturing curvature in temporal trends, enabling
a more accurate representation of nonlinear interaction dynamics between proteins
under experimental conditions. The interaction terms d; - t; and d; - t? enable the model
to capture how time effects differ between the treatment and control groups, both in
linear and nonlinear ways.

For notational convenience and to emphasize application-specific clarity, we denote
the covariance matrix as 3(d, t) on treatment status d and time ¢ instead of the generic
Xx, explicitly indicating its dependence on treatment status d and time .

Given the covariance regression model in Eq.2), we aim to estimate the posterior
distributions of the model parameters that characterize the time- and group-specific
covariance structure 3(d, t). To perform a Bayesian estimation, we adopt a Metropolis-
Hastings-within-Gibbs sampling algorithm. At each iteration of the Gibbs sampler, the
parameters ¥ and B are sequentially updated, along with random effects ;. We assume
a matrix-normal prior on C = (A, B) and an inverse-Wishart prior on W, enabling trac-
table posterior updates. The Gibbs sampler iteratively samples random effects ~;, the
coefficient matrices A, B, and W. At each iteration, posterior samples of ¥ and B are
used to compute the group- and time-specific covariance matrices 3(d, t), followed by
precision and partial correlation matrices as described below. Full details of the MCMC
implementation, including prior specification and sampling steps, are provided in Sup-
plementary Section 2. Details on computational runtime across varying number of pro-
teins are provided in Supplementary Section 7.
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These covariance matrices capture marginal associations among protein expression
levels but do not distinguish between direct and indirect relationships. To identify direct
conditional dependencies, we convert each posterior sample of the covariance matrix
into a precision matrix (d, t) = X(d,¢) ! and provides a representation of conditional
dependencies between proteins after adjusting for all others. The time- and group-spe-
cific precision matrix €2(d,t) is derived using the following mathematical formulation
[33]:

1

— = g BxX"xBTw!
1+ x(X) ’

Qd,t) =Tt
where £(X) = tr(BXXTBT® 1) represents the trace normalization term. The condi-
tional dependencies represented by €2(d, t) reflect the partial correlations between pro-
tein pairs after accounting for the influence of all other proteins in the network.

We provide a detailed characterization of the group-specific precision matrix €(d, t)
through explicit examination of its diagonal and off-diagonal components. For any spec-
ified treatment group d € {0, 1} and time point ¢, we establish the group-specific covari-
ate vector as

L@ _ J (1,0, t2,0,0)T,  for the control group (d = 0),
i 1,1, ;,t2)T, for the treatment group (d = 1).

We establish the notation for the group-specific precision matrices as 2(0,¢) = [wé%)] PXp

and Q(1,t) = [wi}))]px p for control and treatment groups, respectively. The diagonal ele-

(@ quantify the marginal precision of individual protein 4, while off-diagonal

ments wgq
elements w b) for a # b measure the conditional dependence between protein pairs
given all other proteins within group d € {0, 1}, under the group d € {0, 1}.

To simplify the expression of each matrix element, we introduce the transformation
(4 _

vector z; \Il’lel(-d) and express the entries of the precision matrix as follows:
(d)y2 L(d) (d)
ng) _ (‘I’_l)aa _ ( NZia )™ ) wéﬁ) — (‘I’_l)ab _ Zia ’Lb

1+ s 1+ k7

where Hgd) = (ng))T\IIZEd). Each element zz(;i) of ng) is given by

p
,(2) Z(‘I’_l)ak (Br1 + Brsti + But})
=1

p
ZS) = Z(\Pil)ak (Br1 + Bra + (Bis + Bys)ti + (Bra + Bre)t?) .
k=1

(d )

The off-diagonal element w,,’ (a # b) represents a treatment- and time-dependent

adjustment to the baseline network structure. The baseline conditional dependence

between proteins a and b is captured by (¥ 1), after controlling for all other protems

