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Abstract

Background and Purpose: Gene regulation is frequently altered in diseases in unique

and patient-specific ways. Hence, personalised strategies have been proposed to

infer patient-specific gene-regulatory networks. However, existing methods do not

scale well because they often require recomputing the entire network per sample.

Moreover, they do not account for clinically important confounding factors such as

age, sex or treatment history. Finally, a user-friendly implementation for the analysis

and interpretation of such networks is missing.

Experimental Approach: We present DysRegNet, a method for inferring patient-

specific regulatory alterations (dysregulations) from bulk gene expression profiles. We

compared DysRegNet to the well-known SSN method, considering patient clustering,

promoter methylation, mutations and cancer-stage data.

Key Results: We demonstrate that both SSN and DysRegNet produce interpretable

and biologically meaningful networks across various cancer types. In contrast to SSN,

DysRegNet can scale to arbitrary sample numbers and highlights the importance of con-

founders in network inference, revealing an age-specific bias in gene regulation in breast
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cancer. DysRegNet is available as a Python package (https://github.com/

biomedbigdata/DysRegNet_package), and analysis results for 11 TCGA cancer types are

available through an interactive web interface (https://exbio.wzw.tum.de/dysregnet).

Conclusion and Implications: DysRegNet introduces a novel bioinformatics tool

enabling confounder-aware and patient-specific network analysis to unravel regula-

tory alteration in complex diseases.

K E YWORD S

cancer and carcinogenesis, computational pharmacology, epigenetics, gene transcription,
mathematical modelling, systems pharmacology

1 | INTRODUCTION

Gene regulatory network (GRN) inference methods model regulatory

relationships, based on gene co-expression measures such as (condi-

tional) mutual information or (partial) correlation (Chai et al., 2014). A

directed network is typically created by limiting the inference to tran-

scription factors (TFs) and their putative target genes. While methods

such as GENIE3 (Huynh-Thu et al., 2010) or ARACNE (Margolin

et al., 2006) identify static GRNs from gene expression data, dynamic

methods can compare the co-expression under different conditions

(Bhuva et al., 2019).

Differential expression and co-expression analysis methods

designed to compare two groups or more (e.g. disease and control)

typically cannot account for disease heterogeneity, identify disease

subgroups or describe patient-specific dysregulation patterns. In con-

trast, methods identifying patient-specific gene expression aberrations

in a one-against-all comparison can report sample-specific outlier

genes (Cummings et al., 2017; Kremer et al., 2017). However, these

approaches cannot pinpoint the source of the dysregulation. For

instance, a mutated TF may not change in expression but still can

behave differently in regulating its target genes, thus highlighting that

co-expression should be considered at the single-patient level.

Some methods for studying patient-specific regulatory patterns

have been proposed (Chen et al., 2023; Huang et al., 2021; Kuijjer

et al., 2019; Lee, Huang, & Han, 2020; Liu et al., 2016; Maron

et al., 2021; Park et al., 2019). Most methods calculate the Pearson

correlation between two genes before and after adding/removing

one sample. Some, such as SSN (X. Liu et al., 2016), evaluate the

significance of this difference using transformations to z-scores or

P-values. P-SSN (Huang et al., 2021) expands upon this technique

by incorporating partial correlation to account for indirect interac-

tions. LIONESS (Kuijjer et al., 2019) can be adapted to any network

inference approach, returning a weighted adjacency matrix, but does

not offer any significant assessment. SWEET (Chen et al., 2023)

extends the LIONESS approach by incorporating a sample-to-sample

correlation weight to account for variations in subpopulation sizes,

but is limited to Pearson correlation as a network inference strategy.

Nakazawa et al. (2021) defined an edge contribution value to

extract subnetworks from Bayesian networks inferred from all

samples, and used this approach successfully for cancer subtyping.

We note that existing approaches cannot correct for confounders

such as sex, age and origin of the sample, which can impact the

analysis at a single sample level. Moreover, the leave-one-sample-

out approach is computationally expensive, especially for large

cohorts.

These limitations motivated us to develop DysRegNet, a

method that first infers linear models from control samples, where

the TF expression is considered the explanatory variable and the

expression of its target gene is the response variable. Subsequently,

we consider the residual for each patient sample to determine if the

co-expression pattern deviates from the expected value. The linear

model allows DysRegNet to correct for known covariates and to

compute results (including significance) considerably faster than

competing methods (Supporting Information Note 1). We show that

DysRegNet can infer biologically meaningful patient-specific

networks and compare them to results from the SSN method (Liu

et al., 2016), a state-of-the-art representative of correlation-based

methods.

What is already known

• Patient-specific alterations in gene regulation play a key

role in complex diseases.

• These alterations can be studied using patient-specific

regulatory networks.

What does this study add

• We present DysRegNet, a tool for patient-specific and

confounder-aware dysregulated network inference.

• DysRegNet is freely available as a Python package.

What is the clinical significance

• Patient-specific networks provide insights into complex

diseases and might point to novel therapeutic targets.
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2 | METHODS

2.1 | The statistical model behind DysRegNet

We define a reference network N¼ G,T,Eð Þ, where G is a set of gen-

es,T ⊆G is a set of TFs, and E⊆ T�G is a set of edges connecting TFs

t� T to target genes g�G. The role of the reference network is to

limit the search space for potentially dysregulated edges and to pro-

vide prior information about expected healthy regulations. We discuss

possible choices for the template network in Section 4.3.

For every pair of connected nodes ti,gj
� �

, the relationship

between the expression profiles of a TF ti and a target gene gj can be

modelled as

bEH gj
� �¼ βH0 þβH1 �EH tið Þþ

XL
l¼2

βHl �CH
l

� �
, ð1Þ

where EH tið Þ is the expression of a TF ti in a cohort of healthy con-

trols; bEH gj
� �

is the expected expression of a target gene gj in a cohort

of control samples; CH
2 , ::,C

H
L

n o
is a set of available covariates such as

age, ethnicity and sex; and βH0 ,…,β
H
L

� �
are coefficients estimated with

an ordinary least squares model.

