Bioinformatics Advances, 2025, 00, vbaf086
https://doi.org/10.1093/bioadv/vbaf086
Advance Access Publication Date: 8 May 2025

Original Article

OXFORD

Data and text mining

IDDN: determining trans-omics network structure and

rewiring with integrative differential dependency networks

Yizhi Wang™'®, Yi Fu"*%, Yingzhou Lu', Zhen Zhang?, Robert Clarke®, Sarah J. Parker?,
David M. Herrington®, Guogiang Yu®*"“, Yue Wang™*

'The Bradley Department of Electrical and Computer Engineering, Virginia Polytechnic Institute and State University, Arlington, VA 22203,
United States

2Department of Pathology, Johns Hopkins Medical Institutions, Baltimore, MD 21231, United States

3The Hormel Institute, University of Minnesota, Austin, MN 55912, United States

*Smidt Heart Institute, Cedars-Sinai Medical Center, West Hollywood, CA 91001, United States

SDepartment of Internal Medicine, Wake Forest University, Winston-Salem, NC 27157, United States

®Department of Automation, Tsinghua University, Beijing 100084, P.R. China

*Corresponding authors. Guogiang Yu, Department of Automation, Tsinghua University, 1 Qing Hua Yuan, Beijing 100084, P.R. China.

E-mail: yug@tsinghua.edu.cn; Yue Wang, The Bradley Department of Electrical and Computer Engineering, Virginia Polytechnic Institute and State University,
900 N Glebe Rd, Arlington, VA 22203, United States. E-mail: yuewang@uvt.edu.

= equal contribution.

Associate Editor: Vinicius Maracaja-Coutinho

Abstract

Motivation: Mapping the gene networks that drive disease progression allows identifying molecules that rectify the network by normalizing
pivotal regulatory elements. Upon mechanistic validation, these upstream normalizers represent attractive targets for developing therapeutic
interventions to prevent the initiation or interrupt the pathways of disease progression. Differential network analysis aims to detect significant
rewiring of regulatory network structures under different conditions. With few exceptions, most existing tools are limited to inferring differential
networks from single-omics data that could be incomplete and prone to collapse when trans-omics multifactorial regulatory mechanisms
are involved.

Results: We previously developed an efficient differential network analysis method—Differential Dependency Networks (DDN), that enables
joint learning of common network structure and rewiring under different conditions. We now introduce the integrative DDN (iDDN) tool that
extends this framework with biologically principled designs to make robust multi-omics differential network inferences. The comparative experi-
mental evaluations on both realistic simulations and case studies show that iDDN can help biologists more accurately identify, in a study-
specific and often unknown trans-omics regulatory circuitry, a network of differentially wired molecules potentially responsible for phenotypic
transitions.

Availability and implementation: The Python package of iDDN is available at https://github.com/cbil-vt/iDDN. A user’s guide is provided at
https://iddn.readthedocs.io/.

circuitries (Zhang et al. 2009, Mitra et al. 2013, Nouri et al.
2024). By focusing on condition-driven structural changes,
these topological signature molecules represent logical targets
for normalizing pivotal regulatory circuits associated with dis-
ease progression, due to their potentially profound down-
stream effects within gene networks (Zhang et al. 2016,
Herrington et al. 2018, Fu et al. 2024).

Mapping the gene network structure requires multi-omics
data acquired from the same samples and an integrative net-
work inference framework that can represent true associa-
tions between multi-omics regulators and effectors in a
graph. Most previous approaches for regulatory network in-

1 Introduction

Traditional differential expression analysis often overlooks
genes with modest expression shifts but crucial roles in cellular
responses, due to its focus on large expression changes (Hu
et al. 2016, Nouri et al. 2024). In contrast, mapping the gene
regulatory networks (GRNs) empowers identifying molecules
that may rectify the pivotal regulatory elements, rather than
targeting peripheral downstream effectors (Theodoris et al.
2023, Cui et al. 2024) These insights have driven the develop-
ment of differential network analysis, which searches for
changes in the regulatory network wiring diagram that are as-

sociated with disease progression (Kadelka and Murrugarra
2024). For example, several networks of differentially con-
nected molecules under different conditions were identified
based on study-specific and often unknown baseline regulatory