(D@
. 2, %
in the network. The second term, — e (d) , reflects how this dependence is mod

ulated

by treatment assignment and time point through the projected covariate effect vector

zgd) = \Il—legd). In this formulation, the covariate vector incorporates time-dependent
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changes in protein interactions for both control and treatment groups, while treatment-
induced alterations are selectively applied to the intervention group through the coef-

ficient terms associated with d = 1.
(d,t)

ab ]PXP from the esti-

We then construct the partial correlation matrix R(d,t) = [r
mated precision matrix. The partial correlation coefficient quantifies the strength of the
direct association between two proteins after controlling for the linear effects of all other
proteins in the system. This coefficient is computed through the standardization of the
precision matrix elements as follows:

(dt)
r(d-,f/) — Wab

ab .
\/ wéi’t)wéf’t)

This provides a more intuitive understanding of direct relationships between proteins,
independent of their scale, making it more suitable for network construction. The partial
correlation matrix is computed from each posterior sample of the precision matrix at
each MCMC iteration.

Step 2 Differential score matrix D(t)

Based on the posterior samples of partial correlation matrices, we compute a differential
score matrix at each time point for every posterior sample by subtracting the partial cor-
relation matrices of the control group (d = 0) from that of the treatment group (d = 1):

D(t) = R(1,t) — R(0,1). (3)

This results in a collection of differential score matrices at each time point for down-
stream analysis.

For each element (a, b) of the matrix at time ¢ we construct a credible interval CI((ltb)
across posterior samples. If the interval includes zero, the corresponding entry is set to
zero; otherwise, the posterior mean is assigned. The final differential score matrix D(¢) is
defined elementwise as

o 0, if 0 € 1t
ab(t) = 15 (T((le,t,s) - T((fl’)’t’s)) , otherwise

where r%’t’s) denotes the (a, b)-th element of the partial correlation matrix for group d
at time ¢, obtained from the s-th MCMC iteration. The resulting matrix D(¢) serves as a
proxy for the weighted adjacency matrix of the dynamic differential network G(t) with
each entry representing the magnitude and direction of treatment-induced changes in
protein-protein interactions over time. In this matrix, non-significant differential edge
scores are set to zero, and only significant changes are retained as posterior mean values.

Step 3 Functional clustering

Leveraging the dynamic differential network (DDN) proxy, D(¢), estimated via our
Bayesian framework, we introduce an edge-labeling method to characterize time-vary-
ing mechanisms in the network. Specifically, we perform functional clustering analysis
on the differential score trajectories to classify edges (protein pairs) exhibiting similar
temporal dynamics.
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By treating each trajectory {D,;(¢),t € T} as a functional data object, we identify
protein pairs that follow comparable patterns of differential connectivity over time. The
resulting cluster labels are incorporated as edge attributes in the network and visualized
using edge color, providing a more interpretable representation of the dynamic differen-
tial network G(¢).

We used functional principal component analysis (FPCA) [34] to decompose time-
varying differential score trajectories into a set of basis functions. The rationale for
selecting this approach is detailed in Supplementary Section 3.4. For each pair of pro-
teins {a, b}, the differential score trajectory D,;(t) can be represented as a linear com-
bination of basis functions ® = {¢1,--- , ¢}, where L is the number of basis functions.
Specifically, it is given as

L
Dab(t) = Z a(ab)ﬂpl (t)a (4)

{=1

where a(4p)¢ denotes the FPCA score corresponding to each basis function. The coef-
ficient v(4,4)¢ quantifies how strongly the differential interaction between proteins a and
b aligns with the ¢-th principal temporal pattern. We implement this decomposition
using quadratic B-splines [35] as our basis functions, which provide the necessary flex-
ibility to capture temporal dynamics. The number of basis functions L is determined by
placing knots at regularly spaced time intervals. We then group protein-protein inter-
actions with similar temporal differential patterns by applying the k-means clustering
to the FPCA scores. This computationally efficient and interpretable method requires
the selection of the optimal number of clusters k, which we determine using the elbow
method based on the sum of squares within the cluster in a scree plot. This approach
effectively classifies protein-protein interactions according to their temporal differential
patterns.

