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High-throughput bottom-up proteomic data cover thousands of proteins and related co- and post-translational modifica-
tions (CTMs/PTMs). Yet, it remains an open question how to holistically explore such data and their relationship to com-
plementary omics/phenotypic information. Graphical models are particularly suited to study molecular networks and
underlying regulatory mechanisms, as they can distinguish direct from indirect relationships, aside from their generalizabil-
ity to diverse data types. Here, we propose PriOmics to integrate proteomic data with complementary omics and pheno-
typic data. PriOmics models intensities of individual proteotypic peptides and incorporates their protein affiliation as
prior knowledge to resolve statistical relationships between proteins and CTMs/PTMs. This is verified in simulation studies,
which also demonstrate that PriOmics can disentangle regulatory effects of protein modifications from those of respective
protein abundances. These findings are substantiated in a diffuse large B cell ymphoma (DLBCL) data set in which we in-
tegrate SWATH-MS-based proteomics with transcriptomic and phenotypic data.

[Supplemental material is available for this article.]

State-of-the-art proteomic approaches such as liquid chromatogra-
phy coupled to quadrupole-time of flight tandem mass spec-
trometry (LC-QTOF-MS/MS) facilitate the high-throughput
characterization of proteomes (Aebersold and Mann 2016). The
field developed from assessing proteins, peptides, and associated
co- and post-translational modifications (CTMs/PTMs) in a few
specimens to large-scale studies in medicine and systems biology
comprising hundreds of specimens to resolve regulatory mecha-
nisms and to discover novel biomarkers (Hiittenhain et al. 2019;
Bader et al. 2020; Bai et al. 2020; Salie et al. 2022). Studies of
CTMs/PTMs have received increased attention in recent years,
comprising among others phospho-proteomics to reveal kinase—
substrate interactions in plants (Wu et al. 2019), the identification
of high-risk groups in cancer (Archer et al. 2018), and the study of
molecular mechanisms in cancer treatment (Xu 2019).
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The integration of multiomics data is essential in biological
research, providing a comprehensive view of complex systems by
combining genomics, transcriptomics, proteomics, and metabolo-
mics. Each layer offers unique insights into cellular functions and
diseases, and various strategies have been developed for data-driv-
en integration (Ritchie et al. 2015; Picard et al. 2021; Hernéandez-
Lemus and Ochoa 2024). Common approaches combine omics
layers into a single data set to facilitate interomic analysis. A mul-
titude of different multivariate statistical techniques and machine
learning-based or network-based (Zitnik et al. 2024) methods can
be applied after data concatenation. Recent integration methods,
such as model-ensemble methods, analyze each omic layer inde-
pendently before synthesizing results, retaining layer-specific
features but potentially missing interomic interactions (Vahabi
and Michailidis 2022). Mixed integration methods apply a trans-
formation step prior to analysis, for example, by using kernel- or
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graph-based methods (Picard et al. 2021). Afterward, mostly the
same algorithms can be applied as used for early integration pipe-
lines. Furthermore, intermediate integration methods facilitate in-
tegration by identifying shared patterns among omics data sets,
accommodating both common and unique factors specific to
each data type. As such, multiomics factor analysis (MOFA) is
used to model common latent factors across multiple omics layers
(Argelaguet et al. 2018). Unified nonnegative matrix factorization
(UNMF) focuses on decomposing nonnegative matrices into inter-
pretable, lower-dimensional components that capture the under-
lying structure and patterns within individual data sets (Lee and
Seung 1999; Abe and Shimamura 2023). In contrast, mutual infor-
mation (MI)-based algorithms assess dependencies between omics
variables by quantifying the amount of shared information
(Margolin et al. 2006). Here, we consider a holistic perspective
and propose to integrate omics layers statistically using a dedicated
network inference method based on probabilistic graphical
models.

Naive pair-wise measures of association such as Pearson'’s cor-
relation were shown to be prone to false positives as a consequence
of indirect relationships mediated by one or more other variables
(Altenbuchinger et al. 2020; Shutta et al. 2023). To resolve such
spurious associations, molecular variables have to be considered
in their multivariate context. Probabilistic graphical models are de-
signed for this purpose (Altenbuchinger et al. 2019, 2020) and
were recently adapted to the multiomics setting (Shutta et al.
2023) to study, for instance, gene regulation via promoter methyl-
ation. However, (multi-)omics data sets might demonstrate even
higher complexity, which is not yet captured by existing ap-
proaches. First, (multi-)omics data are usually accompanied by
complex and highly relevant phenotypic data that warrant direct
incorporation into statistical model development, as suggested,
for example, by Feng and Ning (2019) and Li et al. (2022).
Second, some omics technologies require a tailored solution. For
instance, genomic information, such as somatic mutations in can-
cer, should be incorporated as categorical variables. Similarly,
state-of-the-art proteomic data require tailored solutions, as out-
lined in the following.