An edge eij ¼ ti,gj
� �

is dysregulated for a patient p if the edge

exists in the reference network N, and, for patient p, the expression of

gj cannot be reliably estimated using the model from

Equation (1). Formally, this means that the expected expression of
bEp gj
� �¼ βH0 þβH1 �Ep tið ÞþPL

l¼2
βHl �Cp

l

� �
is significantly different from the

actual value of Ep gj
� �

. This difference can be defined as a residual of

the model, that is, rpij ¼ Ep gj
� ��bEp gj

� �
, which can be converted to a

z-score using the following transformation:

zpij ¼
rpij � rHij

σ rHij

� � , ð2Þ

where rHij and σ rHij

� �
are the mean and standard deviation of the con-

trol cohort residuals rHij ¼ EH gj
� ��bEH gj

� �
. The z-scores are converted

to P-values using the standard normal distribution and subsequently cor-

rected for multiple hypothesis testing regarding the number of patients

with the Bonferroni correction procedure at a 0.01 significance level.

2.2 | Data and statistical analysis

The data and statistical analysis in this study comply with the recom-

mendations of the British Journal of Pharmacology on experimental

design and analysis in pharmacology (Curtis et al., 2022).

2.2.1 | Data preprocessing

All data from The Cancer Genome Atlas Program (TCGA) (comprising

gene expression profiles based on bulk RNA-seq, methylation,

mutation and sample metadata) were acquired from the XENA

browser (https://xena.ucsc.edu/) (Goldman et al., 2020). We included

11 cancers with at least 30 control samples available (labelled ‘Solid
Tissue Normal’). We used log2 tpmþ0:001ð Þ normalised counts of

the PANCAN cohort as a gene expression dataset (see Table S1 for

the exact sample numbers). We retained only genes expressed in at

least 80% of the patients of a cancer type. Subsequently, we standar-

dised the expression data gene-wise based on the mean and standard

deviation of the cancer-specific control samples.

The three sample-level confounders used for DysRegNet (sex,

age and ethnicity) were obtained from the curated clinical data. Miss-

ing values for age were replaced with the mean age across all samples

of a cancer type.

Illumina 450K DNA methylation array data was filtered for CpG

sites associated with promoter regions (according to Illumina's annota-

tion). We then calculated the mean of all methylation β-values associ-

ated with the same gene to obtain a methylation value for each gene

in each sample.

Somatic mutations were mapped to their genes. In our analysis,

we considered mutations of 12 different effect categories: missense,

nonsense, intron, frameshift deletion, frameshift insertion, splice site,

in-frame deletion, in-frame insertion, RNA, translation start site, non-

stop mutation and large deletion.

2.2.2 | Reference networks

In our analyses, we used three types of reference networks: computa-

tionally inferred networks using GENIE3 (Huynh-Thu et al., 2010), an

experimentally derived regulatory network from the Human Tran-

scriptional Regulation Interactions database (HTRIdb) (Bovolenta

et al., 2012) and a protein-protein interaction (PPI) network from

STRING (Jensen et al., 2009).

GENIE3

GENIE3 uses an ensemble of trees to estimate the strength of the

regulatory relationship between all possible TF-target gene pairs. A list

of 1639 human TFs was used from Lambert et al. (2018) (http://

humantfs.ccbr.utoronto.ca/) to limit the search space. To obtain

cancer-specific reference networks, we ran the GENIE3 R package

(https://github.com/aertslab/GENIE3, version 1.20.0) individually on

the control samples of each cancer type. The shared network was

derived by summing up the edge importance scores of all cancer-

specific networks. For all GENIE3-inferred networks, we retained only

the top 100,000 highest-scoring edges. We chose this cutoff to obtain

networks that fall in between the relatively small HTRIdb and the

much larger STRING network in terms of size.

HTRIdb

The Transcriptional Regulation Interactions database (http://www.

lbbc.ibb.unesp.br/htri) is an open-access database for experimen-

tally validated TF-target gene interactions. The database provides

information about regulation interactions among 284 TFs and
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18,302 target genes detected by 14 distinct techniques (Bovolenta

et al., 2012), namely, chromatin immunoprecipitation, concatenate

chromatin immunoprecipitation, CpG chromatin immunoprecipita-

tion, DNA affinity chromatography, DNA affinity precipitation

assay, DNase I footprinting, electrophoretic mobility shift assay,

southwestern blotting, streptavidin chromatin immunoprecipitation,

surface plasmon resonance and yeast one-hybrid assay, chromatin

immunoprecipitation coupled with microarray (ChIP-chip) or

chromatin immunoprecipitation coupled with deep sequencing

(ChIP-seq).

STRING

The STRING database (http://string-db.org/) is dedicated to protein–

protein interactions. It was included in our assessment for a fair com-

parison between DysRegNet and SSN (X. Liu et al., 2016), which was

originally evaluated using the STRING network. Following the

described methodology, we also considered high-confidence interac-

tions with a combined score larger than 0.9, retaining a total of

197,969 edges. The combined score is an aggregate of seven channels

(neighbourhood, fusion, co-occurrence, co-expression, experimental,

database and text mining).

2.2.3 | Patient clustering

We evaluated the similarity between patient-specific networks by

computing a pairwise overlap coefficient for the set of dysregulated

edges, that is,

o pi ,pj
� �¼ Epi \Epj

�� ��
min Epi

�� ��, Epj�� ��� � , ð3Þ

where Epi and Epj are sets of the dysregulated edges for patients i and

j, respectively. The resulting similarity matrix was used to cluster the

patients with spectral clustering implemented in scikit-learn (https://

github.com/scikit-learn/scikit-learn, version 1.1.3) (Pedregosa

et al., 2011).