ference have relied on correlation metrics to measure the co-
expressions of molecule nodes in a network (Mitra et al.
2013, Kamimoto et al. 2023). However, these methods are
limited to marginal correlation networks that are estimated
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using univariate analysis and do not distinguish between di-
rect and indirect relationships. As a result, theoretically, this
limitation will lead to transitive connections and false-
positive edges and generally cannot infer true network struc-
tures (Zhang et al. 2009, Nouri et al. 2024). This drawback
has been addressed in the Gaussian Graphical Model (GGM)
framework, which explicitly characterizes the conditional de-
pendence among variables of the corresponding network
structure (Meinshausen and Bithlmann 2006). The GGM
framework has since been further advanced through methods
like fused-Lasso Differential Dependency Network (DDN)
and Joint Graphical Lasso (JGL), which are designed to de-
tect the rewiring of network structure under different condi-
tions (Zhang and Wang 2010, Danaher et al. 2014, Fu et al.
2024). Nevertheless, with few exceptions, most existing tools
remain limited to inferring differential networks from single-
omics data. This limitation renders them incomplete and
prone to collapse when addressing the multifactorial regula-
tory mechanisms inherent in trans-omics studies (Class et al.
2018, Yuan and Duren 2025).

Here, we introduce integrative DDN (iDDN), an open-
source software tool with a biologically principled design to
support multi-omics differential network inferences. To ac-
complish this, we improved our previously developed DDN
tools, which utilize fused Lasso regressions to jointly learn
common and rewired network structures (Tian et al. 2014,
Fu et al. 2024), by incorporating three novel and practical
functional designs: (i) a concatenated GGM with trans-omics
layers to represent intra-omics and inter-omics associations,
(i) feasible and flexible application of modeling constraints
to comply with a priori regulator-effector relationships, and
(iii) integrative algorithmic acceleration strategies to make ac-
curate and robust inference of multi-omics network structure
and rewiring (Fig. 1). We demonstrate the effectiveness and
utility of these new features in iDDN through both realistic
simulations and biomedical case studies, showing improved
accuracy in differential network analysis compared to bench-
mark methods.

2 Methods

After a brief review of the DDN framework, we introduce the
iDDN framework, its acceleration strategies, and considera-
tions for hyper-parameter tuning. More details can be found
in Supplementary Section S1.

2.1 Review of the DDN framework

Here, we consider the problem of simultaneously learning the
common structure and the rewiring of a GGM between two
conditions. Consider the same set of p molecular variables
under two conditions, with sample sizes Ny and N, and let
the data matrices be denoted as XV and X¥). We formulate
DDN inference using fused Lasso regression (Zhang and
Wang 2010, Fu et al. 2024). Specifically, for node (molecule)
i, under each condition, we treat all other nodes as predictors
and denote the coefficients as ﬁl(l) and ﬂfz), respectively. In ad-
dition, we impose sparsity penalties on ﬁ;” and ﬁ;z), as well
as their differences. The objective function for each node i =
1, 2, ..., pisdefined as
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LDDN(i) = Ldata + Lsparsity + Lsimilarity~ (1)

Here, Lg,, is the data term about regression error:
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where yf.l) and yEZ) denote the observations of node 7 under

the two conditions. Additionally, the ith elements of ﬂ,m and
ﬂgz) are set to 0, as we do not model self-regulation. The
Lgparsicy term enforces sparsity of coefficients:
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while Lgmilaricy encourages the similarity of networks under
two conditions:

ﬂl(l) . ﬂl(z)

Lsimilarity =X
1

Here, 1; and 4, are the L; regularization hyperparameters
on common and differential edges, respectively. The goal is
to solve g, = (ﬂ,m,ﬂfz)) that minimizes Lppn(7) for each node.
If the regression coefficient f; from node j to node i is zero,
the two variables are conditionally independent given the
observations of other nodes. Conversely, a nonzero f;; indi-
cates that node j and i are not conditionally independent, and
an edge is drawn between them in the resulting network. The
Liparsicy term enables the inference of a sparse common graph
structure, while the Lgmilariey term ensures reliable detection
of sparse network rewiring between two conditions, reducing
false positives caused by data inconsistencies.

2.2 iDDN framework

Network-based multi-omics data integration aims to infer
associations among molecular features within and across
platforms, providing a more complete and mechanistic un-
derstanding of gene regulatory ecosystems (Fig. 1B). To cap-
ture information across multiple intra-omics layers, we
designed the iDDN framework using a layered trans-omics
GGM to infer common network structure and dependency
rewiring within and between layers under different condi-
tions (Fig. 1A). When a priori regulator-effector relationships
are known, iDDN can flexibly and readily incorporate them
as biologically plausible constraints (Fig. 1C).

