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ABSTRACT

Motivation: Protein-protein interaction (PPI) networks, estimated from high-throughput omics data,
foster biomarker discovery and precision medicine. Gaussian graphical models (GGMs) offer a
principled reconstruction framework. Yet, existing applications face two limitations: they overlook
the rich existing knowledge encoded in curated biological databases, and they assume a homogeneous
network structure across all individuals, neglecting the influence of covariates or confounding factors
on these interactions and preventing personalised representations. Even though these limitations have
been addressed separately in previous work, no current approach resolves them simultaneously.
Results: We introduce a prior-informed conditional Gaussian graphical model that integrates database-
derived interaction priors with covariate-dependent network modeling in a unified, scalable framework.
The key methodological innovation is a structured, weighted penalty that selectively incorporates
priors into population-level network estimation, while leaving context-specific perturbations entirely
data-driven, as curated databases capture canonical interactions rather than disease-specific signals.
Simulation studies demonstrate consistent and robust improvements in population-level network
reconstruction across diverse settings, even when prior knowledge is imperfect. Applied to UK
Biobank cardiometabolic proteomics (n = 49,129, p = 366 proteins), the method recovers T2D-
associated network perturbations, identifying 34 network-central candidate biomarkers, several
detectable only through their connectivity, not differential expression, and revealing six biologically
coherent protein communities with distinct pathway enrichments spanning metabolic, cardiovascular,
and cancer-related processes.

Availability and implementation: Code is available at https://github.com/AlessiaMapelli/
Prior-informed-conditional-GGMs.

Keywords Gaussian graphical models - Network-based biomarker discovery - Prior knowledge integration - Conditional
graphical models - Protein-protein interaction networks

1 Introduction

High-throughput experimental technologies now generate large-scale omics measurements across thousands of individu-
als, creating unprecedented opportunities for systems-level disease modelling through biological network reconstruction.
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These networks, where nodes represent molecular entities and edges their associations, provide a natural framework for
studying the functional organisation of biological systems and have become essential tools for biomarker discovery,
disease stratification, and therapeutic target identification [Pavlopoulos et al.| [2011} |(Choobdar et al.l 2019]. This
systems-level perspective requires analytical approaches capable of modeling complex molecular interaction systems
and their disease-driven perturbations. Within this framework, protein-protein interaction (PPI) networks represent a
particularly compelling application. Proteins occupy a critical middle layer between the genome and the environment,
constitute the dominant target class in omics-based drug discovery, enabling clinical translation, and benefit from
large-scale curated databases such as STRING [Szklarczyk et al., 2021]], which aggregate decades of experimental
evidence on interaction confidence.

Gaussian graphical models (GGMs) have become one of the predominant frameworks for data-driven network recon-
struction: under the multivariate normality assumption, the precision matrix = X~ directly encodes conditional
independence between variables, and the network edge set is defined as E = {(j, k) : Q, » # 0} [Shutta et al.| [2022].
Neighbourhood selection [Meinshausen and BiithImann, 2006] methods decompose the precision matrix estimation
into p parallel Lasso regressions, enabling scalable and node-specific regularisation, a crucial advantage for biological
networks whose scale-free topology produces heterogeneous local degree distributions [Koutrouli et al.,[2020]. Despite
their popularity, standard GGM applications exhibit two important limitations. First, they treat all potential edges
equally during regularisation, ignoring the wealth of prior knowledge encoded in curated databases. Incorporating such
knowledge via weighted penalties has been shown to substantially improve reconstruction accuracy [Wang et al.| [2013]].
Second, conventional GGMs assume a homogeneous network structure across samples, neglecting individual-level
variability. In many biological and disease contexts, heterogeneity is a defining feature. Subject-level covariates,
such as age, genotype, or clinical characteristics, may modulate not only expression levels but also the structure of
molecular interactions [Xie et al.,[2022]. Conditional GGM frameworks have recently addressed this second limitation
by allowing the mean and the precision matrix to depend linearly on external covariates through interaction-based
neighborhood selection methods [Zhang and Li, [2023]]. These two methodological advances, however, have largely
evolved independently. To our knowledge, no current framework simultaneously integrates database-derived prior
knowledge and covariate-dependent network estimation within a unified and scalable inference procedure. Existing
implementations are also often limited in accessibility and computational flexibility, restricting their broad applicability.

We address both limitations by introducing a prior-informed conditional Gaussian graphical model. Building on the
conditional neighborhood selection framework of [Zhang and Li, 2023]], we extend node-wise penalized regression with
a structured weighted penalty that distinguishes between population-level and covariate-specific network components.
Database-derived prior weights are included in the population-level estimation, as curated databases reflect canonical
interactions under standard conditions. In contrast, covariate-specific perturbations are estimated exclusively from
data. Our approach thus simultaneously leverages accumulated biological knowledge to achieve robust population-level
reconstruction while maintaining sensitivity to novel disease- or context-specific signals that may not be represented
in existing databases. In addition to the methodological contribution, we provide an accessible and scalable R
implementation that automatically adapts from standard neighbourhood-based network reconstruction to the complete
prior-informed conditional framework depending on the available inputs, and supports execution from personal
computers to HPC environments.

2 Methods

2.1 Gaussian graphical models and neighborhood selection

Graphical models represent statistical dependencies among variables using a graph G = (V, E'), where V = {1,...,p}
is the set of nodes corresponding to p variables, and E is the set of edges denoting pairwise relationships. Let
Y = (Y1,...,Y,)T ~ N, (11, 2) represent p molecular expression levels. In a GGM, the precision matrix = X~
encodes conditional independence between the variables: ;3 = 0 if and only if Y; L Y}, | Y_(; 1), and the network
edges are defined as E = {(j, k) : ©; 1 # 0} [Shutta et al.l [2022] with edge weights linked to partial correlations

Pkl = 1
ikl-ik = T Ta—a—"
VAURIUN:
The sparsity pattern of €2 thus defines the network structure, and estimating the GGM is equivalent to estimating 2. The
precision matrix {2 can be effectively estimated using a neighborhood selection approach [Meinshausen and Bithlmann|

2006], which decomposes precision matrix estimation into p independent Lasso regressions. Without loss of generality
and for ease of notation in the following, we set j = p:
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where Y_, contains all variables except Y, and regression coefficients relate to the precision matrix as Sp’k =
—Qp1/Qp.p so that the sparsity pattern of the network can be directly retrieved from the estimated regression coefficients.
Partial correlations and weights can be recovered from symmetrisation procedures for node-pair estimates [Wang et al.}
2013||. This parallelisable decomposition is computationally advantageous and enables node-specific sparsity control,
which is crucial for biological networks with heterogeneous scale-free topologies [Koutrouli et al., 2020].