Each functional group identifies a distinct temporal pattern of differential protein-
protein interactions over time, providing information on the dynamic modulation of
the protein interactome in response to treatment. From these temporal signatures, we
systematically construct the time-dependent edge set E(f) comprising protein-protein
interactions that demonstrate statistically significant differential connectivity conform-
ing to the identified temporal profiles. The cluster label assigned to each interaction is
incorporated as an edge attribute in the network and is visualized using edge color in the
final representation of G(¢). This edge set, combined with the protein vertex set V, con-
stitutes the dynamic differential network G(¢) = (V, E(t)), which comprehensively char-
acterizes the temporal evolution of treatment-induced alterations in the protein-protein
interaction architecture. Subsequent network analysis of cluster-specific subnetworks
facilitates the identification of topologically important interactions, regulatory hubs, and
temporally coordinated protein modules, potentially revealing the mechanistic cascades
that mediate observed treatment effects and providing information on the underlying
biological processes.

Identification of hub proteins
To identify hub proteins that play central roles in the dynamic differential network G(z),
we use the final differential score matrix D(t), which serves as the adjacency matrix for
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G(t). We compute three centrality measures (degree, betweenness, and eigenvector cen-

trality) to quantify different aspects of protein influence within G(¢). Degree centrality
measures local connectivity and is defined as Cp(i) = >_; Dj;(t), the number of pro-

teins directly connected to protein i. Betweenness centrality captures a protein’s role as

o5t (1)
Ost

a bridge between other proteins and is calculated as Cp(i) =), Litt , where o,

is the total number of shortest paths between proteins s and ¢, and o, (4) is the number
of those paths passing through protein i. Eigenvector centrality reflects both the quan-
tity and quality of connections, computed as Cp (i) = § > ; Dii(t)CE(j), where A is the
leading eigenvalue of D(t) and Cg(4) accounts for the importance of neighboring pro-
teins. For each centrality metric, we construct scree plots and apply the elbow method
to systematically identify a threshold for selecting influential proteins. Proteins exceed-
ing this threshold are classified as hub proteins, representing the central nodes in the
dynamic differential network.

Data

Our analysis utilizes data from the Cancer Perturbed Proteomics Atlas [27, CPPA], a
comprehensive project conducted at the University of Texas MD Anderson Cancer Cen-
ter that maps changes in protein expression in cancer cell lines after drug treatments.
Using RPPA technology, researchers measure both protein quantities and modifications
in samples from cultured cells. This cost-effective and high-throughput method uses
specific antibodies to analyze protein networks and signaling pathways crucial to cancer
development [36]. This dataset comprises protein expression measurements obtained
under various experimental conditions, including different compounds (drugs), cell
lines, and durations of treatment.

In our application, we focus on LAPATINIB-treated breast cancer cell line samples as
the treatment group. We used DMSO-treated samples as our control group, as DMSO
is a standard vehicle control in biological experiments [37, 38]. Protein expression levels
in each group were measured at multiple irregular time points, with time points varying
between samples. This temporal structure enables the analysis of dynamic changes in
protein-protein interactions over time.

Our study analyzed expression data for 78 proteins in 933 samples, after excluding
proteins with missing values across all 933 samples. In total, our analysis included 474
LAPATINIB-treated samples and 459 DMSO-treated control samples, spanning 17
irregularly spaced time points ranging from 0 to 96 h. The detailed data preprocessing
procedure is provided in Supplementary Section 1.

Results

We applied our method BDDN to the control and LAPATINIB-treated groups to infer
dynamic differential networks. The BDDN model was implemented using MCMC sam-
pling with 200,000 iterations, a thinning interval of 10, and a burn-in period of 5,000.
To further investigate the robustness of the BDDN, we performed additional analyses
by varying the sample size and prior settings. The results demonstrate that the key esti-
mates remain consistent and robust across these varying conditions (see Supplementary
Sections 5.1 and 5.2). Convergence of B, ¥, and ¥, was evaluated using trace plots
as presented in Supplementary Section 2.2. Network edges were identified by select-
ing differential scores whose 99.5% credible intervals excluded zero, which indicates
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statistically significant associations. These networks captured LAPATINIB-induced
changes in protein-protein interactions over time. By analyzing these, we aim to uncover
the temporal mechanisms underlying its therapeutic effects. As a further validation, we
analyzed CPPA skin cancer cell lines under the MEK inhibitor trametinib and observed
consistent dynamic rewiring and hub shifts (e.g., MEK1, Bax, Bim), supporting the gen-
eralizability of BDDN (see Supplementary Section 3.5).