Bottom-up LC-MS/MS proteomic approaches like sequential
window acquisition of all theoretical fragment—ion spectra mass
spectrometry (SWATH-MS) quantify protein expression on the lev-
el of peptides following digestion of proteomes with endopepti-
dases such as trypsin. The measurement of thousands of
peptides across hundreds of samples provides highly reproducible
and consistent quantitative results (Ludwig et al. 2018). Peptide in-
tensities are typically computed by summing or averaging peak ar-
eas of the most intense fragment ions of a peptide. To infer the
abundance of a protein, one or many proteotypic peptides are ag-
gregated to yield protein intensities (Fig. 1B). Multiple strategies
have been suggested for this process (Silva et al. 2006;
Schwanhéusser et al. 2011; Cox et al. 2014), of which the averaging
of the most intense peptides per protein is one of the most com-
mon strategies (Ludwig et al. 2012). These aggregation steps can
potentially lower measurement noise, but they also have several
major drawbacks. First, peptides contributing to the same protein
intensity can differ with respect to measurement quality (noise),
and consequently, the computed protein abundance can be
blurred through low-quality peptide measurements. Thus, a specif-
ic peptide could be a better representative of the protein than the
average value (Fig. 1A). Second, CTMs/PTMs, such as protein N-ter-
minal acetylation, phosphorylation, glycosylation, and ubiquiti-
nation, can affect protein structure, function, and stability. For
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Figure 1. Concepts of conventional peptide aggregation strategies.

Naive network inferred at the level of peptides (A) and at the level of pro-
teins (B).

instance, the RNA and protein encoded by the gene MYC are
known to be of high prognostic relevance in many cancer entities
(Dang 2012). However, its phosphorylation patterns can confer
additional prognostic value, as shown for medulloblastomas in
the work of Archer et al. (2018). To reveal the specific roles of pro-
tein MYC and its differentially phosphorylated isoforms, their re-
spective quantities have to be considered. Naive aggregation can
potentially hide such highly relevant information. A similar chal-
lenge arises in transcriptomics in which multiple sequencing reads
need to be aggregated into a single transcript abundance.
Probabilistic tools, such as RNA-seq by expectation maximization
(RSEM) (Li and Dewey 2011), have provided effective transcript ag-
gregation. However, protein aggregation faces a more complicated
problem, as peptides, especially modified versions, may exhibit
different behaviors and functional roles than their nonmodified
counterparts. Further, the data quality between both fields differs
a lot. Bulk RNA-seq typically provides sufficiently high read
counts, whereas peptide identification via mass spectrometry of-
ten yields more sparse and noisier data (Aebersold and Mann
2016). Consequently, naive aggregation strategies might blur esti-
mates of protein abundances if one or more peptides of a protein
are captured inaccurately.

Peptide aggregation faces several key limitations: (1) standard
peptide aggregation procedures can introduce biases and lead to a
critical loss of information; (2) the statistical redundancy from
multiple peptides per protein poses a significant challenge for con-
ventional graphical models; and (3) it is often difficult to distin-
guish the regulatory effects of protein modifications (CTMs/
PTMs) from changes in overall protein abundance. Here, we intro-
duce PriOmics, which is a probabilistic graphical modeling ap-
proach specifically designed to overcome these challenges.
PriOmics accounts for redundant molecular variables (multiple
peptides of the same protein) without a prior aggregation step.
The algorithm is implemented in two distinct variants based on as-
sumptions about peptide relationships: one treating grouped pep-
tides as conditionally independent (“PriOmics-CIG”) and one
allowing for dependencies between them (“PriOmics-non-CIG”),
accommodating specific use cases as conceptualized in Figure 2,
A and B. PriOmics models individual peptides but takes into ac-
count their corresponding protein identity, thus directly address-
ing the limitations of aggregation and redundancy inherent in
standard peptide aggregation procedures. Moreover, this peptide-
level resolution allows PriOmics to disentangle regulatory effects
of protein modifications from those of respective protein abun-
dances. PriOmics can also incorporate categorical data types to
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Figure 2. Concepts of the PriOmics peptide aggregation strategies.
Both methods account for the protein affiliation, but prior CIG (condition-
ally independent variables—grouped) (A) removes edges a priori between
proteotypic peptides of a protein, whereas prior non-CIG (noncondition-
ally independent variables—-grouped) (B) retains them. The former is
more appropriate for technical, noisy copies of an identical variable (pep-
tides that represent the same protein abundance), and the latter is more
appropriate for variables that are related but likely represent different bio-
logical variables (e.g., different phosphorylation sites of the same protein).