2.2 Incorporating prior biological knowledge

Let W € [0, 1]P*P be a symmetric weight matrix where T; ;, encodes prior confidence that entities j and k interact
(e.g. the STRING combined confidence score for proteins). Under the Bayesian interpretation of Lasso, where the ¢
penalty corresponds to a Laplacian prior on regression coefficients, differential penalties across edges correspond to
mixture priors with edge-specific shrinkage [Wang et al., [2013]]. Weighted neighborhood selection incorporates this by
replacing the uniform penalty in Eq. 2] with:

Yo V2 A W, ) 0]

1
— 3
5| . ?3)
applying weaker penalties to edges with strong prior support (W}, . = 1) and stronger shrinkage to the unsupported
pairs [Zuo et al.| 2017].

p = arg min

2.3 Conditional Gaussian graphical models

To model individual-level heterogeneity, let X denote a g-dimensional vector of external covariates (e.g. disease status,
sex, age). Following [Zhang and Li, [2023], we assume Y | X ~ N,(BX, ©(X)~!) where both the mean and the
precision matrix depend linearly on the external covariates:

q
QX)=A"+> x,A" )

h=1
In the previous equation, A’ € Sym(p) is the baseline population-level network and Al e Sym(p) encodes how

covariate X; modulates network structure. The model can, once more, be decomposed into a sequence of regression
problems that include the interactions between Y and external covariates X :

q
Y, = X7+ o (Y = XTB) + > D o Xn(Yi = X7 Bi) + <5, )
k#p k#p h=1
where 3, captures covariate effects on the mean levels, while 62k and 531@ represent, respectively, the population-level

presence and the covariate-specific modulation of the edge (p, k). The error term follows &, ~ N(0, aszl). This

formulation allows both the presence and strength of network edges to vary across individuals, enabling personalised
network reconstruction.

2.4 Prior-informed conditional graphical Lasso

We extend conditional neighbourhood selection to incorporate prior knowledge through a structured weighted penalty.
We first estimate covariate effects on the mean levels p(X) via standard Lasso:

o 1
By = argmin 5[, — XB3 + A8 ©)

After regressing out mean covariate effects, Z; = Y; — X B 4 for all 7, the model in Eq. reduces to a set of node-wise
regressions on residuals and their interactions with the covariates. We then jointly estimate the baseline coefficients,

dy = (6°p,1,...,65 , ;)" € RP~', and the covariate-specific coefficients. d)! = (6F,,... 6" )" € RP~ for
h =1,...,q, by concatenating them into a single vector d,, = [(d0)”, (d})”, ..., (d%)”]" and solving:

. 1 B il
dy = argmin |2, = U_pdy |5 + A} |1 = W) © dp |, + R (|, ]|, + (1= )X D [ldf]l,, (D)
P h=1

where d;© collects all covariate-specific parameters and the design matrix U_,, = [1, X T 7Z_, collects the resid-
uals and their interactions with the covariates (excluding node p). Note that, each node-wise regression involves
approximately p x (g + 1) coefficients, which in typical omics applications substantially exceeds the sample size
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(p x (¢ + 1) > n). Regularisation is therefore necessary to ensure identifiability and stable estimation, independently
of the underlying network density.

The three penalty terms encode distinct structural assumptions. (i) Prior-informed sparsity: the weighted ¢; penalty is
applied only to baseline effects d, reducing shrinkage on database-supported interactions. (ii) Element-wise sparsity:

a uniform /; penalty on covariate effects d,; 0 promotes sparse context-dependent modulations.(iii) Group sparsity:
the {5 group penalty encourages all effects associated with a single covariate to be jointly zero or non-zero, enabling
covariate selection. The key design choice is that prior weights are applied exclusively to d° and not to d”*. This
is biologically principled as curated databases document canonical interactions under standard conditions, whereas
disease- or context-specific perturbations represent condition-dependent phenomena that should be inferred directly
from data. Applying prior weights to covariate effects would introduce a systematic bias that suppresses the detection
of novel, context-specific interactions. The parameter )\ﬁ > 0 controls the overall strength of regularisation, « € [0, 1]
balances group and element-wise sparsity, and ¥ > 0 regulates the relative penalty applied to covariate-specific effects
versus prior-weighted baseline edges.

As the node-wise regressions usually yield asymmetric estimates ) ;?k and 52]-, the edge set linked to baseline effects and

covariate-specific effects E* with h = 0, ..., ¢ is constructed via a symmetrization strategy depending on the level of
desired sparsity [Zhang and Li, [2023]]. The OR rule, used throughout the main analyses, retains edges if detected in

either direction:
E" ={(p,k) : 0 # 0|0k, # 0} ®)

Edge weights are similarly retrieved for each pair of nodes (p, k):
~h _fh g ) Shoq X
Ppk|—{p,k} = 5p,k]l|5g,k|z\5g,p\ + 5k7;0]1\51’j1k\<|6,’§,p|'

Thanks to the linear parameterization in Eq.[4] the personalized adjacency matrix for an individual ¢ with covariate
vector x; is obtained by:

q
A@i)p k= Dpri oy + D TinPoi— (k) ®)
h=1

Further methodological details are provided in Supplementary Section S1.

2.5 Computational implementation

The method described above and schematized in Figure [I| has been implemented in R and is available at https:
//github.com/AlessiaMapelli/Prior-informed-conditional-GGMs with usage examples.

The pipeline is accessed via a single entry point function GGReg_full_estimation, requiring only expression data
and, optionally, covariates and a prior weight matrix. Depending on the inputs provided, the function automatically
fits the appropriate model: from a standard neighbourhood-based network reconstruction (no covariates, no prior)
through to the full prior-informed conditional model, making the same interface useful across diverse research contexts.
Regularisation parameters )\f and /\ﬁ are selected via cross-validation using glmnet [Friedman et al., [2010] and
sparseg]l [Liang et al., 2024]]; structural parameters « and ¥ are optimised by BIC over a predefined grid, with optional
random search for large parameter spaces. To accommodate datasets ranging from pilot studies to population biobanks,
the pipeline provides three execution strategies: sequential processing (p < 150), shared-memory parallelisation via
foreach/doParallel (p > 150), and SLURM array jobs for HPC deployment (suggested p > 1000), with one
independent job per node. A pre-screening option can further reduce the effective dimensionality of each node-wise
regression when p x ¢ > n. Predictors lacking prior support may be excluded before estimation, either via a correlation-
based criterion that removes weakly correlated node pairs following the sure independence screening principle [Fan
and Lv} 2008], or via a user-defined screening matrix that enables domain-driven feature pre-selection. A companion
predict_personalized_network function computes personalised adjacency matrices for new observations given
their covariate vector.

3 Experimental Setup

3.1 Simulation design

To systematically evaluate the proposed method and demonstrate the value of integrating domain knowledge within the
conditional network estimation framework proposed in [Zhang and Li, 2023|], we conducted a comprehensive simulation
study across diverse scenarios. We employed a factorial design combining sample sizes n € {500, 1000}, network
dimensions p € {50, 100}, covariate complexity ¢ € {1, 3}, and three prior knowledge conditions: (i) perfect: complete
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Figure 1: Overview of the prior-informed conditional GGM estimation pipeline. (Step 1) Node-wise Lasso regression
of expression data on covariates yields residuals Z, retrieving the effect of each covariate on protein mean expression.
(Step 2) For each node, the weighted conditional regression (Eq. [7)) jointly estimates the baseline neighborhood (the
baseline effects of each node on the response node), penalized with prior-derived weights, and the covariate-specific
neighborhood, penalized uniformly in a sparse-group fashion to preserve data-driven discovery. Partial correlation
weights for each node pair in each condition are reconstructed through symmetrization; component-specific adjacency
matrices are constructed with elements corresponding to pairwise partial correlations. Downstream, personalized
networks are obtained as a linear combination of the component adjacency matrices (Eq.[9), and differential network
analyses, such as node centrality and community detection, can be performed component-wise.