We assigned cancer-type labels to the clusters using the

Hungarian algorithm implemented in the Munkres Python package

(https://github.com/bmc/munkres, version 1.1.4). The Hungarian

algorithm (Kuhn, 1955) assigns a cancer-type label lj to every cluster

ci by globally optimising for a cost function. In our case, we maximised

the F1 scores:

F1 ci , lj
� �¼ 2 � Pci\Plj

�� ��� �
2 � Pci\Plj

�� ��þ Plj ∖Pci
�� ��þ Pci ∖ Plj

�� ��� � , ð4Þ

where Pci is the set of patients in cluster ci and Plj is the set of patients

with the true cancer-type label lj. After assigning a label to each

cluster, we calculated and reported the average F1 score across all

label-cluster pairs.

2.2.4 | Dysregulation scores

We compute dysregulation scores to quantify the dysregulation of a

gene (either as a TF or a target gene) in an individual patient. For a tar-

get gene g, the dysregulation score is defined as ~dp gð Þ¼ dinp gð Þ�dinR gð Þ
where dinp gð Þ is the in-degree of g in the dysregulated network of

patient p and dinR gð Þ is the in-degree of g in the reference network.

Analogously, for a transcription factor t, the dysregulation score is

defined as ~dp tð Þ¼ doutp tð Þ�doutR tð Þ where doutp tð Þ is the out-degree of t

in the dysregulated network of patient p and doutR tð Þ is the out-degree

of t in the reference network.

2.2.5 | DNA methylation local model

To model the relationship between promoter DNA methylation and

target gene dysregulation, we used the following linear model:

cme gð Þ¼ βme
0 þβme

1 �~d gð Þ, ð5Þ

Here, me gð Þ¼ me1 gð Þ,…,meP gð Þ½ � is the vector of the average

(across CpGs) promoter DNA methylation (see Section 2.2.1) of target

gene g for all P patients, and ~d gð Þ¼ ~d1 gð Þ,…,~dP gð Þ
h i

is the vector of

g0s dysregulation scores. The slope coefficients βme
1 were tested for

significance with the null hypothesis H0 : β
me
1 ¼0. The P-values were

then corrected using the Benjamini–Hochberg method.

The linear models were estimated using the ordinary least squares

implementation in the statsmodels Python package (https://github.

com/statsmodels/statsmodels, version 0.13.5).

2.2.6 | DNA methylation global model

While Equation (5) allows us to test every target gene individually, we

also applied a linear mixed-effect model to investigate the global asso-

ciation between promoter methylation and dysregulation across all

target genes in the reference network. For this purpose, we built a

model with a random intercept coefficient for each target, assuming

different baseline methylation levels:

cme Gð Þ¼ βme�
0 þβme�

1 � ~DGþ γme
g , ð6Þ

where me Gð Þ are the average (across CpGs) promoter DNA methyla-

tion values for any g⊆G, ~DG ¼ ~d1 g1ð Þ, ::,~dP g1ð Þ,~d1 g2ð Þ, ::,~dP g2ð Þ,…
h i

are target gene dysregulation scores across all target genes and

patients, and γme
g is a random intercept for each target gene. The slope

coefficient βme�
1 was tested for significance with the null hypothesis

H0 : β
me�
1 ¼0.

The linear mixed-effect models were estimated using the imple-

mentation in the statsmodels Python package (https://github.com/

statsmodels/statsmodels, version 0.13.5).
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2.2.7 | Mutation local model

We tested the association between a dysregulation score for a TF and

its mutation status using a logistic regression model:

logit P mu tð Þ¼1½ �f g¼ βmu
0 þβmu

1 �~d tð Þ ð7Þ

Here, mu tð Þ¼ mu1 tð Þ,…,muP tð Þ½ � is a binary vector indicating the

mutation status (1 indicates the presence of at least one mutation, 0

means no mutation) of the TF t for all P patients, and ~d tð Þ¼
~d1 tð Þ,…,~dP tð Þ
h i

is the vector of t’s dysregulation scores. The slope

coefficient βmu
1 was tested for significance with the null hypothesis

H0 : β
mu
1 ¼0. The P-values were then corrected using the Benjamini–

Hochberg method. We only tested TFs that were mutated in at least

six patients and only considered cancer types with a least 30 TFs ful-

filling this criterion.

The logistic regression models were estimated using the imple-

mentation in the statsmodels Python package (https://github.com/

statsmodels/statsmodels, version 0.13.5).

2.2.8 | Mutation global model

To evaluate the global relationship between TF mutations and dysregu-

lation, we used a logistic mixed-effect model with a random intercept

coefficient for each TF, assuming different baseline mutation loads:

logit P mu Tð Þ¼1½ �f g¼ βmu�
0 þβmu�

1 � ~DT þ γmu
t , ð8Þ

where mu Tð Þ are binary mutation statuses for any t⊆ T, ~DT ¼
~d1 t1ð Þ, ::,~dP t1ð Þ,~d1 t2ð Þ, ::,~dP t2ð Þ,…
h i

are TF dysregulation scores, and

γmu
t is a random intercept for every TF. βmu�

1 was tested for signifi-

cance with the null hypothesis H0 : β
mu�
1 ¼0. We only tested TFs that

were mutated in at least six patients and only considered cancer types

with a least 30 TFs fulfilling this criterion.

The logistic mixed-effect models were estimated using the imple-

mentation in the pymer4 Python package (https://github.com/ejolly/

pymer4, version 0.8.0).

2.2.9 | Hypothesis testing for cancer stage analysis

We separated the samples of each cancer into two groups: an early-

stage group (stage I) and a late-stage group (stage III or stage IV). For

better separability, we excluded stage II samples from this analysis

because they pose an intermediate setting that can resemble either

stage I or III too closely. We conducted cancer stage analysis exclu-

sively for types of cancer with a minimum of 30 patients in both

groups to ensure the preservation of statistical power. We then per-

formed a one-sided Mann–Whitney U test, implemented in scikit-

learn (https://github.com/scikit-learn/scikit-learn, version 1.1.3) (Ped-

regosa et al., 2011), for every TF in the reference network to assess

whether its dysregulation scores are larger in the late stage compared

to the early-stage group. We corrected the obtained P-values for mul-

tiple testing with the Benjamini–Hochberg method.