In DDN, the goal is to estimate the coefficients for node i
under two conditions, denoted as ﬂgl) and ﬂl(z). In iDDN, the
major difference is that for node 7, we allow it to depend only
on a specific set of nodes A(7), which imposed binary choices
between predictors and dependent variables. In DDN, the set
of predictors always includes all other nodes, such that
AG)={1,...,i-1,i+1,...p}. In contrast, iDDN allows
users to specify A(7) for each node, indicating which nodes
are permitted to connect to node i As a result,
Agi)c{l,..,,i—l,i—&—l,p}. For clarity, we use ﬁl(.jq)(i) and

ﬂl(._ A>(i> to denote the coefficients we aim to estimate for node i

in iDDN. We formulate iDDN as a convex optimization
problem, with the following objective function:
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Figure 1. Overview of the iDDN workflow and key features. (A) iDDN workflow. iDDN is designed to accurately and efficiently infer common and
differential networks (top left) from multi-omics data under two conditions (top right). It is a user-friendly Python package that enables users to define
omics layers, incorporate prior constraints (bottom left), efficiently infer networks, tune hyperparameters, and visualize the results (bottom right). (B)
Multi-omics data integration. iDDN models relationships among molecules both within and across multiple omics layers. The figure illustrates a network
integrating three types of omics data. (C) Incorporating prior constraints. iDDN allows for the inclusion of prior known regulatory relationships as
constraints in the optimization process. The example highlights the specification of known TF-target gene relationships as allowable edges in iDDN.

LiDDN (l) = Ldata + Lsparsity + Lsimilarity . (2)

Here, the data term is defined as follows:
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Here, X Al 18 the columns corresponding to A(i) in the ob-

served data under the first condition, and X )) is similarly de-
fined. Next, we have
)

Here, [} is the coefficient for the molecule j. Unlike DDN,
iDDN allows each pair of molecules to have different sparsity
constraints, which is useful when modeling layers with dis-
tinct biological properties. The Lgmijariry term is
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This term permits different similarity penalties for each
edge, which is useful when some layers exhibit higher

consistency between conditions, while others are expected to
have more frequent rewiring events.

We note that iDDN standardizes the data such that each
feature under each condition has a mean of zero and a unit
variance. As a result, users need to filter out features with
zero variance in either condition. Typically, this step is part
of broader feature selection processes, which depend on spe-
cific data characteristics and biological questions.

2.3 Specifying constraints in iDDN
The introduction of the dependent set A(i) in the iDDN
framework simplifies the integration of layers of omics data
and allows flexible specification of the relationships between
layers. For instance, biological constraints can be readily ap-
plied to align with the central dogma or other known regula-
tory mechanisms by appropriately specifying which
molecules are permitted to connect to each molecule.
Additionally, iDDN facilitates the incorporation of con-
straints across molecules both within and between layers. If
the specified constraints between node i and j are directional
(e.g. i — j), we assign i € A(j) and j &€ A(7). This accommo-
dates known regulatory directions between molecules.

To illustrate these ideas, we use a two-layer toy example
with three transcription factors (TFs) and three (non-TF) tar-
get genes (Fig. 1C). Based on regulatory knowledge, we



assume that there are edges among TFs and edges from TFs
to targets, but no edges exist among the non-TF genes. We
can easily encode this knowledge into A(i). Assuming the first
three nodes represent TFs, and the remaining three represent
targets, we specify: A(1)=1{2, 3}, A(2)={1, 3}, and
A(3) = {1,2}. Here i € A(i) as self-regulatory effects are not
modeled, and nodes beyond 3 are excluded since TFs are not
regulated by non-TF genes. For nodes 4 to 6 (the targets), we
set A(i)={1, 2, 3}, i=4,...,6, indicating each gene can
only be regulated by TFs.