accurate knowledge W . = 1(; 1)ep; (ii) noisy: 80% sensitivity, 90% specificity with continuous confidence scores
W, i ~ Uniform[0.7, 1] for true edges and W ;. ~ [0.1, 0.6] for false edges; (iii) no prior: W, = 0 V7, k, reflecting
the model of [Zhang and Li,[2023|]. Synthetic networks were generated to reflect realistic biological system topologies.
Baseline precision matrices A followed the scale-free Barabasi—Albert model [Barabasi and Albert,|1999] with power
law exponent 2.5, capturing the hub-dominated connectivity patterns commonly observed in biological networks.
Covariate-specific modulations A, with h = 1, ..., ¢ were generated using Erd6s—Rényi random graphs [Erd6s and
Renyil [1963] with edge probability 0.05, reflecting the expectation that external factors modulate only sparse subsets of
baseline interactions. Edge coefficients were assigned magnitudes uniformly sampled from [0.35, 0.5] and random signs,
ensuring sufficient signal strength while maintaining the invertibility of the precision matrices. For each scenario, we
generated subject-level data following the conditional Gaussian model Y | X ~ A,(0, 3 (X)) where precision matrices
varied linearly with covariates: Q(X) = Ag + 22:1 X, A,,. Covariate vectors combined continuous variables
(standardized normal) and binary indicators (Bernoulli with probability 0.5), representing realistic mixed-type external
factors. Each of the 24 configurations was replicated 10 times. Performance was assessed via accuracy, F1-score,
and magnitude preservation (Spearman correlation between estimated and true precision matrix entries), evaluated
separately for baseline (A”) and covariate-specific (A") components. Structural hyperparameters were optimised via
random search over « € {0.5,0.75,0.9,0.99} and ¢ € {0.8,1.0, 1.1, 1.3} using BIC.

3.2 UK Biobank cardiometabolic proteomics

We applied the framework to proteomics data from the UK Biobank Plasma Proteome Project [Sun et al., 2023|], focusing
on the Olink Cardiometabolic I and II panels across 49,129 participants. These panels profile proteins selected for
their relevance to cardiometabolic processes spanning metabolic, cardiovascular, immune, and inflammatory pathways.
Crucially, while a subset of proteins have established associations with T2D, the majority are associated with related
cardiometabolic conditions without direct T2D annotation. This makes the combined panel an ideal test case: a
biologically motivated candidate pool where some biomarkers are known and can serve as positive controls, while
others represent genuinely unexplored candidates. After quality control (exclusion of proteins with > 10% missing rate
and mean imputation), 366 proteins were retained.

The objective of this case study is to demonstrate the translational utility of the method in a classic biomarker discovery
task: identify T2D-associated candidate proteins and functionally coherent pathways by leveraging the prior-informed
conditional network structure. Incident type 2 diabetes (T2D) within 5 years was ascertained through ICD-10 codes,
HbA1c measurements > 48 mmol/mol, or antidiabetic drug prescriptions. Prior knowledge was derived from STRING
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v12.0 [Szklarczyk et al.,|2021]], providing a normalised 366 x 366 weight matrix from combined interaction evidence.
Sex and T2D incidence were included as covariates, with sex selected based on explaining ~50% of proteomic variance
in the principal component analysis. The network was estimated on 80% of the cohort (n = 39,304); a balanced subset
(n = 270) with a case-control design was used for biomarker-based risk model training, and an independent cohort
(n = 9,555) for testing. Full data partitioning and preprocessing details are provided in Supplementary Section S3 and
Table S2.

4 Results

4.1 Simulation results

Simulation analysis results are reported in Figure 2] and Figure 3] Incorporating prior knowledge substantially improved
baseline network reconstruction across all evaluated metrics. The most pronounced gain was observed for the F-score,
which increased by approximately 40% under perfect prior knowledge, indicating a markedly improved balance between
sensitivity and precision in edge recovery. Accuracy also improved consistently by approximately 5—-10%. Importantly,
significant gains were retained even under the noisy prior setting, despite introducing 20% false negatives and 10%
false positives into the prior information, demonstrating strong robustness to the realistic imperfections that characterise
available biological databases (Figure 2JA-B). The improvement in magnitude preservation was similarly notable:
prior-informed methods achieved Spearman correlations of 0.7-0.9 versus 0.5-0.6 without prior information (Figure 2IC).
This enhanced quantitative accuracy in edge magnitude estimation is critical for downstream analyses such as pathway
weighting and centrality-based biomarker prioritisation, where edge strength conveys biological meaning beyond binary
connectivity. Performance improvements were consistent across all tested combinations of n, p, and ¢, confirming
robustness to varying study designs and network dimensionality.

Reconstruction of covariate-specific network components remained stable regardless of the introduction of prior
knowledge (Figure ), directly validating the targeted penalty design: excluding prior weights from d? ensures that
prior biases do not suppress the detection of genuine context-specific perturbations. False-positive rates for null covariate
effects remained consistently below 0.05 across all configurations (Figure [3B), with prior knowledge further reducing
FPR variability across replicates, indicating more reliable model selection in real-world settings where reproducibility
is essential.

Further results of the simulation study, including per-configuration numerical summaries across all 24 factorial
configurations, are presented in Supplementary Section S2.

4.2 T2D protein interaction network analysis

Results of the application to UK Biobank cardiometabolic proteomics data are shown in Figure ] The reconstructed

differential network AT2P exhibited high density, with 98% of protein pairs showing non-zero modulated associations,
and the majority of proteins displayed T2D-dependent changes in mean expression. This pervasive signal is expected:
T2D is a systemic metabolic disorder with well-established broad effects on cardiovascular and inflammatory protein
networks [Zheng et al.| 2018|], and the 366 profiled proteins were specifically selected for their cardiometabolic
relevance, making widespread co-regulatory disruption under such a condition likely.

Network-central proteins and biomarker candidates. To identify proteins with biomarker potential, we computed
five complementary centrality measures (degree, eigenvector, betweenness, PageRank, and hub score; formal definitions
in Supplementary Section S4) and retained proteins lying in the intersection of the top 10% ranked by overall centrality
and hub score, yielding 34 candidate biomarkers. Table[T|reports a representative subset, while the complete list is
provided in Table S1 and Figure[S2] Most identified proteins (79%) have previously documented associations with T2D
in DisGeNET [Pifero et al.,2016], supporting the biological validity of the inferred network structure. Critically, several
identified proteins, including CHEK2, CNDP1, and NTproBNP, lacked significant differential expression between
non-diabetic and incident diabetic individuals, yet occupied central network positions (Table |1} rows 4-6). These
proteins, invisible to conventional differential expression analysis, may represent regulatory nodes whose importance
lies in their connectivity rather than in mean expression changes. Using the 34 central proteins, a T2D risk prediction
model was trained on a balanced subset and tested on an independent cohort, achieving a test AUC of 63.2% (95% CI:
55.2-71.2%) for predicting 5-year T2D incidence (Figure[ST). Further details about the T2D risk prediction model are
available in Supplementary Section S5.