To identify the TF most significantly dysregulated in late-stage

cancers, we ranked TFs according to their cancer-type-specific P-

values derived from the GENIE3 shared reference network. Then we

selected the TF with the lowest average rank across all cancer types.

2.2.10 | Confounder impact analysis

To assess the impact of confounders, we obtained two-tailed P-values

for the corresponding coefficients of DysRegNet's linear models

based on the coefficient's t-statistic. These P-values can be inter-

preted as the probability that the coefficient is zero and thus has no

predictive power.

We compared all models within a cancer type to identify target

genes whose expression prediction is most affected by a specific con-

founder. We further reported the target gene from the model with

the smallest P-value for the confounder in question.

Multi-label categorical confounders, such as ethnicity, resulted in

multiple (l�1, where l is the number of different categories) coeffi-

cients/P-values per model, which, for visualisation purposes, were

summarised in one distribution.

2.3 | SSN

SSN, described by Liu et al. (2016), calculates the correlation differ-

ence introduced by adding one case sample to a set of control sam-

ples. For each case sample and each pair of genes, the following score

is computed:

Z¼ ΔPCCn

1�PCC2
n

� �
� n�1ð Þ

, ð9Þ

where ΔPCCn ¼PCCnþ1�PCCn is the difference between the Pearson

correlation coefficients calculated on the control samples (PPCn) and

the control samples with one case sample (PCCnþ1), and n is the num-

ber of control samples. We further converted the Z-values into P-

values with a Z-test, as described by Liu et al. Next, we corrected the

P-values for multiple hypothesis testing using the Bonferroni method.

We set a cutoff that defines a dysregulated edge at a corrected P-

value of 0.01 or lower, equal to the cutoff selected for DysRegNet.

2.4 | Web interface

The dysregulated networks of the 11 studied TCGA cancers can be

interactively explored using a web interface (https://exbio.wzw.tum.

de/dysregnet), which was built with Plotly Dash (https://plotly.com/

dash/, version 2.0.0), the Cytoscape.js (Franz et al., 2016) wrapper

Dash Cytoscape (https://dash.plotly.com/cytoscape, version 0.2.0),

Dash Bio (https://dash.plotly.com/dash-bio, version v0.2.0) and a

KERSTING ET AL. 5
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Neo4j database (https://neo4j.com/, version 5.11.0). We inferred

the visualised networks using the GENIE3 shared reference

network.

Because the underlying network is vast and highly connected, the

interface is centred around individually selected query genes. Only the

regulatory connections between those genes and their targets or

sources are displayed to keep the resulting network compact and tidy.

Further query genes can be added to expand the graph in directions of

interest.

We displayed the fraction of patients with a dysregulation for

each regulatory connection, which is directly depicted by the corre-

sponding edge in the graph network. This metric also can be com-

pared visually between different cancer types. Furthermore, the web

interface incorporates information about the gene mutation frequency

and mean promoter DNA methylation. Heatmaps allow the investiga-

tion of the DNA methylation status and the significance of a dysregu-

lation on the patient level.

To prevent the underlying graph structure from becoming too

large, the maximum number of displayed edges is capped, and edges

can be filtered by their fraction of dysregulated patients and their

type. In case a user is interested in the full, unfiltered graph, it can be

downloaded as a CSV file.

The displayed network can be directly exported to the online sys-

tems medicine platform Drugst. One (Maier et al., 2024) to obtain

drugs targeting the dysregulated genes.

2.5 | Python package

An implementation of DysRegNet as described in Section 2.1 is avail-

able as an easy-to-access Python package (https://exbio.wzw.tum.de/

dysregnet). The linear regression modelling, as well as coefficient P-

value and R2-value calculation, was implemented based on the ordi-

nary least squares implementation in the statsmodels Python package

(https://github.com/statsmodels/statsmodels).

Our package also provides some additional features, which we

did not use in this study for better comparability with SSN. This

includes a goodness of fit filter to ignore edges with a low R2 value

and the normality filter (D'Agostino, 1971; Pearson, 1973) implemen-

ted in the SciPy Python package (https://github.com/scipy/scipy) to

test the assumption of normally distributed control sample residuals.

Furthermore, the Python package can distinguish between four possible

scenarios of dysregulation shown in Figure S7: suppressed activation

(1), amplified activation (2), amplified repression (3) and suppressed

repression (4). The Python package can be used to only consider scenar-

ios 1 and 4, which correspond to a reduced response towards the TF

expression rather than an amplified one (scenarios 2 and 3).

2.6 | Nomenclature of targets and ligands

Key genes in this article are hyperlinked to corresponding entries

in https://www.guidetopharmacology.org/ and are permanently

archived in the Concise Guide to PHARMACOLOGY 2021/22

(Alexander et al., 2021).

3 | RESULTS

3.1 | Overview of the method

DysRegNet requires a reference GRN and expression data of two

groups as input (Figure 1a). The reference network defines feasible

interactions and reduces false positives. It can consist of experimen-

tally confirmed (e.g. HTRIdb; Bovolenta et al., 2012) or computation-

ally inferred interactions (e.g. using GENIE3 [Huynh-Thu et al., 2010]

or ARACNE [Margolin et al., 2006]). The expression data have to be

partitioned into two groups: patient and control samples. Control

samples define healthy co-expression patterns, which are then used

to detect dysregulations in the patient samples. Optionally, DysReg-

Net can use confounders, such as age or sex, to refine the models

further.

Our method fits a linear regression model for every edge in the

reference network using the control samples (Figure 1b). Specifically,

we model the expression level of the TF as an explanatory variable to

estimate the expression level of the target gene. Confounding factors

serve as additional explanatory variables. After estimating the model

parameters using Ordinary Least Squares, we compute the residual

for every patient sample, that is, the difference between the predicted

expression level of the target gene and the observed one. The residual

is transformed into a z-score using the distribution of the control sam-

ple residuals for standardisation. This technique is comparable with an

outlier detection task in regression analysis. After evaluating all

patients, z-scores are transformed into P-values and corrected for

multiple testing (see Section 2.1).