2.4 BCD algorithm for iDDN

We adapted and modified the Block Coordinate Descent
(BCD) algorithm to mlmrmze the 1DDN objective function

Lippn by jointly learning ﬂzA and ﬂ;A(z In the BCD algo-
rithm, at each step, we update a pair o varlables correspond—
ing to a molecule under two conditions: Bij D and [5 ,j € AQ).
During this step, all other nodes are flxed In the subsequent
step, another molecule (e.g. j+ 1) is updated, and the process
cycles through all nodes until convergence. Convergence is
evaluated based on the mean absolute change of the varia-
bles, with a threshold of 107°. Once convergence is achieved
for node i, the algorithm proceeds to the next node (i+1),
until all nodes 1,...,p are processed. During each step of the
BCD algorithm, the objective function for node i when updat-
ing node j, is defined as:

LiDDN (1)/ = Ldataj + Lsparsity,i + Lsimilarity,/7 (3)

where the subscript j emphasizes that node j is being updated
in this step. The data term is defined as:

2
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where ¢ denotes each condition, A(i) j refers to all nodes in
A(i) except j, and X represents observed data for node j un-
der condition c. We define

2 . 2
ﬁ»+ZMWM%MMD
keA(i)j
As for the similarity term, we have

B+ Z (i

keA(i)

1
B+

Lsparsity,j :/11 (177) <

s 1
L Wi f)BY —p kB - B

similarity,j —

If we define the residual as yfcr)es, yl@ Xf:(),) ﬂfi() and

i nore terrns in Lparsityj and Lgimitariry; that are 1rrelevant to

ﬂ and ﬂ , the simplified objective function becomes:
2 2
Lippn ( Z 3’, resi ,(C)ﬁ,(;) +A1(4,7) /31(';)
c= 2
(4)
+ (i) B = B3|

Smce feature in X(©) are standardized, the optimal values of
ﬂi ) and ﬂ ) can be derived in closed form depending on the
relat1onsh1p between y;,,;, X7, 41(i,/), and 2> (4,7), which can
be categorized into 13 distinct conditions (Zhang and Wang

Wang et al.

2010). The iDDN framework also incorporates additional
strategies to accelerate computation. More details can be
found in Supplementary Section S1.

2.5 Hyper-parameter tuning

The results of iDDN depend on the choice of hyper-
parameters A; and A,. While the iDDN package provides sev-
eral methods for hyper-parameter tuning, we encourage users
to utilize their domain knowledge to verify and interpret the
results, rather than overly relying on automated parameter
selection methods. In this section, we discuss cross-validation
grid search functions; additional methods are detailed in
Supplementary Section S1. By default, we perform repeated
5-fold cross validation 10 times (Pedregosa et al. 2011). The
iDDN package supports both a 2D grid search for combina-
tions of 41 and 4, and a sequential search (first determining
A1, followed by 4;). For a given pair of 1; and 4,, we apply
iDDN to a randomly selected training subset of the dataset
(80% by default) to infer the networks. For each node under
each condition, the relative reconstruction error is computed
on the test subset (20% by default) using the inferred net—
work. Specifically, after binarizing the iDDN inferred ﬂ

we perform linear regression to re-estimate the regress1on
coefficients using the selected features without a sparsity pen-
alty. This re-estimation step is necessary to avoid the impact
of A1 on the coefficients. Using these regression coefficients,
we estimate the values of the test samples, denoted as x.g.
The relative error for node 7 under condition ¢ is calculated as

— Xtruth )
var (x truth )

(o) var(Xes

err; © =

where x4 represents the ground truth values for the test
samples. The final error for a pair of 4y and 4, is obtained by
averaging the errors across all nodes and conditions. The op-
timal values of 1; and A, can then be selected either by di-
rectly using the pair corresponding to the minimum error, or
by applying the 1-standard error rule (Friedman ez al. 2017).

3 Validation of iDDN accuracy and efficiency

We first introduce synthetic datasets and evaluation criteria,
followed by a demonstration of the benefits of incorporating
multiple omics types and prior constraints. Next, we present
a comparative evaluation with peer methods and analyze the
computational cost of iDDN using a real single-cell multi-
omics dataset. An ablation study of iDDN is provided in
Supplementary Section S5.

3.1 Experiment setup and evaluation criteria

To simulate GRNs, we created a scale-free, three-layer GGM
consisting of 50 mRNAs, 50 TF proteins, and 50 miRNAs
(Zhang et al. 2016). Using this network as a template, we
generated networks under two conditions by randomly re-
moving 25% of edges in each instance, with 200 samples gen-
erated for each condition. The accuracy of network inference
was evaluated by four metrics: partial Receiver Operating
Characteristic (pPROC) curves for the common dependency
network (CDN), F; scores for the CDN and the differential
dependency network (DDN), and the average F; score. The
Fy score is defined as the harmonic mean of precision and re-
call. Given that iDDN relies on the selection of hyperpara-
meters 4 and A, we evaluated iDDN and peer methods
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Figure 2. Simulation studies of iDDN. (A) Integration of multiple layers improves the estimation accuracy of mRNA layer. Each line represents one
combination of layers. For the first case, results using DDN3.0 are shown. Top: Partial Receiver Operating Characteristic (0ROC) curves for estimating
the common network between two conditions. These curves are generated by varying the 4; values, with 1, selected to achieve the best F; score for
each 11. The annotated number represents the area under the pROC curve [normalized by the false positive rate (FPR) cutoff]. Bottom: F; scores versus
A1 values for estimating the differential network. The highest F; score for each method is annotated, corresponding to the order in the top figure.