Community structure and functional organisation. Community detection via fast greedy modularity optimisa-
tion [[Clauset et al., 2004] identified six functionally distinct protein modules (Figure community membership
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Baseline Network Reconstruction Performance
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Figure 2: Baseline network reconstruction performance across prior knowledge conditions. (A) Accuracy, (B) F1-
score, and (C) Spearman correlation (magnitude preservation) between estimated and true precision matrix entries for
three prior conditions: no prior (red), noisy prior (green), and perfect prior (blue). Results span all combinations of
n € {500, 1000}, p € {50,100}, and g € {1, 3}. Error bars represent standard deviations over 10 replicates.
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Covariance Network Reconstruction Performance

A .
Settingg=1
n_samples: 500 n_samples: 1000
1.00
0.75
I=
3
2
0.50 o
&
o
o
0.25
>
o)
[
—
3 0.00
v
© 1.00
c
©
[
=
0.75
|=
3
o
o
0.50 0
&
=
8
0.25
0.00
« g « g )
& & Prior Type
Q& <
Component B rone
B . noisy
Settingg =3 . perfect
n_samples: 500 n_samples: 1000
0.04
0.03 3
3
o
[-3
0.02 &
v
o
- ﬁ ﬁ
x
a
- 0.00
c
©
[
= 0.04
0.03 2
3
o
[-}
[
0.02 i
=
(=]
o
- i -
N »
& &
47 47
Component

Figure 3: Covariate-specific network estimation performance. (A) Accuracy for baseline and covariate network
components in the single-covariate scenario (¢ = 1) across prior conditions and experimental settings. (B) False-
positive rates for null covariate effects in the multi-covariate scenario (g = 3). Error bars represent standard deviations
over 10 replicates.
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Protein-Protein Interaction Network
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Figure 4: T2D-associated protein interaction network. Full differential network AT2D estimated from the UK Biobank
cardiometabolic proteomics data (n = 49,129, p = 366 proteins). Edge colour reflects the estimated partial correlation
strength (darker: stronger associations). Node colour indicates T2D-dependent mean expression change.

Table 1: Representative network-central proteins identified through combined centrality analysis. Bold: proteins
not differentially expressed (novel network-based candidates). Columns indicate: protein gene name; known T2D
association from DisGeNET database; DisGeNET gene-disease association score that takes into account the number of
sources supporting the association and the reliability of each of them; differential expression status, and fold change
values. Full table with all 34 proteins is provided in Table S1.

Gene T2D in DisGeNET Diff. Fold
DisGeNET score expressed change

LEP Yes 1.00 Yes 1.15
GH1 Yes 1.00 Yes 0.86
LPL Yes 1.00 Yes 0.94
CHEK2 Yes 0.10 No -

CNDP1 Yes 0.80 No -

NTproBNP No - No -

ACE2 Yes 0.90 Yes 1.15
FABP4 Yes 0.55 Yes 1.14
HMOX1 Yes 0.95 Yes 1.00
IGFBP1 Yes 0.55 Yes 0.79
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in Table S4). KEGG pathway enrichment [Kanehisa et al., 2025]] revealed coherent biological specialisation across
communities (Figure[3). Community 5 showed the strongest enrichment profile, with maximal representation of cancer
pathways and significant cardiovascular disease associations, reflecting the well-established metabolic-oncogenic-
cardiovascular co-morbidity axis in T2D. Community 3 emerged as a broad metabolic hub spanning endocrine, immune,
and cellular transport pathways, suggesting a core regulatory module integrating multiple physiological systems affected
by diabetes. Community 2 was specifically enriched for digestive system pathways, consistent with gastrointestinal
manifestations of T2D. Most communities showed significant enrichment for signalling molecules and interaction
pathways, indicating widespread disruption of intercellular communication networks. The clear functional segregation
across modules confirms that the T2D-associated network perturbations occur within coherent biological programmes
rather than randomly across the proteome.
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Figure 5: KEGG pathway enrichment across T2D-associated protein communities. Heatmap shows the number of
significantly enriched pathways (adjusted p < 0.05) per KEGG category for each of the six communities identified by
fast greedy modularity optimisation. Community 1 had no significant enrichments. Colour intensity indicates pathway
count (scale 0-5+).

5 Discussion and Conclusion

Biological networks constructed from omics data offer a systems-level window into disease mechanisms that single-
molecule analyses cannot provide. Among molecular layers, protein-protein interaction networks are particularly
valuable: proteins constitute the dominant drug-target class in precision medicine, and the availability of large-scale
curated databases makes them ideally suited to the prior-informed framework introduced here. In order to construct
biological networks more reliable for downstream analysis, we have introduced a prior-informed conditional graphical
model that jointly addresses two limitations in the field of GGM-based biological network estimation: the omission of
curated prior knowledge and the inability to model individual-level network heterogeneity. The core contribution, a
structured weighted penalty applied selectively to the population-level estimation while leaving covariate-specific effects
entirely data-driven, yields consistent improvements across simulated settings. A practically important finding is the
method’s robustness to prior imperfection: STRING scores and similar databases are inevitably incomplete and biased
towards well-characterised proteins, yet incorporating even noisy prior knowledge substantially improves network
reconstruction without suppressing novel discoveries, broadening applicability to contexts where comprehensive
databases are sparse or unavailable. The T2D case study exemplifies the translational potential of this approach,
successfully identifying both established diabetes-associated proteins and novel network-central biomarkers that would
be missed by conventional differential expression analysis (CHEK2, CNDP1, NTproBNP). The discovery of six distinct
protein communities with plausible functional specialisation, ranging from cancer and signalling pathways to immune
and metabolic modules, provides systems-level insights into diabetes pathogenesis while demonstrating the biological
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interpretability of network-derived results. The methodology enables identification of both individual biomarkers,
identifying key regulatory nodes, and functional modules that are perturbed in disease contexts [Ma et al., 2019,
Mousavian et al.||2019], providing complementary perspectives on disease mechanisms. These results demonstrate the
model’s ability to capture meaningful, covariate-modulated network structures, providing a principled basis for patient-
specific interaction structure estimation that can inform personalised risk stratification and precision medicine strategies
based, for example, on patient-specific network vulnerabilities [Zhang, [2025]. The R implementation, accessible via a
single function with no mandatory inputs beyond expression data, transforms complex statistical methodology into
accessible tools for the broader biomedical community.

The framework carries limitations that should inform its application. The Gaussian assumption and linear parameterisa-
tion of covariate effects are reasonable for many omics applications but may be challenged by heavy-tailed distributions,
multimodal expression patterns, or nonlinear covariate relationships; preprocessing approaches such as nonparanormal
transformations [Liu et al., 2009]] can mitigate distributional violations. Sample size requirements scale with model
complexity: while the simulations confirmed reliable performance at n = 500, applications with many covariates or
high-dimensional networks may require larger cohorts, potentially limiting applicability in smaller specialised studies.
Finally, as with all neighbourhood selection approaches, the node-wise regression framework may be less optimal for
highly dense or globally structured networks, where joint estimation methods may better capture global dependencies.

These constraints point to natural extensions: nonlinear covariate modelling to capture threshold effects and complex
regulatory relationships, multi-omics generalisation to extend the model from protein to gene and metabolite networks,
and network-aware risk scoring that weights biomarker contributions by their position within the personalised interaction
structure. Prior-informed conditional GGMs offer a principled starting point for the next generation of personalised
network analyses in precision medicine.
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Supplementary Materials

Prior-informed conditional Gaussian graphical models: an application to protein interaction network reconstruction.

Alessia Mapelli, Michela Carlotta Massi, Gianmauro Cuccuru, Emanuele Di Angelantonio, Francesca leva

Supplementary section S1: methodological and implementation details

This section provides technical details complementing the Methods section of the main text. We use j € {1,...,p} as
the generic node index throughout; the main text sets j = p without loss of generality for notational convenience.