The output of our method is a list of predicted dysregulated

edges for every patient, which can be integrated into a network with

one or several connected components (Figure 1c). It is important to

note that previous studies used the term ‘patient-specific (or sample-

specific) regulatory network’. We prefer to call it a patient-specific

dysregulated network because we can only identify outliers with

respect to the original GRN but not learn new edges or a gain of func-

tion specific to one sample.

DysRegNet is available as a Python package (https://github.com/

biomedbigdata/DysRegNet_package), and analysis results for

11 TCGA cancer types can be interactively explored through a web

interface (https://exbio.wzw.tum.de/dysregnet).

3.2 | Pan-cancer analysis to assess biological
relevance

We evaluated DysRegNet using 11 cancer types available in TCGA

(see Section 2.2.1) and compared the results to those obtained using

SSN (see Section 4.4 for a justification for choosing SSN as the refer-

ence method in our benchmark). We carried out four analysis types:
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patient clustering based on the computed networks, promoter methyl-

ation of dysregulated targets, dysregulation of mutated TFs and pro-

gression of dysregulation in different cancer stages (Figure 1d).

We used four types of reference networks for the evaluation:

GENIE3 individual, GENIE3 shared, experimentally verified interac-

tions from HTRIdb (referred to as experimental) and the STRING

(Jensen et al., 2009) network. The GENIE3 networks were compu-

tationally generated using the GENIE3 method, where the individ-

ual network was inferred separately for each cancer type based on

its specific control samples, and the shared network comprises the

edge intersection of all individual networks. Thus, the shared net-

work is the same for all analyses performed, whereas the individual

networks are cancer-type specific. The STRING network is not

limited to gene–regulatory interactions but considers protein–

protein interactions (PPIs). We included a PPI network in the eval-

uation for a fair comparison with the SSN method that was evalu-

ated using this network. We ran DysRegNet with three additional

sample-level confounders, namely sex, age and ethnicity, which

were all previously shown to be strong confounders in certain

types of cancers (Kim et al., 2018; Laconi et al., 2020; Özdemir &

Dotto, 2017).

For network topology visualisations, such as the number of edges

and connected components, see Figures S3 and S4.

As outlined below, all four analyses suggest that the networks

produced by DysRegNet capture biologically relevant signals and, in

many cases, to a greater extent than those produced by SSN.

F IGURE 1 Overview of the method. (a) DysRegNet requires a reference network and expression data for control and patient samples as
input. Additionally, multiple sample-level confounders can be provided. For illustration purposes, we assume the reference network has only three
edges, with two activating and one repressing interaction. (b) Our method uses the control samples to infer a linear regression model for each
edge in the reference network (the illustration focusses on the edge between genes A and B), modelling the expression level of the target gene
based on the expression level of the TF and additional confounders if provided. Subsequently, we apply the obtained models to the patient
samples, computing a residual for each patient sample. Based on the distribution of the control sample residuals, we assign a P-value to each
patient residual. A low P-value suggests that the co-expression pattern of the patient significantly diverges from the control model, leading us to
classify the edge as dysregulated. (c) Applying the described procedure to all patient samples and all edges in the reference network leads to the
final output of DysRegNet: one network for each patient sample comprising all its dysregulated edges. (d) We evaluated the inferred patient-
specific dysregulated networks using known cancer subtypes, cancer stage annotations, additional methylation and mutation data. Created with
BioRender.com
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3.2.1 | Patient-specific networks preserve
characterising features of the cancer type

Even though our method infers an individual network for each patient,

aiming to capture its potentially unique dysregulations, we expect

similarities between patients of the same cancer type. We assume

that patients with the same cancer type have similar dysregulated

edges while patients with different cancers have fewer dysregulated

edges in common. To investigate this, we evaluated the similarity

between all individual patient networks across all cancer types by

computing a pairwise overlap coefficient for their edge sets (see

Section 2.2.3).

We then used spectral clustering to cluster the patients based on

their similarity and assigned a label (i.e. the cancer type) to each clus-

ter using the Hungarian algorithm, which maximises the F1 score of

the label-cluster mapping (Kuhn, 1955). The evaluation was conducted

using the shared GENIE3, HTRIdb and STRING networks. The individ-

ual (cancer-specific) GENIE3 networks were excluded because of high

tissue specificity, making conclusions regarding the cancer specificity

of the dysregulated networks impossible.

The final F1 scores for DysRegNet and SSN are shown in

Figure 2. DysRegNet consistently performed better than SSN in this

analysis, particularly when combined with the GENIE3 shared and

experimental reference networks. This provides evidence that net-

works derived from DysRegNet can better capture cancer-

type-specific characteristics.

3.2.2 | Target genes with methylated promoters are
more likely to be dysregulated

DNA methylation plays a crucial role in controlling gene expression.

For example, when CpG sites undergo methylation within the pro-

moter region, it leads to repressed gene expression because TFs can

no longer bind (Phillips, 2008). Therefore, gene promoter methylation

is a diagnostic and prognostic cancer biomarker (Bouras et al., 2019).

Even though changes in promoter methylation represent only one

possible cause of dysregulation, we hypothesise that promoter meth-

ylation should be correlated with the dysregulation of a target gene

across many samples.

Based on this hypothesis, we benchmarked SSN and DysReg-

Net with respect to the correlation of promoter methylation and

patient-specific dysregulation. More specifically, we used linear

regression to model the promoter methylation of target genes based

on their overall dysregulation. To quantify this overall dysregulation

of a target gene in a patient, we defined a dysregulation score as

the number of its incoming edges in the patient-specific dysregu-

lated network divided by the number of its incoming edges in the

reference network (see Section 2.2.4). The dysregulation score,

therefore, represents the proportion of TFs associated with a target

gene that lost their ability to regulate it. Consequently, a high dysre-

gulation score indicates that TFs generally lost the ability to regulate

the target, which is what we would expect in cases where they can

no longer bind to the promoter because of methylation. Note that

while this would not affect TFs binding to enhancer regions, it suf-

fices to show that dysregulation is related to changes in DNA

methylation.

We built two different types of models: a local and a global one.