Figure 2 illustrates the temporal changes in edge count of the dynamic differential
network. We observed that the edge count peaked at 8 h, suggesting that the effect of
LAPATINIB on protein-protein interactions is most pronounced at this time point.
These findings align with previous biological research that demonstrates the time-
dependent effects of LAPATINIB on various molecular pathways. For example, Tang
et al. [39] reported that LAPATINIB induces p27 (Kipl) expression in HER2-positive
breast cancer cells in a dose- and time-dependent manner, with a significant increase
in p27 levels occurring within 24 - 48 h after treatment. Similarly, Leung et al. [40]
observed that LAPATINIB induces the expression of NRG1 mRNA in SK-BR-3 and
BT-474 breast cancer cells approximately 8 h after treatment, highlighting the temporal
specificity of LAPATINIB’s impact on key signaling pathways. These studies support our
observation that the molecular effects of LAPATINIB evolve over time, corroborating
the temporal patterns revealed in our differential network analysis.

We identified hub proteins in differential networks at 8, 24 and 48 h based on the
three different centrality measures: degree, betweenness, and eigenvector centrality. The
scree plots displayed in Figure 7 of Supplementary Materials of provide cutoff values to
declare proteins as hubs. Table 1 and Fig. 3 presents the hub proteins identified at each
time point, with key proteins involved in LAPATINIB-targeted pathways highlighted in
bold. LAPATINIB targets the HER2 /EGFR signaling pathway and its main downstream
cascades, the PI3K/AKT and MAPK/ERK pathways [41, 42]. Our hub protein identifica-
tion approach successfully captured proteins from these LAPATINIB-targeted pathways,

Dynamic Changes in Edge Count over Time

350
300
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Edge Count
n
3

-
(&)
o
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Fig. 2 Dynamic changes in edge count over time in the differential network
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Table 1 Hub protein dynamics across 8, 24, and 48 h

Centrality 8hr Hubs 24hr Hubs 48hr Hubs
Degree p27 (6), PDK1_pS241 (6),  INK2 (5), Akt_pT308 (4), JNK2 (6), Akt_pT308 (5),
MEKT (4), PTEN (4), ER-alpha (4), p27 (4), PDK1_pS241 (4),CD31 (3),
Chk2 (3), Cyclin-E1 (3), PDK1_pS241 (4), P70S6K c-Kit (3), p27 (3),
YAP (3) (3) p70-S6K_pT389 (3)
p70-S6K_pT389 (3),
YB1_pS102 (3)
Betweenness p27 (433), PDK1_pS241 INK2 (68), Akt_pT308 (38),  JNK2 (102.9), Akt_pT308 (64.4),
(335), p27 (36), PDK1_pS241 (27), PDK1_pS241 (55.7),
Bcl-xL (294), PTEN (235),  p70-S6K_pT389 (23) p70-S6K_pT389 (30)
P70S6K (234), MEK1 (210)
Eigenvector PTEN (1), P70S6K (0.681),  ER-alpha (1), PTEN (0.807), JNK2 (1), PDK1_pS241 (0.609),
Chk2 (0.484), Fibronectin P70S6K (0.616), p27 (0.554),
(0.438), PKC-alpha_pS657 (0.586) pP70-S6K_pT389 (0.524),
ER-alpha (0.389) c-Kit (0.446), Akt_pT308 (0.430)

List of hub proteins detected at 8, 24, and 48 h based on degree, betweenness, and eigenvector centrality, derived from the
final differential score matrix D(t) after applying the HPD interval

Hub proteins are categorized as: (1) early-only hubs (8 h only), (2) persistent hubs (8-48 h), and (3) late-emerging hubs (24
or 48 h only)

Values in parentheses represent the respective centrality scores for each protein at the corresponding time point

EdgeType --- Negatve — Positive Edge Color Negative & Early Peak Positive & Late Peak  — Negative & Late Peak  — Positive & Early Peak

(a) 8hr (b) 24hr (c) 48hr

Fig. 3 Differential network at a 8, b 24, and c 48 h. Nodes represent proteins, and edges indicate differential in-
teractions between the treatment and control groups. Solid and dashed lines denote the sign of the differential
score (positive and negative, respectively). Edge width is proportional to the absolute value of the differential
score, and edge color reflects the results of functional clustering. Hub proteins (red) and non-hub proteins (gray)
are identified based on betweenness centrality, which quantifies a node’s importance according to its position in
network pathways

such as PTEN and PDK1-pS241, demonstrating the biological relevance of the identi-
fied network structures.