S1.1 Covariate preprocessing

Proper covariate preprocessing is essential for both numerical stability and interpretability of the estimated network
effects. Two encoding strategies are applied depending on the covariate type.

Continuous covariates are standardised to zero mean and unit variance before estimation. Under this encoding, the
baseline precision matrix A reflects population network structure at the covariate mean. Each Al captures the change
in network structure associated with a one-standard-deviation increase in covariate h, with the scale of Bj and & ?k
directly comparable across covariates.

Categorical covariates with C levels are encoded via C' — 1 binary dummy variables, with the most frequent category
as the reference. Under this encoding, A reflects the network structure of the reference group, and each A" captures
the deviation in network structure for category h relative to that reference.

S1.2 Step 1: mean parameter estimation

For each node j, the covariate effect on the protein mean is estimated by solving the ¢;-penalised regression:
~ . 1 2 B
Bj = arg min oo [|Y; — XB[|, + A7 Bl (10)

where X € R™*9 is the (preprocessed) design matrix. The regularisation parameter /\;-3 is selected by K -fold cross-
validation (K = 5 in all experiments) using the glmnet package [Friedman et al.,2010]. The mean effect matrix is

_ AT
constructed as B;. = f3; .

The mean-regression residuals Z; = Y; — X Bj are then passed to Step 2.

S1.3 Step 2: prior-informed neighborhood estimation

Residual regression formulation. After mean removal, the conditional model in Eq. E] of the main text reduces, for
node j, to:

q
Zy =3 23D 0(XnZi) &5 5~ N(O,07)). (1)
oy kg he1
The full parameter vector for node j is d; = [(d9)”, (d})”,..., (d)T]" € ROTDE=1 where d = (67, )k, collects

the (p — 1) population-level coefficients and d? = (5;1 1 ks collects the (p — 1) coefficients for covariate h.

Design matrix structure. The predictor matrix U_; € R~ (a+1)(P=1) is constructed by column-binding the residuals
of the other nodes and their covariate interactions:

U_;=[Z2;,X102_j, Xo0Z_j, ..., X,0Z_;], (12)

where X, ©® Z_; denotes row-wise scaling of the residual matrix Z_; € R"* (P=1) by the n-dimensional covariate
vector X. The first block contains the mean-centred residuals of all nodes except j, encoding population-level
associations; each subsequent block captures how covariate h modulates those associations through the interaction
terms X Zy,.
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Estimation problem. Given the residuals Z and the design matrix U_;, the baseline and covariate-specific neigh-
bourhood coefficients for node j are jointly estimated by solving the prior-informed sparse-group Lasso:

+ 93 [d; |, + (

~ . 1 2 A

dj = argn{gn %HZ] — U_jde2 + Oé/\j H(l — Wj,_j) © d?“l
where d 0 =[@T,..., (dg-)T]T collects all covariate-specific coefficients. The three penalty terms encode distinct
structural assumptlons (i) a prior-weighted ¢; penalty on the baseline neighbourhood d?, reducing shrinkage on
database-supported edges; (ii) a uniform ¢; penalty on all covariate-specific coefficients dj_o, promoting element-wise

sparsity; and (iii) a group /5 penalty on each covariate block d;b, encouraging all edges modulated by a given covariate
to be jointly absent or present.

Bayesian interpretation of the weighted penalty. The ¢; penalty in standard Lasso corresponds, under a Bayesian
interpretation, to independent Laplacian priors on regression coefficients: p(d;x) o exp(—A|d;|) [Wang et al., |2013].
The weighted neighbourhood selection extends this to a knowledge-informed edge-specific prior. Specifically, the
weighted ¢; penalty on d?,

AP |(1 =W ) © df]l, = aA D (1= Win)|6,, (13)
k#j

corresponds to independent Laplacian priors with edge-specific scale: p(5§-’k) 0 exp(—oz/\f‘(l — Wik) |6?k |). When
W1, =~ 1 (strong prior support), the prior scale diverges and the coefficient faces almost no shrinkage; when W;;, = 0
(no prior support), the prior reduces to a standard Laplacian with scale oz)\jA.

For the covariate-specific effects, the element-wise penalty 19a)\jA de—o ||1 corresponds to independent Laplacian priors
with uniform scale 1900\?, reflecting the absence of prior knowledge about which edges are modulated by context-

specific factors. The group penalty (1 — a))\jA >on ||d§Z |l2 places a spherical Gaussian-type prior on the vector of effects
of each covariate h, encouraging all edges modulated by a given covariate to be jointly zero or non-zero, a natural
sparsity structure when selecting influential covariates.

Optimisation and hyperparameter selection. The optimisation problem (Eq. [7) is solved using the sparsegl
package [Liang et al.l|2024]], which implements an efficient majorized block-wise coordinate descent algorithm for
sparse-group Lasso problems with group-specific penalty weights. The per-node regularisation parameter )\jA is selected
by K-fold cross-validation.

The structural parameters « € [0, 1] and ¥ > 0 are treated as tuning parameters and selected by minimising the Bayesian
Information Criterion summed over all nodes:

p
BIC(a,0) = ) {n log< ) + log(n) ~dfj} , (14)

=1
where RSS; = || Z; —U_;d;||3 and df; = ||d; o is the number of non-zero estimated coefficients for node j. Candidate

values are a € {0.50,0.75,0.90, 0. 99} spanning from predominantly element-wise penalties (o« — 1) to predominantly
group penalties (a« — 0), and ¢ € {0.80,1.00,1.10, 1.30}, controlling the relative stringency of the covariate-effect
penalty relative to the prior-informed baseline penalty. For larger parameter spaces, a grid-based random search is
supported as an alternative to exhaustive enumeration.

Pre-screening. When p x ¢ > n, the (¢ + 1)(p — 1)-dimensional optimisation in Eq[7] can be computationally
demanding. To reduce problem dimensionality, a pre-screening step can be applied for each node j, excluding predictor
k from node j’s regression based on one of two strategies. In the correlation-based strategy, predictor k is excluded
if W, = 0 (no prior support) and |cor(Z;, Zx)| < ~, where 7 is a data-driven threshold set to the r-th percentile
(r = 20 by default) of all (127) absolute pairwise correlations. Alternatively, the user may supply a custom screening
matrix S € {0, 1}P*P, where S;r = 0 indicates that predictor k should be excluded from node j’s regression; this
allows domain knowledge to directly drive feature pre-selection. In both strategies, pre-screening is never applied
when W, > 0, ensuring that prior-supported interactions are always evaluated regardless of empirical correlation or
the entries of S. This procedure is analogous to the sure independence screening principle[[Fan and Lv, 2008] and
is particularly effective in biological applications where most node pairs have no direct interaction. Pre-screening is
available as an option in the implemented software but was not applied in any of the analyses reported in this paper.
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S1.4 Step 3: symmetrisation and network reconstruction

Forany h = 0,..., ¢, node-wise regressions yield asymmetric estimates: ka (obtained from node j’s regression) and
62]- (from node k’s regression) are usually not be equal. Two symmetrisation strategies are available, trading off network
density against specificity.