While the local model tests every target gene individually, the global

model tries to capture a trend across all target genes by including all

of them in one mixed-effect model, adding the target gene as a ran-

dom intercept (for details, see Sections 2.2.5 and 2.2.6). An illustration

of the differences between the two models can be found in Figure S1.

Up to 20% of the tested target genes showed a significant link

between their promoter methylation and dysregulation score

(Figure 3) in both SSN and DysRegNet. The difference between both

methods is relatively small. The results are further corroborated by

global significance tests, revealing consistent patterns across all data-

sets except thyroid carcinoma (THCA), liver hepatocellular carcinoma

(LIHC) and kidney renal clear cell carcinoma (KIRC), irrespective of the

method or reference network used.

3.2.3 | Mutated TFs have more dysregulated
targets

Mutations in TFs are associated with different types of cancer, such

as lung cancer (Keshamouni, 2018), prostate cancer (Sun et al., 2005)

and breast cancer (Takaku et al., 2020) as well as many others

(Bushweller, 2019). We hypothesise that some mutated TFs may no

longer be able to regulate their target genes, for example, because

they lost the ability to bind to their motif.

As a measure, we defined a dysregulation score for TFs analo-

gously to the dysregulation score for target genes used in the methyl-

ation analysis, the only difference being that we now focussed on

outgoing instead of incoming edges. Thus, a high TF dysregulation

score indicates that the TF had lost the ability to regulate many of its

target genes, as expected for some mutated TFs. For this analysis, we

F IGURE 2 F1 scores assessing the agreement between the
patients' cancer types and their assigned clusters. Higher is better.
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modelled the mutation state of a TF based on its dysregulation score.

Also, analogous to the methylation analysis, we performed tests using

a local and a global model. However, because we treated the mutation

state of a TF as a binary outcome, we switched from linear to logistic

regression.

Figure 4 shows the results of the local- and global-scale analyses

for all cancer types and reference network combinations investigated.

The percentages of significant local models exhibit considerably lower

and more variable values than those observed in the methylation

tests. Nonetheless, the global tests reveal a correlation between

mutated TFs and their dysregulation score across numerous scenarios.

Again, DysRegNet and SSN perform similarly.

There are multiple factors explaining the disparity in the number

of significant tests compared to the methylation analysis: A TF muta-

tion is only one possible source of dysregulation, and only some spe-

cific mutations will affect the regulatory ability of TFs. Furthermore,

most TFs were mutated only in a handful of patients, reducing the sta-

tistical power of our analyses.

F IGURE 3 Percentages of target genes with a significant association (Benjamini–Hochberg adjusted P-value ≤ 0.05) between their promoter
methylation and target gene dysregulation based on the local models. Bars with a star indicate that the global model (including all target genes)
showed a significant association between promoter methylation and target dysregulation.

F IGURE 4 Percentages of TFs with a significant association (Benjamini–Hochberg adjusted P-value ≤ 0.05) between their mutation status
and dysregulation. Bars with a star indicate a significant relationship based on the global model. Only cancer types with at least 30 TFs mutated in
at least six patients were investigated.

KERSTING ET AL. 9

 14765381, 0, D
ow

nloaded from
 https://bpspubs.onlinelibrary.w

iley.com
/doi/10.1111/bph.17395 by D

kfz Z
entralbibliothek K

rebsforschungszentrum
, W

iley O
nline L

ibrary on [21/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Because of this, we still see the significant relationship between

mutated TFs and their dysregulation indicated by global tests as fur-

ther evidence of the biological meaningfulness of patient-specific

networks.

3.2.4 | Patients with advanced stages of cancer
exhibit increased dysregulation

Because of the accumulation of mutations (Hanahan &

Weinberg, 2011) and progressing epigenetic reprogramming of gene

regulation in cancer (Hanahan, 2022), we expect to observe increased

gene dysregulation in the late stages of cancer compared to early

stages.

To investigate this assumption, we divided patients into early-

stage and late-stage groups for each cancer type (see Section 2.2.9).

We then applied a one-sided Mann–Whitney U test to assess whether

the dysregulation scores of TFs would be increased in the late-stage

groups.

Except for colon adenocarcinoma (COAD) and breast invasive

carcinoma (BRCA), large percentages of TFs showed increased

dysregulation in late-stage patients, exceeding 80% for LIHC

(Figure 5). Compared to SSN, DysRegNet-inferred networks

generally contained more TFs with increased dysregulation in the

advanced stages.

The TF, with the most significant dysregulation increase in late-

stage patients across cancer types, was ARNTL2. ARNTL2 was previ-

ously associated with cancer progression and aggressiveness in multi-

ple cancer types (Mazzoccoli et al., 2012; Wang et al., 2020) and was

shown to be a potential prognostic biomarker for treatment effective-

ness (Ge et al., 2024). This shows that DysRegNet can be used to gain

insights into oncological mechanisms and highlights its potential ther-

apeutic value.

3.2.5 | Confounders significantly impact model
inference

A distinguishing feature of DysRegNet is the ability to correct for

sample-level confounders. To assess if including a patient's sex, age

and ethnicity has an impact, we assessed the covariates model coeffi-

cients (Figure 6). Unsurprisingly, the TF expression coefficient pro-

duced the most significant P-values (see Section 2.2.10). However,

the confounders noticeably impacted the regression models in various

cancer types, such as age in BRCA, sex in LIHC, and ethnicity in stom-

ach adenocarcinoma (STAD) and lung adenocarcinoma (LUAD).

F IGURE 5 Percentages of TFs with significantly (Benjamini–Hochberg adjusted P-value ≤ 0.05) increased dysregulation in advanced cancer
stages. Only cancer types with at least 30 patients in both (early-stage and late-stage) groups were tested.