(B) Incorporation of prior constraints enhances performance. A higher “mask out” ratio corresponds to stronger constraints. Results from DDN3.0 are
shown when no constraints are applied. Top: pROC results for common network inference. Bottom: Results for differential network inference.

(C) Comparison of iDDN, JGL, and iDINGO. Constraints used by iDDN are post-applied to JGL and iDINGO. Top: pROC results for common network
inference, Bottom: Differential network results. Note that the differential network results for iDINGO fall below the y-axis range in the bottom figures.

using 640 combinations of these parameters to minimize the
influence of hyperparameter selection. Each combination was
repeated 30 times. For each value of 41, we selected the 4,
value corresponding to the highest F; score. The pROC and
Fy curves for varying 41 values were then plotted. Additional
details are provided in Supplementary Section S2.

3.2 Impacts of layer numbers and prior constraints

We validated the performance of iDDN by progressively in-
corporating additional data types and evaluating the infer-
ence accuracy of the mRNA network (Fig. 2A). Specifically,
we considered four combinations of layers: (i) mRNA layer
only, (ii) mRNA + TF protein, (iii) mRNA + miRNA, and
(iv) mRNA + TF protein + miRNA. We simply applied
DDN3.0 for the first case. The evaluation was performed on
the mRNA layer only. For this analysis, we examined a sce-
nario where each TF protein or miRNA was connected to
five mRNAs. The top panel of Fig. 2A illustrates the pROC
of common network estimation, demonstrating that incorpo-
rating more data types resulted in improved performance.
The bottom panel presents the F; scores across different 44
values when estimating the differential network, where a
higher F; score indicates better performance. Consistently,
the inclusion of additional omics types led to enhanced accu-
racy. When compared to the results for the common network,
incorporating multiple omics types—particularly when using
both the TF protein and miRNA layers—provided even

greater benefits for differential network estimation. This im-
provement is likely due to the increased challenges associated
with estimating differential networks, where additional infor-
mation yields more pronounced advantages. Overall, these
results confirm that iDDN effectively integrates multi-omics
data, significantly enhancing the inference accuracy of both
common and differential network structures.

We also evaluated the impact of imposing a priori
regulator-effector constraints by varying the percentage of
search space reduction. Specifically, we masked different pro-
portions (0%, 20%, 50%, and 80%) of edges that were not
true edges, with stronger constraints corresponding to a
higher percentage of masked edges. When 0% of edges were
masked, we simply applied DDN3.0. Unlike the previous ex-
periment, this evaluation was performed using all layers and
edges. The results, in which each regulator was connected to
five targets, are presented in Fig. 2B. Accuracy in estimating
both the common and differential networks improved with
stronger constraints. The benefits of imposing constraints
were especially pronounced for differential networks. These
findings demonstrate that iDDN effectively leverages prior
knowledge to enhance inference accuracy. Additional results
can be found in Supplementary Section S3.

3.3 Comparative evaluation with peer methods

We compared the accuracy of iDDN with two most relevant
peer methods: JGL (Danaher et al. 2014) and iDINGO (Class
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et al. 2018). Similar to iDDN, JGL learns two GGMs under
two conditions and requires two hyper-parameters, 4; and
A>. Therefore, for a fair evaluation, we used 640 combina-
tions of hyperparameters. The precision matrices obtained
from JGL were converted into common and differential net-
works for performance evaluation. When using iDINGO, to
better adapt to its framework, we combined two regulatory
layers into one layer and treated the mRNA layer as the sec-
ond layer. By default, iDINGO scans a range of 1; values to
estimate the common network. However, since it did not al-
ways select the optimal A1, we adjusted the comparison to be
fairer by using 4; values that worked well with iDDN. Then
we set a range of thresholds on iDINGO scores matrices to
generate corresponding common and differential networks.
For this simulation, we imposed constraints that masked
50% of edges that were not true. To ensure fair comparisons,
we enhanced the performance of JGL and iDINGO by post
applying the constraints on their results. Specifically, all edges
disallowed by the constraints were removed. We refer to
these post-processed versions as JGL-post and iDINGO-post.