The OR rule (used throughout the main analyses) retains edge (j, k) in E” if either directional estimate is non-zero:

E" ={(p. k) : 64 # 0 |0}, # 0} (15)
The edge weights are then set to the coefficient with larger absolute value, representing an estimate of the partial
correlation between j and k attributable to context h:
~h Sh Sh
Ppk|—{p,k} = 0 ,kﬂ\égk\z\s,’g,p\ + 5k,p]1|83’,€|<|$g7p (16)

The symmetrised precision matrix components A  are then constructed as:
< h < h
[A ]k = [A ]k
_ ~ Sh N N ~ Sh N N
= (0% Lo 191,y + o8l Lag <1 ) {an

where 6,; = 1/Var(e;) is estimated from the node-j regression residuals.

The AND rule is more conservative, retaining edge (j, k) only when both directional estimates are non-zero:

E'={(p.k): 6}, #0 & 6, #0} (18)

and selecting the coefficient with smaller absolute value as weight:
N _fhoq . X Shoq X
Ppk|—{p,k} = O L,k]l\agyk\qa;;,p\ + 515,p]1|agwk|2|sg_,p| (19)

The symmetrised precision matrix components are then constructed as:

(A" = A",

_ s Sh . . 5 o Sh . R
= (838 L < it O8O L > i1,0) (20)

The OR rule produces denser networks and is preferable when the goal is broad discovery (e.g. biomarker screening);
the AND rule imposes higher confidence thresholds and is preferable when controlling false positives is of prime
importance.

Personalised network prediction. Thanks to the linear parameterisation in Eq.[d} the personalised adjacency matrix
for a new individual with covariate vector x is obtained by direct linear combination of the estimated components:

q
Ax), = ﬁ?k\.{j7k} + Z Th ﬁ?}c\-{j,k}' @D
h=1

Covariates in = must be preprocessed using the same standardisation parameters estimated from the training set, and
categorical variables must be encoded consistently with the training encoding. The predict_personalized_network
function in the software package handles this preprocessing automatically.

Supplementary section S2: additional simulation results

Simulation configurations. Table[ST|summarises the full factorial simulation design (24 unique configurations, each
replicated 10 times). Performance metrics are averaged over all replicates within each configuration.

Supplementary simulation observations. Across the full factorial design, the perfect prior uniformly outperformed
the noisy prior, which, in turn, uniformly outperformed the no prior across all metrics and configuration combina-
tions. The most pronounced improvements appear in F1-score and magnitude correlation (MagCor), which are more
informative than accuracy in sparse networks where the majority of edges are absent by construction. As illustrative
extremes, at n = 1,000, p = 100, ¢ = 3, the perfect prior raises F1 from 0.407 (no prior) to 0.842 and MagCor from
0.518 to 0.855; even the noisy prior, which has 20% false negatives and 10% false positives, achieves F1 =0.609 and
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Table S1: Simulation study: per-configuration performance summary across all 24 factorial configurations (10 replicates
each, 240 runs total). Acc: accuracy; F1: Fl-score; MagCor: Spearman correlation between estimated and true precision
matrix entries, all computed on the baseline component A°. Cov. FPR: false positive rate for covariate-specific effects;
for ¢ = 1 this is the FPR of the single covariate; for ¢ = 3 this is the maximum FPR across the three covariates
(conservative bound). Time: mean computational time per node (minutes), averaged over replicates. All metrics are
means over 10 replicates.

n p q Prior Baseline (Acc / F1 / MagCor) Cov. FPR Time (min)
500 50 1 Perfect 0.978/70.77770.799 0.021 3.3
500 50 1 Noisy 0.945/0.597/0.671 0.028 4.2
500 50 1 None 0.904 /0.456 / 0.569 0.048 1.6
500 50 3 Perfect 0.982/0.812/0.829 0.012 9.7
500 50 3 Noisy 0.956/0.648 / 0.707 0.014 12.0
500 50 3 None 0.910/0.469 / 0.575 0.033 4.0
500 100 1 Perfect 0.986/0.729/0.751 0.011 14.7
500 100 1 Noisy 0.970/0.575/0.643 0.011 17.9
500 100 1 None 0.943/0.407/0.514 0.019 7.0
500 100 3 Perfect 0.993/0.840/0.848 0.006 15.6
500 100 3 Noisy 0.973/0.598 /0.661 0.005 11.6
500 100 3 None 0.946 /0.424 /0.528 0.014 33.7
1000 50 1 Perfect 0.966 /0.706 / 0.748 0.031 3.8
1000 50 1 Noisy 0.938/0.566 / 0.649 0.038 4.5
1000 50 1 None 0.876/0.396 / 0.529 0.068 1.9
1000 50 3 Perfect 0.977/0.774 / 0.801 0.022 9.1
1000 50 3 Noisy 0.943/0.593/0.668 0.019 10.2
1000 50 3 None 0.892/0.426 / 0.550 0.040 3.9
1000 100 1 Perfect 0.988/0.777/0.799 0.011 14.6
1000 100 1 Noisy 0.966 /0.546 / 0.621 0.014 17.9
1000 100 1 None 0.932/0.372/0.493 0.029 6.9
1000 100 3 Perfect 0.993/0.842/0.855 0.008 21.8
1000 100 3 Noisy 0.974 /0.609 / 0.670 0.006 21.5
1000 100 3 None 0.942/0.407/0.518 0.017 17.6

MagCor = 0.670, already a substantial improvement over no-prior. The prior benefit is maintained or slightly amplified
at p = 100 relative to p = 50, consistent with greater regularisation being more consequential in higher-dimensional
settings.

Covariate-specific estimation is unaffected by prior knowledge across all configurations, as intended: the false positive
rate for covariate effects remains below 0.07 in all cases and below 0.04 whenever any prior information is available,
confirming that the weighted penalty does not bleed into the covariate-specific components. In the ¢ = 3 scenario, the
maximum FPR across covariates stays below 0.04 for all prior conditions, demonstrating reliable covariate selection
even under the added complexity of multiple simultaneous network modulations.

Supplementary section S3: UK Biobank data and preprocessing details

Study population and cohort construction. We applied the framework to data from the UK Biobank Plasma
Proteome Project (UKB-PPP) [Sun et al., 2023], which provides large-scale proteomic profiling alongside detailed
phenotypic information for a population-based prospective cohort. The UK Biobank recruited approximately 500,000
participants aged 40-69 years, with long-term follow-up through national health registries. Within this cohort,
proteomics measurements were obtained using the Olink Explore 3072 platform on plasma samples from 54,219
randomly selected participants, capturing 2,923 unique proteins across eight panels. For this T2D-focused analysis, we
concentrated on proteins from the Olink Cardiometabolic I and II panels, applying quality control procedures following
established protocols [Sun et al., 2023].

Quality control was performed in the following order: (1) proteins with > 10% missing values were excluded; (2)
samples with > 50% missing protein measurements were removed; (3) mean-based imputation was applied to remaining
missing values. After QC, 366 proteins were retained across 50,531 samples.

Analytical cohort definition and T2D outcome ascertainment. A healthy baseline population was established using
the following exclusion criteria applied at the proteomics assessment date:
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* Prior type 1 diabetes (T1D) diagnosis (ICD-10: E10);

* Prior type 2 diabetes (T2D) diagnosis (ICD-10: E11-E14);

* Antidiabetic medication use at baseline;

* HbAlc measurements > 48 mmol/mol at baseline.
This yielded an analytical cohort of 49,129 eligible individuals. Incident T2D within 5 years of proteomics assessment
was determined through any of the following: ICD-10 codes E10-E14 from death registries, primary care records, or

hospital admissions; self-reported diabetes at follow-up; HbAlc > 48 mmol/mol at follow-up; or antidiabetic drug
prescriptions.