F IGURE 6 DysRegNet coefficient P-value distributions for different cancer types. The results are based on the GENIE3 shared reference
network (see Figure S5 for the other reference networks). A single violin summarizes the P-values of a selected coefficient and cancer type across
all linear models. The P-values of a confounder lacking meaningful predictive power will yield a random uniform distribution (e.g. age in colon
adenocarcinoma). Conversely, influential confounders are expected to generate a disproportionate number of small P-values, manifesting as a
pronounced concentration at the lower end of the P-value distribution, akin to a ‘belly’ in the violin plot (e.g. age in BRCA). Note that there are no
P-values for sex in prostate adenocarcinoma (PRAD) because it inherently includes only male samples.

10 KERSTING ET AL.

 14765381, 0, D
ow

nloaded from
 https://bpspubs.onlinelibrary.w

iley.com
/doi/10.1111/bph.17395 by D

kfz Z
entralbibliothek K

rebsforschungszentrum
, W

iley O
nline L

ibrary on [21/11/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



In BRCA, the age confounder had the strongest positive associa-

tion (smallest P-value and positive coefficient) with the expression of

the target gene NOX4. This aligns with previous studies that have

observed an increase in NOX4 expression with age (Canugovi

et al., 2019; Lee, Kim, et al., 2020; Liu et al., 2020). In LIHC, KDM5C

was the target gene associated with the most significant P-value for

sex. KDM5C is encoded on the X chromosome and is known to have

higher expression in females than in males (Link et al., 2020; Samanta

et al., 2022), which was reflected by the sign of the estimated

coefficient.

This indicates that patient-level confounding factors influence the

expression data, which DysRegNet can efficiently incorporate into its

model construction and patient-specific network inference process.

4 | DISCUSSION

4.1 | Validity of model assumptions

Because DysRegNet is an outlier detection approach, it will be espe-

cially susceptible to technical biases. Additionally, because our method

models gene pairs in isolation, it is limited in its ability to accurately

capture complex network motifs, such as feedback loops. Further-

more, users should be aware that the method is built based on the fol-

lowing assumptions: (1) the target gene expression can be predicted

based on TF expression using a linear regression model, and (2) the

residuals of the linear model follow a normal distribution. The first

assumption typically does not hold for PPI networks. Also, it will not

hold for all TF-target gene pairs in a GRN. The activity of a TF can be

influenced by many factors, such as interactions with other proteins,

chromatin accessibility, or post-translational modifications; none of

which are reflected in expression data (Filtz et al., 2014; Inukai

et al., 2017). Additionally, other regulatory relationships in the data

may be complex and nonlinear, making them difficult to model using

linear regression. Because of these limitations, we recommend evalu-

ating the goodness of fit of the underlying regression model before

considering an edge as potentially dysregulated. Our Python package

directly supports this by setting an R2 cutoff. Similarly, we implemen-

ted a test to evaluate whether the residuals follow a normal distribu-

tion (D'Agostino, 1971; Pearson, 1973). This allows users to focus

only on regulatory interactions that adhere to our second assumption.

4.2 | Importance of adjusting for confounders

Our results suggest that DysRegNet can account for typical con-

founders such as age and sex. However, it should be noted that these

confounders do not seem to impact all data sets to the same extent.

Age, for example, only affected the BRCA dataset. This finding is well-

aligned with a recent study on the effect of demographic confounders

on cohort-level network inference tools where age was identified as a

strong confounder on network inference in BRCA based on data from

two independent cohorts (TCGA and METABRIC) (Ketteler &

Blumenthal, 2023). Given that BRCA has notably more control sam-

ples (113) than other cancer types (see Table S1), we assume that cer-

tain effects require a sufficiently large sample to be detected.

Downsampling analysis that we performed further supports this

hypothesis (see Figure S6). The same principle applies to categorical

confounders such as sex or ethnicity, where aside from the overall

sample size, each category must appear frequently enough to accu-

rately estimate its effect. This suggests that DysRegNet could identify

confounder impacts in other cancer types with sufficient sample sizes,

but this still needs validation using larger datasets.

4.3 | Influence of different reference network

The initial reference network is a necessary input for DysRegNet. Our

analysis considered three types: computationally inferred regulatory

networks from GENIE3, an experimentally validated network from

HTRIdb and a PPI network from STRING. We compared these net-

works in four different contexts: (i) patient clustering, (ii) promoter

methylation of dysregulated target genes, (iii) dysregulation of

mutated TFs and (iv) progression of dysregulation in different cancer

stages.

The choice of the network depends on the research question.

Users can expect computationally inferred networks to favour false

positives, whereas experimentally validated networks may include

more false negatives. We selected GENIE3 for computational network

inference because it demonstrated its performance by winning the

DREAM4 challenge (Huynh-Thu et al., 2010). Nevertheless, computa-

tional GRN inference remains an ongoing challenge, and we anticipate

the emergence of improved methods in the future. Given that Dys-

RegNet is flexible in terms of reference network choice, our approach

can be used with any gold standard GRN available at that time.

In our analyses, the choice of the reference network seldom chan-

ged overall patterns. Our analyses produced better results when Dys-

RegNet and SSN were combined with the computationally inferred

GENIE3 networks, followed by the STRING and the experimentally

validated network. A possible explanation is that the GENIE3 net-

works were constructed based on the same expression data used for

the subsequent patient-specific network inference. Consequently,

they more accurately reflect co-expression patterns observed in the

data. As shown Figure S2, the R2 values obtained by the linear regres-

sion models of DysRegNet were generally higher with the computa-

tionally inferred networks, indicating a better model fit.

Gene regulation differs across tissues and cell types (Kim-

Hellmuth et al., 2020). Generic GRNs such as STRING and experimen-

tally validated networks likely include regulatory interactions that may

not be relevant to the tissues and datasets under study. In addition,

these networks might encompass valid yet highly complex or non-

linear relationships, which are not easily captured by techniques such

as linear regression or Pearson correlation. Both scenarios can lead to

edges that cannot be reliably modelled with DysRegNet or the avail-

able data, potentially impacting the meaningfulness of the results.

Because of this, the DysRegNet Python package provides an option
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to only consider edges, which can be modelled with a certain R2 value

or higher.