We compared iDDN, JGL-post, and iDINGO-post in a sce-
nario where each regulator was connected to five mRNAs
(Fig. 2C). For iDDN and JGL-post, as in previous analyses,
each data point corresponds to a Ay value, with the corre-
sponding 1, chosen to achieve the highest F; score. For
iDINGO-post, each point represents a threshold applied to
the estimated common or differential score matrix. In this
simulation, iDDN outperformed both JGL-post and
iDINGO-post in estimating both common and differential
networks. Although iDINGO performed well for common
networks—attributable to its use of graphical lasso on the
combined data—it did not perform as well for detecting dif-
ferential edges. Overall, the results demonstrated that iDDN
provided more accurate network inference than the peer
methods. Additional results are presented in Supplementary
Section S3.

3.4 Evaluation of running time and memory usage

We evaluated the computational cost of iDDN and peer
methods using a publicly available single-cell ATAC+RNA
sequencing dataset (10x Genomcis 2010). The evaluations
were conducted on a workstation equipped with an Intel
Xeon ES5-2630 v3 CPU, 128GB RAM, and running Ubuntu
24.04. Unless otherwise stated, all comparisons used 41 =
0.05 and 1, = 0.005 to reflect a realistic network density,
with computations distributed across 12 CPU cores.
Additional details on pre-processing, as well as results per-
taining to network sizes, sample sizes, and sparsity levels, are
provided in Supplementary Section S4.

We first compared the efficiency of iDDN, DDN, and JGL
on a two-layer network using the RNA-seq data. iDINGO
was excluded from this comparison as it has been shown to
be significantly slower in prior studies (Fu et al. 2024). As
reported in Supplementary Table S1, JGL was efficient for
small networks with fewer than 100 genes. However, for net-
works containing 1000 genes, JGL required over 45 min,
whereas iDDN completed the task in just 7.2's. This demon-
strates that iDDN is substantially more efficient than JGL,
even for networks of moderate size. For smaller networks,
iDDN showed no major performance advantage over DDN
due to the relatively high overhead cost of initializing parallel
computing. However, this overhead becomes negligible for
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Table 1. Running time and memory usage of iDDN on a large network
with 109582 features and 2442 samples based on PBMC data.

M Time (s) Memory (GB) Network density
0.025 1718 20.6 0.1185
0.05 1669 19.4 0.0299
0.1 1662 19.1 0.0046

larger networks (as detailed in Supplementary Table S2).
Next, we assessed the performance of iDDN on a large three-
layer network composed of TFs, ATACs, and non-TF
mRNAs (Supplementary Section $8.2). In this network, TFs
were allowed to connect to any ATAC site, while each ATAC
site could only connect to mRNAs located on the same chro-
mosome. After merging the RNA and ATAC datasets, the fi-
nal dataset comprised 1344 T cells, 1098 monocytes, 19 131
mRNAs (including 1163 TFs), and 90 451 ATAC sites. We
tested the running time and memory usage of iDDN on this
large network under different sparsity penalties (Table 1).
iDDN completed each task in approximately 30 min, requir-
ing around 20 GB of memory, including the memory used for
loading datasets. These results demonstrate that iDDN is not
only more efficient than peer methods but is also well-suited
for application on large-scale datasets.

4 Biological case studies

We first applied iDDN to three in-house multi-omics data-
sets. These datasets were chosen because they represent high-
quality multi-omics data acquired from the same subjects,
addressing scientific questions related to diseases. In addition,
we applied iDDN to a publicly available PBMC single-cell
multi-omics dataset. Here, we present the applications on the
CPTAC and GPAA datasets. The results for the other two
datasets are available in Supplementary Sections S7 and S8,
respectively.