Cohort partitioning. The 49,129-individual cohort was split into three independent subsets (Table[S2):
1. Estimation cohort (80%, n = 39,304): used for network reconstruction, preserving the observed T2D
incidence and sex distribution through stratified sampling;

2. Biomarker training set (n = 270): a more balanced subset with one incident T2D case and four controls,
matched by sex and age, used for logistic regression biomarker model development;

3. Test cohort (n = 9,555): the remaining individuals used for independent evaluation of the T2D risk prediction
model.

Covariate selection and preprocessing. Covariate selection was guided by the validated QDiabetes-2018 clinical
risk framework [Hippisley-Cox and Coupland, 2017]]. We assessed the covariate associations with protein expression
through principal component analysis of the proteomic data, identifying sex as the dominant determinant of proteomic
variation (R? ~ 50% for PC6). Based on this analysis and the clinical focus of the study, two covariates were included:

* Sex: binary indicator (0: female, 1: male), treated as a confounding covariate modelling systematic sex-
differences in PPI network structure;

» T2D incidence: binary indicator (0: non-diabetic, 1: incident T2D), the primary covariate of interest for
identifying T2D-specific network perturbations.

Continuous protein expression values were standardised (zero mean, unit variance) prior to network estimation.

Table S2: UK Biobank analytical cohort partitioning. T2D Inc.: 5-year incident T2D; F: female; M: male.

Subset n T2D Inc. (%) Age (mean = sd) Sex (F/M)
Estimation 39,304 1.1 56.59 + 8.23 21622/17682
Training (balanced) 270 20.0 60.39 £+ 6.85 120/150
Test 9,555 0.5 56.54 + 8.25 5305/4250
Total 49,129 1.1 56.60 + 8.23 27047/22082

Prior knowledge extraction and processing. The prior weight matrix W was constructed from STRING database
(v12.0) combined scores s, € [0, 1000] via Wji, = s;;/1000, mapping scores to [0, 1]. Pairs absent from the database
are assigned W;, = 0, receiving the strongest penalty and treated as having no prior support. Pairs with W;;, =1
receive no penalty, indicating that the prior fully trusts the interaction.

Network estimation hyperparameters. The network was estimated using the proposed prior-informed conditional
GGM framework with the following protocol:

* Regularisation parameters Af and )\]-A: 5-fold cross-validation per node;

* Structural parameters: random search over « € {0.50,0.75,0.90,0.95} and ¢ € {0.80, 1.00, 1.10, 1.30, 1.50}
with BIC model selection;

* Symmetrisation: OR rule (more inclusive, appropriate for dense biological networks);

» Computational deployment: SLURM array jobs (one job per node, 366 independent jobs on HPC infrastruc-
ture).
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Supplementary section S4: network centrality measures

The following centrality measures were computed on the T2D-specific differential network AT2D where edge weights

correspond to estimated differential partial correlations. Let p denote the number of nodes and AJT,ED the edge weight
between nodes j and k.

Degree centrality. The weighted degree of node j is the sum of absolute edge weights:
P
k=1

Cp () AT (22)

Eigenvector centrality. The eigenvector centrality C'z(j) satisfies the self-consistency equation

p

1 ~
Ce(j) = 5= 2_AJP Cu(k), (23)
k=1

where )\ is the largest eigenvalue of AT2D [Bonacichl |1987]. Nodes with high eigenvector centrality are connected to
other highly central nodes.

Betweenness centrality. The betweenness of node & counts the fraction of shortest paths between all node pairs (s, t)

that pass through k:
ost(k
C(k)= Y k), (24)
Ost
s#k#t
where o, is the total number of shortest paths from s to ¢ and o (k) is the number of those paths passing through k.

PageRank centrality. PageRank is defined recursively as

. 1—d Cpr(k
Crr(j) = —=+d Cf’DR((k)>, (25)
k: AT2P 0

with damping parameter d = 0.85 [Brin and Pagel [1998]|. It captures influence through random-walk dynamics,
upweighting nodes that receive links from other influential nodes.

Hub score. Hub scores are derived from the HITS (Hyperlink-Induced Topic Search) algorithm [Kleinberg, [1999],
which simultaneously computes hub and authority scores via the dominant singular vectors of the adjacency matrix.
Nodes with high hub scores connect to many high-authority nodes in the network.

Candidate biomarker proteins were defined as the intersection of the top-10% nodes ranked by the mean of Cp, Cg,
Cp, and Cpg, and the top-10% nodes ranked by hub score, yielding 34 proteins (Table S3).

Supplementary section S5: T2D risk prediction model details

A standard logistic regression model, via glm package [Venables and Ripley, 2013] link, was trained on the balanced
training cohort (n = 270; 54 incident T2D cases and 216 controls matched 1:4 by sex and age) using the 34 network-
central proteins identified through combined centrality analysis as predictors. Model performance was evaluated on the
independent test cohort (n = 9,555; T2D incidence 0.5%), producing a test AUC of 63.2% (95% CI: 55.2-71.2%) for
predicting 5-year T2D onset (Figure [ST). The high training AUC reflects the balanced design of the training set (20%
cases vs 0.5% in the population), which is expected and not indicative of overfitting. However, the test AUC on the
population-representative cohort is the relevant measure of generalisation. This performance should be interpreted in
context: the model uses only proteomic network-derived features without clinical risk factors, and the 5-year prediction
horizon is clinically demanding. Incorporating network-central proteins into an augmented model alongside standard
clinical variables (as in QDiabetes-2018) represents a natural next step.

Supplementary figures and Tables
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Table S3: Complete list of network-central proteins identified through combined centrality analysis (Table S1). Proteins
are identified by their gene symbol (Gene column). T2D association status and gene-disease association scores are
from the DisGeNET database [[Pifiero et al.,[2016]]: DPI (Disease Pleiotropy Index, range 0-1; higher values indicate
association with more diseases); DSI (Disease Specificity Index, range 0-1; higher values indicate more T2D-specific
association); score (evidence-weighted association strength, 0-1). Differential expression was tested between non-
diabetic individuals and incident T2D cases; fold change is reported for significantly differentially expressed proteins
only. 1: increased in T2D; |: decreased in T2D. Proteins with no differential expression but high centrality (bold)
represent network-based candidates not captured by standard differential approaches.