As shown in Table 1, PTEN functions as an early stage hub (8 h) within the first group.
This tumor suppressor protein acts as a critical negative regulator of the PI3K/AKT
pathway by catalyzing the conversion of PIP 3 to PIP 2, thereby inhibiting AKT acti-
vation [43]. When LAPATINIB inhibits HER2 /EGFR activation, it significantly reduces
upstream PI 3K signaling, resulting in decreased PIP_3 levels. Under these conditions,
PTEN amplifies the therapeutic effect by eliminating the remaining PIP_ 3, thus enhanc-
ing LAPATINIB’s inhibition of AKT activation [44]. Given PTEN’s upstream regulatory
position in the PI3K/AKT pathway, its influence is most pronounced during the early
response phase, consistent with our differential network analysis, which identified it as
an early hub. The subsequent decline in PTEN prominence at later time points prob-
ably reflects feedback regulation mechanisms that diminish its activity after the initial
response [45].

Page 11 of 18



Kim et al. BMC Bioinformatics (2026) 27:78 Page 12 of 18

PDK1 pS241, the phosphorylated form of PDK1 in Ser241, maintained consis-
tent activity throughout the observation period and was identified as a persistent hub.
PDK1 is a central kinase downstream of PI3K that activates AKT by phosphorylation in
Thr308, an essential step in the signaling cascade of AKT [43]. Importantly, autophos-
phorylation at Ser241 maintains PDK1 in its active conformation, allowing for rapid
response to upstream signals [46]. Despite LAPATINIB-induced reduction in PIP 3
levels and subsequent attenuation of AKT and S6K activation, PDK1 pS241 retains
its phosphorylation state and functional activity, allowing it to transmit signals if PT3K
activity recovers [47]. This sustained activation pattern may explain why PDK1 pS241
consistently emerged as a hub across all time points in our differential network analysis.

P70-S6K and its phosphorylated form p70-S6K pT389 (at threonine 389) were
identified as late-emerging hubs. Phosphorylation of p70S6K in T389 is commonly
used as a read-out for mTORC1 activity and indicates activation of the PT3K/AKT/mTOR
signaling pathway [48, 49]. During initial LAPATINIB treatment, PI3K activity was sup-
pressed, decreasing mTORC1 signaling and consequently reducing p70-S6K_pT389
levels. However, as treatment progresses, negative feedback mechanisms were alleviated,
allowing alternative upstream signals - particularly insulin/IGF-1R and HER3 sig-
naling - to partially restore PI3K activity [50]. This compensatory mechanism led to the
reactivation of mTORC1 and p70S6K, especially at later time points. The emergence of
p70-S6K pT389 as a hub protein specifically at 24 and 48 h corresponded to its reac-
tivation through these feedback relief mechanisms and alternative signaling pathways.
This finding demonstrates the dynamic nature of the PI3K/AKT/mTOR pathway and
underscores how feedback loops can reshape the network architecture over time.

Based on the trajectories of differential scores, the FPCA identified 5 clusters (Fig. 4).
Cluster 5, shown in gray in Fig. 4a, includes protein pairs with differential scores near
zero, indicating a small change and no significant differences between the control and
treatment groups. Due to its negligible variation, this cluster has been excluded from
the main plots, and its corresponding spaghetti plot and heatmap have been provided in
Figure 8 of the Supplementary Material.