4.1 CPTAC ovarian cancer data

We applied iDDN to multi-omics data from the CPTAC-
OV2 prospective study, which performed a comprehensive
proteomics and genomics characterization of human ovarian
high-grade serous carcinoma tumors (Zhang et al. 2016). For
82 ovarian cancer tumor samples, we obtained matching
RNA-seq data from the NCI database. After performing total
count normalization, we excluded features with more than
10% missing data and applied mean imputation. Among
these samples, 19 with somatic mutations in the BRCAI1,
BRCA2 or PTEN genes were categorized as homologous re-
combination deficiency (HRD+), while 63 were grouped as
HRD-. From a list of 171 HRD-associated genes, we identi-
fied 120 that were present in the RNA-seq data. Using the
TRRUST database (Han et al. 2018), we identified the top
up-regulating transcription factors (TFs) for these genes,
uncovering 53 TFs with at least three regulated target genes
(P-value < 0.005, FDR < 0.01). Of these, 23 TFs were also
available in the proteomics data. The processed dataset in-
cluded the expression of 120 mRNAs and 23 TF proteins.
TF-binding information was incorporated as constraints by
iDDN during network inference. Using 5-fold cross-
validation and the one-standard-error rule, we selected 14 =
0.131 for this study.
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Figure 3. Application of iDDN on CPTAC ovarian cancer data with HRD+ and HRD- samples. (A) The common and differential networks inferred by
iDDN. Common edges (static dependencies), as well as differential edges for each HRD group, are depicted. TFs are shown as triangles, and target
mRNAs are displayed as circles. The thickness of each edge corresponds to the weight of the connection. (B) A focused subset of (A) highlighting
biologically significant network rewiring. Hub nodes are marked with thick outlines. Two key genes, HDAC2 and RBBP4, are emphasized with arrows.

Figure 3A shows the reconstructed common and differen-
tial networks. iDDN detected 632 common intra-omics con-
nections among the 120 genes and 107 differential intra-
omics connections. For inter-omics links between TF and
RNA nodes, 68 common edges and 25 differential edges were
identified. Figure 3B highlights the rewiring detected in the
differential network, where 11 genes and one TF were identi-
fied as hubs with high connectivity degrees. Among these
hubs, RBBP4 is one of the five genes (HDAC1, RBBP4,
RBBP7, EP300, and HUS1) involved in histone acetylation or
deacetylation, as previously identified by the CPTAC-OV1
project (Zhang et al. 2016). Additionally, the hub gene
HDAC2 was found to be a histone deacetylase.

4.2 GPAA human artery data

We applied iDDN to the GPAA human coronary artery data
(Herrington et al. 2018), which includes matched mRNA and
proteomics data for the same subject. Using the CAM3.0
method (Wu et al. 2024) on the proteomics data, we identi-
fied seven latent features (LF) corresponding to biological
processes that contribute to atherosclerosis progression. For
each LF, we determined the top 100 signature genes (SG) that
are exclusively highly expressed. For each LF, we are inter-
ested in identifying TFs that regulate the expression of a sig-
nificant portion of the SGs, as well as TFs whose regulatory
effects significantly change between normal and disease con-
ditions. Therefore, we applied iDDN to construct common
and differential regulatory networks and identified hub TFs
in each network. 1 and 1, were selected to be 0.1 and 0.04,
respectively, as these values provided reasonable numbers of
hubs in common and differential networks. The differential
network is illustrated in Fig. 4A, and hubs were defined as
TFs with degrees >5 (Fig. 4C). Details regarding the common
network results, feature filtering, constraints, and sample
grouping are provided in Supplementary Section Sé.

Pathway analysis was performed using the Enrichr web in-
terface (Kuleshov et al. 2016), revealing several significant

pathways associated with hub TFs in the common network.
For example, the TNF-alpha signaling pathway had a P-value
of 4.4e-8 in the MSigDB Hallmark 2022 database (Liberzon
et al. 2015). Another significant pathway, the
Transcriptional Cascade Regulating Adipogenesis, had a P-
value of 6.3e—10 based on the WikiPathway 2023 Human
database (Kutmon et al. 2016). Both pathways are strongly
linked to Arteriosclerosis (Fantuzzi and Mazzone 2007,
Kleinbongard et al. 2010).

From the differential network hub nodes, we also identified
several pathways with significant P-values (Fig. 4B). For ex-
ample, the SMAD2/3 pathway was highly significant, with a
P-value of 1.4e-10 according to BioPlanet 2019 database
(Huang et al. 2019). SMAD2 and SMAD3 are canonical
downstream TFs in the transforming growth factor beta
(TGFB) signaling pathway, which is implicated in atheroscle-
rosis (Kalinina et al. 2004, Deng et al. 2021) and is known to
have both protective and detrimental effects (Toma and
McCaffrey 2012). Interestingly, FOS was found among the
hub nodes. FOS is a signaling co-factor for SMADs and mod-
ulates the transcriptional response to TGFB (Zhang et al.
1998). Its identification as a hub in the differential network
suggests a potentially detrimental shift in TGFB signaling
characteristics.