Furthermore, it is important to note that the STRING network

violates some of our modelling assumptions. For DysRegNet, we

expect a gene regulatory reference network of directed TF–target

gene relationships. However, the edges in the STRING network are

neither directed nor are they actual TF–target gene pairs. While the

overall co-expression modelling approach may still be valid, as we

expect co-expression patterns between interacting proteins, our

downstream measurements, such as dysregulation scores for TFs and

target genes, lose interpretability.

4.4 | Evaluation

We evaluated our approach against the original single-sample GRN

inference method SSN. Although we compared our method only to

this approach, numerous other methods adopted a comparable proce-

dure. Lee et al. (2020) extended the SSN approach by integrating

multi-omics data such as copy number variation or DNA methylation.

Because of the high similarity of methods and lack of public source

code, a circumstance shared with Nakazawa et al. (2021), we did not

include those methods in the evaluation. Furthermore, the available

code of P-SSN (Huang et al., 2021) requires a special reference net-

work with a list of potentially indirectly interacting genes for each

edge. Because P-SSN does not use standard regulatory networks as

input, a proper comparison with DysRegNet was impossible.

While DysRegNet identifies dysregulation compared to a healthy

background, LIONESS (Kuijjer et al., 2019) and SWEET (Chen

et al., 2023) do not utilise a dedicated set of control samples. This is a

clear advantage for experiment designs with no controls. However,

their patient-specific networks cannot be interpreted as dysregulated

networks and must be analysed in the context of all other samples.

Because of this difference in the result interpretation, we did not

include them in our evaluation. The right tool choice depends on the

question and the availability of control samples, which are often not

available at a sufficient number (at least 20 samples are needed for a

robust co-expression analysis [Ballouz et al., 2015]). For studies with-

out controls, utilising independent tissue-specific expression data of

healthy individuals can be an alternative. Park et al. (2019), for

instance, employ a methodology closely related to the SSN approach

where they leverage GTEx (GTEx Consortium, 2013) data. However,

cross-study batch effects need to be accounted for in this case.

Despite recent attempts to systematically compare various

sample-specific network inference methods (Chen et al., 2023;

Deschildre et al., 2024), a proper evaluation remains a major

challenge. We considered a variety of cancer expression datasets and

networks across different complementary scenarios. Overall, our

results indicate that DysRegNet and SSN produce biologically mean-

ingful results. However, our evaluation is limited by the absence of

ground truth and discrepancies in interpreting the networks generated

by different methods (De Marzio et al., 2023). For example, we expect

a higher percentage of dysregulated TFs in advanced cancer stages,

while the true fraction or upper limit is unknown. Similarly, SSN net-

works generally comprise more dysregulated edges than those of Dys-

RegNet, even though we used the same P-value cutoff and multiple

testing correction procedures for both methods (see Figure S3). While

this could suggest that DysRegNet generates fewer false positives,

we cannot prove this without knowing the ground truth.

4.5 | Outlook

A promising direction for further research is a more in-depth investi-

gation of the connection between dysregulations and mutations. This

study investigated whether mutated TFs will be more frequently

involved in dysregulation. However, unlike in the promoter methyla-

tion analysis, the association between dysregulation and mutations

was less visible. We found significant associations for 7% of the

tested TFs at most. Our analysis did not consider that not every

somatic mutation will affect the regulatory function of a TF. A more

specific analysis could focus on known or patient-specific mutations

within the DNA-binding domains of TFs in the promoter or enhancer

regions of target genes and model their impact on expression changes

(Baumgarten et al., 2024). Furthermore, somatic mutations in cancer

frequently affect the splice site and can cause isoform switches

(Climente-González et al., 2017; Louadi et al., 2021). Our analysis was

performed at the gene level, but a deeper analysis at the isoform or

transcript level would help explain a larger fraction of the identified

dysregulated edges.

Another interesting application of the method is in studying rare

and undiagnosed diseases, where the focus is often on the unique dif-

ferences of a single sample. The current rate of genetically diagnosed

rare disorders is approximately 25% to 50% (Cummings et al., 2017).

Thus, DysRegNet provides a novel opportunity to expand our knowl-

edge of such disorders.

State-of-the-art GRN inference methods are increasingly adopting

multi-omics approaches, such as integrating chromatin accessibility

data alongside expression data. Expanding DysRegNet to incorporate

multi-omics data presents an exciting direction for future research.

This enhancement would enable our method to more accurately model

regulatory relationships and thus identify dysregulation for interac-

tions that are challenging to capture using expression data alone.

Single-patient network extraction is a promising research direc-

tion towards precision medicine as it highlights potential treatment

targets in a personalised fashion. A plethora of computational methods

have been developed for drug target identification and drug repurpos-

ing (Katsila et al., 2016). Many of these methods already use networks

as input (Hartung et al., 2022; Sadegh et al., 2020, 2021) and embrace

concepts of network pharmacology (Nogales et al., 2022). Typically,

such methods extract disease modules after connecting patient- or

disease-specific seed genes. Currently, seed gene selection is typically

based on literature or patient-specific mutation or expression profiles.

To our knowledge, patient-specific dysregulation and co-expression

analysis have thus far not been employed to identify seed genes, sug-

gesting a promising direction for further research.
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5 | DISCUSSION AND CONCLUSIONS

Aberrant TF regulation is an important mechanism in complex dis-

eases such as cancer. Rather than focussing on the aberrant expres-

sion of TFs or their target genes, it is worthwhile to study which

specific interactions of a TF are affected to gain a more detailed

insight into the underlying pathomechanisms. Many molecular

changes can lead to the same outcome; hence, it is vital to study

dysregulation in a patient-specific, or sample-specific, manner.

With DysRegNet, we present a novel approach that delineates indi-

vidual TF-regulatory changes in relation to a control cohort. In con-

trast to competing methods, DysRegNet uses linear models to

account for confounders and residual-derived z-scores to assess sig-

nificance. Because of the latter, DysRegNet scales efficiently to an

arbitrary number of samples. We have shown that DysRegNet results

are robust across template networks and produce meaningful insights

into cancer biology. DysRegNet may hence serve as a precision medi-

cine tool for identifying drug targets in oncology and beyond.
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