These distinct temporal patterns likely reflect the complex, feedback-rich signaling
landscape modulated by LAPATINIB. Previous phosphoproteomic and kinome studies
have demonstrated that LAPATINIB treatment leads to immediate pathway inhibition
and delayed compensatory reactivation. For example, early suppression of AKT and ERK
signaling has been shown to rebound after 24—48 h due to HER3- or FGFR-mediated
feedback loops [51, 52]. Such biphasic responses correspond well to the early and late
peaks observed in our clusters. Moreover, the coexistence of positively and negatively
regulated edges is consistent with previous findings that LAPATINIB simultaneously
downregulates multiple phosphorylation sites while upregulating specific regions (e.g.,
Ser/Thr clusters on HER2) [47]. This suggests that each cluster may correspond to a
unique adaptation mechanism within the protein-protein interaction network, driven
by the interplay of pathway inhibition and compensatory rewiring. Overall, these results
highlight the value of dynamic network analysis in uncovering the temporal complexity
of cellular responses to targeted therapy [53, 54].

As an external validation, we analyzed CPPA skin cancer cell lines under the MEK
inhibitor trametinib and observed biologically significant hubs (e.g., MEK1, Bax, Bim),
supporting the generalizability of BDDN (Supplementary Section 3.5).
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Fig. 4 Functional clustering identifies five drug-response patterns in protein interactions. Functional clustering
categorized protein pairs into five clusters based on changes in partial correlation after drug treatment: Cluster
1 (Negative Change, Early Peak), Cluster 2 (Positive Change, Late Peak), Cluster 3 (Negative Change, Late Peak),
Cluster 4 (Positive Change, Early Peak), and Cluster 5 (Small Change). a Scatter plot displaying functional clustering
results. The x-axis (PC1) differentiates clusters based on correlation change direction (negative or positive), while
the y-axis reflects the interaction between directionality and peak timing. b Heatmap of differential scores illustrat-
ing temporal changes in protein-protein interactions. Rows represent protein pairs, and columns represent time
points. ¢ Spaghetti plots demonstrating differential scores temporal dynamics across the five clusters. Each panel
corresponds to one cluster, with individual line representing the time-dependent variation in differential scores
for specific protein pairs
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Simulation studies

We conducted comprehensive simulation studies to evaluate the performance of our
BDDN methodology, designing the simulated data structure to closely mirror our real
data analysis. The simulation included 900 total samples across 80 proteins, with sam-
ple allocation reflecting the original study design: 433 samples designated as the control
group (d = 0) and 467 samples assigned to the treatment group (d = 1). Sample gen-
eration was systematically aligned with the actual sample distributions observed at each
temporal measurement point in the real data analysis, ensuring that our simulation
framework accurately captured the statistical properties and structural characteristics of
the empirical dataset.

We assigned each sample a covariate vector x; = (l,di,ti,t%di t;,d; tf) and the
covariance matrix was constructed according to X(d;,t;) = U + BXiXiTBT. The noise
covariance matrix ¥ = diag(0.1,...,0.1) represents the baseline variability, while the
coefficient matrix B € R8°%6 encodes the systematic effects of covariates on the covari-
ance structure.

The coefficient matrix B captures different biological and experimental effects through
its column structure. The first column {B;; : i = 1,...,p} represents the intercept term
for each protein, establishing the baseline covariance levels. The second column {B;2}
quantifies the direct effect of the treatment group on protein interactions. The third
and fourth columns {B;3, B;4} model the linear and quadratic temporal effects, respec-
tively, capturing how protein relationships evolve over time. The fifth and sixth columns
{B;5, Bis} represent the interaction terms between treatment status and time, allowing
treatment-specific temporal dynamics to be expressed in linear and quadratic forms.

We established simulation parameters based on the posterior distributions of
B estimated from our real data analysis, ensuring realistic effect sizes that reflect
observed biological variation. The coefficient distributions were specified as follows:
Bj1 ~ N(0.034,0.292) for intercept effects, B;» ~ N(—0.01,0.28%) for treatment
effects, B;z ~ N(0.01,0.142) and B;y ~ N(0.004,0.03%) for linear and quadratic time
effects, and B;5 ~ N(0.003,0.092) and B;g ~ N (0.001,0.232) for treatment-time inter-
action effects.