facilitate the integration of complex proteomic data with pheno-
and genotypical information. We demonstrate the performance
of PriOmics both in simulation studies and in an application to
proteome-transcriptome data integration in diffuse large B cell
lymphoma (DLBCL), in which we also take into account pheno-
typic information on patient samples. In these evaluations, we
compare PriOmics to several competing approaches, including
standard mixed graphical models (MGMs), popular MI-based net-
work inference methods, and strategies based on peptide aggrega-
tion. The biological application reveals key molecular variables
that drive the differentiation of DLBCLs into their cell of origin
(COO0).

Results

Problem setting

As a probabilistic graphical modeling approach, PriOmics is de-
signed to model complex statistical dependencies between vari-
ables. It can account for both continuous variables such a gene
and protein expression levels and categorical variables such as
geno-/phenotypes. Thus, PriOmics is a general framework that en-
ables the integration of diverse data modalities that can distin-
guish direct from indirect dependencies. To establish a PriOmics
model, the user has to provide two full data matrices, one that con-
tains the measurements of all continuous variables (e.g., protein
and gene expression levels) and a matched matrix containing all
categorical variables (e.g., geno- and phenotypes). Both data matri-
ces are required to represent the same set of samples. Given these
data, PriOmics infers a statistical model with parameters represent-
ing statistical dependencies, in which vanishing parameters corre-
spond to conditional independence (CI; see Methods). PriOmics
pays particular attention to the specific nature of proteomic data,
in which multiple peptides can represent the same protein abun-
dance. As such, the user can specify prior information via two
grouping priors. Prior conditionally independent variables (grouped),
that is, “CIG,” assumes that individual proteotypic peptides serve
as a proxy for the same underlying protein abundances. Here, the
grouped peptides are assumed to be conditionally independent
(CI). Typically, noisy peptide measurements blur estimates of pro-

tein abundances in aggregation methods. As such, PriOmics “CIG”
models peptides jointly without prior aggregation step while ac-
counting for the fact that multiple peptides likely represent the
same protein via a grouping prior. As an alternative, users can
choose prior nonconditionally independent variables (grouped), that
is, “non-CIG,” in which the members of a group are assumed to
be related but still represent different biological variables. As
such, variables are not assumed to be CI. This model type can be
particularly relevant if different proteotypic peptides belong to
the same protein but carry different CTMs and PTMs and, thus,
might carry different biologically meaningful information.

In the following, we will describe the basic concept of
PriOmics and will show that holistic analysis strategies of high-
throughput proteomic data have to account for the fact that mul-
tiple proteotypic peptides likely represent the same underlying
protein abundance. Otherwise, analyses are prone to erroneous
conclusions. These findings will be substantiated in systematic
simulation studies presented in subsequent sections. Finally, we
will provide an exemplary application to a combined proteomic—
transcriptomic data set of DLBCLs.