Gene T2D in DPI DSI DisGeNET Diff. Fold
DisGeNET score expressed change
ACE2 Yes 0.91 0.40 0.90 Yes 1.15 1
ADAMTS13 Yes 0.91 0.45 0.35 Yes 1.02 1
C2 Yes 0.87 0.46 0.25 Yes 1.01 1
CHEK2 Yes 0.87 0.41 0.10 No -
CNDP1 Yes 0.70 0.59 0.80 No -
CTSL Yes 0.87 0.46 0.30 Yes 1.08 1t
EGFR Yes 0.91 0.27 0.85 Yes 0.97 ]
ENG Yes 091 0.39 0.45 No -
ENTPD5 No - - - Yes 0.98 |
ENTPD6 No - - - Yes 1.01 1
FABP4 Yes 0.87 0.44 0.55 Yes 1.14 1
FCRL1 No - - - Yes 1.01 71
GHI1 Yes 0.96 0.32 1.00 Yes 0.86 |
GZMH No - - - Yes 1.04 1
HK2 Yes 0.87 0.47 0.80 No -
HMOX1 Yes 0.91 0.36 0.95 Yes 1.00 1
HYALI1 Yes 0.87 0.51 0.30 Yes 1.03 1
IGFBP1 Yes 0.91 0.43 0.55 Yes 0.79 |
LEP Yes 0.96 0.32 1.00 Yes 1.151
LPL Yes 0.87 0.43 1.00 Yes 0.94 |
MET Yes 0.91 0.34 0.35 Yes 0.91 4
MMP7 Yes 091 0.40 0.30 Yes 1.04 1
NTproBNP No - - - No -
PAGI1 Yes 0.91 0.50 0.15 Yes 1.04 1
PLA2G2A Yes 0.91 0.48 0.20 Yes 1.03 1
PLAT Yes 0.96 0.38 0.90 Yes 1.151
PTN No - - - Yes 1.04 1
S100P Yes 0.87 0.49 0.20 Yes 1.04 1
SERPINA12 Yes 0.87 0.53 0.45 Yes 1.06 1
SSC4D No - - - Yes 1.17 1
TCN2 Yes 0.83 0.50 0.15 Yes 1.02 1
TFRC Yes 0.91 0.38 0.50 Yes 1.04 1
TGM2 Yes 091 0.43 0.85 Yes 1.01 1
VWF Yes 0.96 0.35 0.60 Yes 1.03 1

27/34 proteins (79%) have documented T2D association in DisGeNET.
Bold: proteins with no differential expression (network-based candidates only).
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ROC curves (Train vs Test) with 95% CI
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== Test AUC = 0.632[0.552, 0.712]

== Train AUC = 0.872 [0.816, 0.928]

Figure S1: ROC curves for the T2D risk prediction model based on 34 network-central proteins, evaluated on the
balanced training set (n = 270; 54 cases, 216 controls) and the population-representative independent test cohort
(n = 9,555). Shaded bands indicate 95% pointwise confidence intervals for sensitivity at fixed specificity values.
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Top nodes - Protein-Protein Interaction Network
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Figure S2: Subnetwork of top-ranked central proteins. Network visualisation focusing on the top 10% highest-ranked
proteins based on combined centrality measures (degree, eigenvector, betweenness, PageRank) intersected with the top
10% hub-score proteins, and their interconnections. Node labels show protein gene names. Edge colours represent
interaction strength (partial correlation). This subnetwork represents the most influential proteins in the T2D-associated
network and primary candidates for biomarker development and therapeutic targeting.
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Figure S3: Community structure of the T2D-associated protein interaction network. Network visualisation showing the
six protein communities identified through fast greedy modularity optimisation on the full T2D differential network
AT2D_ Each node represents a protein, with node colour indicating community membership (communities 1-6 shown in
the legend). Edge colour reflects interaction strength. Communities correspond to groups of proteins with particularly
strong mutual interactions within the T2D-perturbed network context.
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Table S4: Community membership and KEGG pathway enrichment summary. For each of the six communities
identified by fast greedy modularity optimisation, the table reports the number of member proteins, the most central
proteins in the community, and significantly enriched KEGG pathway categories (adjusted p < 0.05). Community 1
had no significant KEGG enrichments.

Comm. Size Representative Enriched KEGG categories
(p) proteins (adjusted p < 0.05)
1 59 TGM2, CTSL, ENTPD6, None
NOTCHI1
2 34 S100P, TCN2, PCSK9, GP2 Digestive system; Immune system; Carbohydrate metabolism;
Immune disease
3 72 HK2, NTproBNP, VWF, Signaling molecules and interaction; Eukaryotic cellular com-
TFRC, F9, PTN, FCRL1 munity; Signal transduction; Immune system; Endocrine and
metabolic disease; Infectious disease: viral; Energy metabolism;
Transport and catabolism; Infectious disease: parasitic; Digestive
system
4 63 IGFBP1, HYALI1, C2, LPL, Energy metabolism; Signalling molecules and interaction
TINAGL1, FETUB
5 72 GHI1, SSC4D, ADAMTS13, Signaling molecules and interaction; Cardiovascular disease; Can-
MET, EGFR, HMOX1, ENG, cer: overview; Cell growth and death; Signal transduction; In-
PLAT, GZMH, PLA2G2A, fectious disease: parasitic; Immune system; Digestive system;
FABP4 Infectious disease: viral; Lipid metabolism; Infectious disease:
bacterial; Cancer: specific types; Endocrine and metabolic dis-
ease; Endocrine system
6 66 SERPINA12, ENTPDS, LEP, Signalling molecules and interaction; Transport and catabolism;

ACE2, MMP7, CNDPI,
CHEK?2, PAG1

Amino acid metabolism; Infectious disease: parasitic; Develop-
ment and regeneration; Endocrine system

23



57/2026

56/2026

52/2026

51/2026

53/2026

55/2026

54/2026

50/2026

49/2026

48/2026

MOX Technical Reports, last issues

Dipartimento di Matematica
Politecnico di Milano, ViaBonardi 9 - 20133 Milano (Italy)

Fontana, N.; Secchi, P.; Di Angelantonio, E.; leva, F.
Modeling time-varying genetic effects on binary disease risk via functional Mendelian
Randomization

Botta, P.; Vitullo, P.; Ventimiglia, T.; Linninger, A.; Zunino, P.
Physics-Informed Learning of Microvascular Flow Models using Graph Neural Networks

Bonazzoli M.; Ciaramella G.; Mazzieri |.
On the Unmapped Tent Pitching for the Heter ogeneous Wave Equation

Bellezza P.; Ciaramella G.; Macchini C.; Mazzieri |.; Verani M.
ParaFlow: Parareal Acceleration of Gradient-Flow Minimization

Dong Z., Jiang Y., Ng M., CiaramellaG., Yin J.
Chebyshev-Filtered Randomized Low-rank Preconditioners for Symmetric Positive Definite
Linear Systems

Beirao daVeiga, L.; Canuto, C.; Nochetto, R.H.; Vacc, G ; Verani, M.
A Virtual Element Method for elliptic problems on trimmed background meshes

Antonietti, P. F.; Corti, M.; Leimer Saglio, C. B.; Pagani, S.
The lymph 2.0 library: p-adaptive algorithms and parallel assembly strategies for polytopal DG
methods

Donnarumma, A.; Guagliardi, O.; Di Stazio F.; Mazza E.; Tanelli M.; Paganoni A.M.
Modelling Well-Being and Psychological Risk in Doctoral Education: An Integrated Latent Trait
Approach

Bortolotti, T.; Troilo, R.; Casuy, F.; Vantini, S.; Menafoglio, A.
Regularized covariance estimation from partially observed interferometric data

Antonietti, P.F.; Corti, M.; Orlando, G.
Optimized high-order IMEX-RK schemes for degenerate diffusion-reaction problems with
application to travelling waves phenomena



	qmox58-copertina
	mox-2026630171659
	Introduction
	Methods
	Gaussian graphical models and neighborhood selection
	Incorporating prior biological knowledge
	Conditional Gaussian graphical models
	Prior-informed conditional graphical Lasso
	Computational implementation

	Experimental Setup
	Simulation design
	UK Biobank cardiometabolic proteomics

	Results
	Simulation results
	T2D protein interaction network analysis

	Discussion and Conclusion

	qmox58-terza_di_copertina