We implemented this simulation framework to generate individual datasets and per-
formed 100 independent replicates to access performance in indentifying the dynamic
differential network structure G(£). In each replicate, we applied the BDDN approach
to estimate the differential score matrix, with performance benchmarked against the
established DINGO model [55] for comparative evaluation. We quantified the perfor-
mance of the method through the detection accuracy of the edge level, the construction
of receiver operating characteristic (ROC) curves for each approach, and the computa-
tion of the values of the area under the curve (AUC).

As shown in Fig. 5, BDDN consistently achieved higher AUC values across all time
points. The performance gap was especially evident at time points with smaller sam-
ple sizes, where DINGO tended to yield noisy and unstable estimates, whereas BDDN
remained accurate and reliable. These results demonstrate the advantage of BDDN in
recovering differential networks. Each ROC curve and the corresponding AUC value for
all time points are provided in Figure 8 of the Supplementary Materials.

Furthermore, we have implemented an additional, independent simulation scenario
designed with a distinct data-generating process, using alternative effect sizes and noise
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Fig. 5 Simulation results comparing the performance of BDDN and DINGO models over time. AUC values are
derived from ROC curves for differential score matrix estimation. The x-axis shows time points with corresponding
sample sizes. BDDN demonstrates consistently superior performance, with the most pronounced improvements
occurring at time points with limited sample sizes

structures not derived from the posterior estimates. This scenario included glasso [56]
to compare the performance (See Supplementary Section 4.2). The results demonstrated
that BDDN maintained a superior and more stable AUC compared to glasso, particu-

larly under small sample size conditions.

Discussion

We propose a Bayesian framework to make inference on dynamic differential networks
in protein data that are measured across time. Our approach enables the identification
of dynamic changes in conditional dependencies among proteins, given all other pro-
teins, in response to drug treatment, providing a flexible and statistically rigorous tool
for network-based analysis.

We applied our method to the Cancer Perturbed Proteomics Atlas (CPPA) dataset,
with a specific focus on responses to the targeted therapy drug LAPATINIB. By analyz-
ing protein expression data collected at multiple time points, we identified several key
protein pairs that exhibited significant changes in their conditional dependencies. These
time-dependent interaction changes likely reflect the underlying molecular mechanisms
and biological pathways involved in the cellular response to LAPATINIB treatment.

Our Bayesian analytical framework is inherently flexible, enabling its application to
diverse covariate types beyond time, a wide range of other omics data, and integration
of additional layers of biological or clinical information. By expanding x; in Equation (1),
we can readily incorporate multiple covariates. For example, drug dosage can be inte-
grated as x; = (1,d;, time;, dosei)T, where d; is a binary indicator that represents treat-
ment status (1 for the treatment group and 0 for the control group), allowing the model
to simultaneously account for temporal and dosage effects. We further demonstrate that
BDDN is naturally generalized to complex designs with uneven time intervals, multiple

treatments, and subject covariates by defining time- and covariate-specific vectors x;
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and computing R(x;). lllustrative formulas and examples are provided in Supplementary
Section 6.

We acknowledge that the inferred network edges represent statistical associations
derived de novo and may not always correspond to direct physical protein-protein inter-
actions-a characteristic inherent to all network inference approaches. To address this
limitation and enhance the biological interpretability of our inferred networks, a prom-
ising direction for future research is the integration of prior biological knowledge. Spe-
cifically, future extensions could incorporate established protein interaction data from
databases such as STRING [57] and BioGRID [58] as informative priors. Such integra-
tion would strategically guide the inference process toward known physical interac-
tions while maintaining the framework’s core ability to discover novel, context-specific
dynamic relationships.

The quadratic specification represents a deliberate balance between capturing the
observed nonlinear temporal patterns and preserving model stability given our sample
size constraints. This approach avoids the potential overfitting risks associated with
higher-order polynomial terms or more complex nonlinear specifications, while still
accommodating the curved trajectories that characterize the biological responses in the
CPPA data. Importantly, the covariance regression framework underlying BDDN main-
tains considerable flexibility for future extensions (e.g., basis expansion with splines)
within the MCMC implementation without changing the overall inferential workflow.
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