5 Discussion

In this paper, we introduce iDDN as an accurate, efficient,
and versatile tool for multi-omics differential network analy-
sis. Built on a fused Lasso regression framework, iDDN ena-
bles biologically principled data integration with easy
incorporation of a priori regulator-effector constraints. We
demonstrate that iDDN outperforms related methods in both
accuracy and efficiency. Additionally, we showcase its broad
applicability through four real-world applications on diverse
types of omics datasets. We believe iDDN offers new possibili-
ties for understanding disease progression by inferring intra-
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Figure 4. Application of iDDN on GPAA coronary artery RNA-seq and proteomics data. (A) Differential network estimated by iDDN. TFs are shown on the
left, while signature gene mRNAs are on the right. The size of each node corresponds to its degree. Lines with different colors are used to represent
edges only in the NL (normal) condition or edges only in the FP (disease) condition. (B) Cluster-gram linking hub TFs in the differential network to their
corresponding enriched pathways, based on the BioPlanet 2019 database in Enrichr. Columns represent enriched terms, and rows correspond to input
genes. Each matrix element indicates whether a gene is associated with a specific term. (C) Top hub TFs in the differential network derived from GPAA
data. Only TFs with at least six rewired edges between the two conditions are shown.

and inter-omics network structures and detecting regulatory
rewiring. In this section, we discuss the novelties of iDDN, po-
tential challenges, and directions for future research. Further
discussions can be found in Supplementary Section S9.

The methodological novelties of iDDN include: (i) a flexi-
ble layer-wise Gaussian Graphical Model (GGM) framework
for integrating multi-omics data, (ii) the just-right incorpora-
tion of biologically plausible prior constraints, and (iii) highly
effective acceleration strategies and implementations. As the
result of these new features, iDDN outperforms closely re-
lated peer methods, including JGL (Danaher et al. 2014),
iDINGO (Class et al. 2018), and DDN3.0 (Fu et al. 2024), in
terms of accuracy, efficiency, and applicability. Furthermore,
iDDN is able to jointly model networks under two conditions
with any number of omics types. These novel functions make
iDDN potentially superior to existing GRN inference meth-
ods (Huynh-Thu et al. 2010, Yuan and Duren 2025) and ge-
neric network inference approaches (Langfelder and Horvath
2008). Additional discussion can be found in Supplementary
Section §9.1.

One challenge of iDDN is modeling nonlinear effects.
While methods based on nonlinear models may perform bet-
ter for some networks, iDDN is designed to complement,
rather than replace, existing tools. It is worth emphasizing,
however, that while iDDN adopts linear models for each

condition, the combined common and rewired networks in-
ferred by iDDN collectively capture a biologically plausible
and significant form of nonlinear interactions across different
biological conditions (Manicka ef al. 2023, Kadelka and
Murrugarra 2024) (Supplementary Section $9.3). Another
challenge lies in handling noisy data. Alongside quality con-
trol and preprocessing (Zhang et al. 2016), iDDN leverages
biologically plausible constraints to help mitigate spurious
signals. For datasets with a high rate of missing values, we
recommend first removing features or samples with very high
levels of missing data, followed by a tailored application of
established imputation methods (Shen et al. 2022, Du et al.
2024) (Supplementary Section $9.4).

Our future work will focus on three key aspects: (i) As
highlighted in GRN benchmark papers, different methods
may be better suited for specific networks and omics types.
To this end, we plan to comprehensively evaluate the accu-
racy of iDDN using various benchmark datasets and compare
its performance with existing GRN inference tools, such as
GENIE3 (Huynh-Thu et al. 2010), SCENIC+ (Bravo
Gonzalez-Blas et al. 2023), and LINGER (Yuan and Duren
2025). (ii) We will adapt and extend iDDN to address critical
multi-omics network inference tasks, leveraging the unique
properties of relevant datasets. For example, we aim to ex-
plore the integration of ATAC-seq data to enhance network
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inference and provide additional biological insights. (iii) We
will identify causal regulators using in silico perturbation
approaches. For instance, we may combinatorially reestablish
the wiring of a normal network from a disease-altered net-
work to detect critical rewiring events, along with the associ-
ated nodes and edges (Kamimoto et al. 2023). Alternatively,
we may use the regulatory impact factor score for each node
(Reverter et al. 2010) to identify significant regulators.
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