Graphical models, redundant variables,
and group-parsimonious networks

The inference of probabilistic graphical models, such as Gaussian
graphical models (GGMs) or MGMs, is affected by redundant var-
iables. To illustrate this, we generated artificial data according to
the exemplary network structure shown in Supplemental Figures
S1 and S2A, consisting of five continuous variables (A, B, C, D, E)
and three categorical variables with binary outcome (X, Y, Z).
Then, we generated two noisy copies of B and three noisy copies
of variables C and E, to simulate the possible presence of multiple
peptides representing the same protein. The corresponding
ground-truth network is visualized in Supplemental Figure S2B,
in which we contrast it with different approaches to reconstruct
the underlying network (Supplemental Fig. S2C-G). These are,
first, the network structure estimated via ordinary univariate anal-
ysis, in which we used linear regression for continuous-continu-
ous edges and used logistic regression for continuous-binary and
binary-binary edges (Supplemental Fig. S2C). Because each edge
is estimated twice, we show the respective average (only edges
with P-values < 0.05, adjusted for the false-discovery rate according
to the method of Benjamini and Hochberg (1995) (BH), are shown;
Matthews correlation coefficient (MCC)=0.71). We observed a
pattern typically seen in ordinary pair-wise association analysis,
as exemplified by variables B and D, which are individually con-
nected to variable E but not to each other in the ground-truth net-
work (Supplemental Figure S2B). Erroneously, the univariate
analysis in Supplemental Figure S2C shows an edge between B
and D as a consequence of B and D’s individual relationship to
E. This observation illustrates that pair-wise association measures
are prone to false-positive associations and, thus, molecular vari-
ables have to be considered simultaneously in order to disentangle
direct from indirect relationships. Similar observations were re-
peatedly made for pair-wise correlation networks (Shutta et al.
2023). Note that the latter are restricted to continuous variables
only. As an alternative analysis strategy, we explored multivariate
node-wise linear and logistic regressions (Supplemental Fig. S2D).
This analysis strategy takes possible indirect relationships into ac-
count, but it does not allow for variables to be technical replicates
of each other. In fact, all genuine interactions were too weak and,
consequently, were removed after BH adjustment (MCC=0). This
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effect was substantially mitigated using the classical, regularized
MGM as proposed by Lee and Hastie (2015) and implemented
via pseudo-log-likelihood optimization (referred to as PLL-MGM)
(Supplemental Fig. S2E). However, still a high proportion of edges
were not observed (MCC=0.72). In particular, when redundant
variables were involved, edges were usually observed to only a
few, but not to all members, of the group, as exemplified for edges
between variables representing B & E and A & C, respectively.
Next, we evaluated PriOmics and obtained the networks shown
in Supplemental Figure S2, F and G, for CIG and non-CIG, respec-
tively. PriOmics-CIG correctly distinguished direct from indirect
relationships, as can be seen from the absence of edges between
B and E and between A and C, respectively. Moreover, it can deal
with technical replicates of variables; if there is an edge between
one peptide and another variable, then all peptides of the respec-
tive protein are connected to this variable. PriOmics-non-CIG
shows a similar behavior (Supplemental Fig. S2G). However,
because non-CIG does not strictly assume that variables of the
same group are technical replicates, it infers also relationships be-
tween those replicates, at the price of reduced edge weights to oth-
er variables. In summary, PriOmics can deal with redundant
variables but requires a priori specification of the underlying
data generating process. The latter is not always available, and as
a consequence, performance can be compromised, as can be
seen by comparing panels F and G of Supplemental Figure S2
(MCC=1. vs. MCC=0.93); the prior was correctly specified for
Supplemental Figure S2F (CIG, as variables B, C, and E contain
technical replicates) and incorrectly for Supplemental Figure
S2G. Matrix representations of all derived networks are depicted
in Supplemental Figure S3. In summary, we showed typical pitfalls
in the analysis of proteomic data in a simple simulation, namely,
indirect edges and multiple replicates of individual variables. For
large-scale performance evaluations, see results in the next section.

An important ingredient of PriOmics is its regularization
scheme dedicated to the analysis of proteomic data. PriOmics
adapts the MGM loss function to account for redundant variables
by enforcing within-group edges to equal zero (CIG) and makes use
of regularization strategies taking into account the grouping of var-
iables (CIG and non-CIG). For prior CIG, the parameters represent-
ing direct interactions between variables within the same group
(Bsy for s, s’ € §) are guaranteed to be exactly zero owing to the
constraint imposed during optimization, whereas for prior non-
CIG, these within-group interaction parameters are allowed to be
nonzero if the data and the regularization term support such an
interaction.

The need for model regularization has been emphasized re-
peatedly for GGMs (Schifer and Strimmer 2005a,b) and MGMs
(Lee and Hastie 2015); for P>n, the maximum likelihood estimate
of the multivariate Gaussian is not defined, and even if n>P, the
parameter estimates can have a large variance if both are of the
same order of magnitude. Thus, model regularization is mandato-
ry. Standard LASSO regularization enforces sparseness with respect
to individual edges (see, e.g., the graphical LASSO) (Friedman et al.
2008), whereas PriOmics utilizes group-LASSO regularization
terms to further encode the grouping of variables. To illustrate
this feature, we repeated the previous analysis but now decreased
the regularization parameter successively from 1=1.6 to A=0.
Each individual 2 was applied to both CIG (Supplemental Fig.
S4) and non-CIG (Supplemental Fig. S5). We make the following
observations:

1. Networks become increasingly connected upon decreasing A.

2. Variables that belong to the same variable group either are all
connected to a neighbor or are not connected.

The latter feature is a consequence of the group-LASSO terms and
has important consequences not just for model performance but
also for model interpretability; edges are always drawn to all mem-
bers of a group, and thus, respective edge weights can be directly
compared. The latter feature is lost when regularization enforces
sparseness in individual edges, as seen in Supplemental Figure
S6, in which PLL-MGM was evaluated for different values of the
regularization parameter.

Simulation studies

The former example illustrates the basic features of PriOmics. To
further test the performance of PriOmics against other methods,
we performed several simulation studies, exploring both different
sample sizes and different edge densities (the proportion of edges).
Simulations were designed to capture key features relevant to mul-
tiomics data sets: high dimensionality (with scenarios when P> n),
the presence of both continuous and categorical variables, under-
lying sparse network structures, and, importantly, the block struc-
ture introduced by redundant variables (simulating multiple
peptides per protein) alongside unique variables (simulating other
omics or phenotypes).

PriOmics improves on network inference in settings
with redundant variables

We evaluated PriOmics and the competing methods for a fixed
number of 75 (i.e., 150) duplicated continuous, 50 nonduplicated
continuous, and 30 discrete variables for different sample sizes n
(n €{100, 175, 250, 375, 500, 750, 1000, 1500, 2000}), in which
the subsets were always drawn from the next bigger one. The
75 continuous variables with noisy copies represent a scenario
in which different peptides represent the same protein (see
Supplemental Code). The set of 50 ordinary nonduplicated contin-
uous variables were included to represent a typical second omics
layer, such as gene expression levels or metabolite abundances.
We performed 12 different simulation scenarios with varying
edge densities 7 for continuous-continuous, continuous-discrete,
and discrete—discrete edges as summarized in Supplemental Table
S1. Here, simulated continuous—continuous edges were further dif-
ferentiated according to the two omics layers. Investigated edge
densities were motivated by the work of Schéfer and Strimmer
(2005a) and Shutta et al. (2023), in which edge densities of 1%-
2% and 0.4%-10.1% were studied, respectively. Noteworthy, the
investigated simulation scenarios are also supported by the empir-
ical edge densities observed in the DLBCL analysis shown below
(see also Supplemental Tables S2, S3, S6). Each simulation scenario
was repeated a total of 30 times to provide error estimates.

First, we compared the performance of PriOmics to the com-
peting methods with respect to the reconstruction of continuous-
continuous edges in terms of MCC and area under the precision-
recall curves (AUC-PR). The results for simulation scenario 1 of
Supplemental Table S1 are shown in Figure 3. The MCCs for
PriOmics-CIG were higher than those obtained for the MGMs
without peptide grouping in almost all scenarios, with improve-
ments of up to 31.7% for simulation 1a, 27.8% for simulation
1b, and 22.3% for simulation 1c. Similarly, PriOmics-non-CIG per-
formed better than PLL-MGM for all sample sizes, but improve-
ments were smaller than for PriOmics-CIG (see Fig. 3). The
corresponding AUC-PRs underlined the overall better performance
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~&- ARACNE

Performance comparison of a pseudo-log-likelihood MGM implementation (PLL-MGM), the PriOmics implementations with different priors

(“CIG"” and “non-CIG"), a node-wise LASSO regression MGM implementation (“NW-MGM?”), and three MI-based algorithms (“CLR,” “ARACNE,” and
“MRNET”) on simulated data. The plots show the average MCC versus sample size n of 30 runs. The top row shows results for the continuous-continuous
edges; the middle row, for the continuous-discrete edges; and the bottom row, for the discrete-discrete edges. The columns correspond to the three dif-
ferent simulation studies 1a to 1c with varying edge densities, as summarized in Supplemental Table S1. The error bars correspond to +1 SDD.

of PriOmics (Supplemental Fig. S7). We further included compar-
ison methods based on MI. These do not rely on the inference of
conditional independence statements, providing an alternative
conceptual approach to network inference. Studied approaches
are context likelihood of relatedness (CLR), algorithm for the re-
construction of accurate cellular networks (ARACNE), and maxi-
mum relevance minimum redundancy network (MRNET).
Although all three methods yielded comparatively high AUC-PR
values, those were accompanied by an inflated number of false
positives; the graphical modeling approaches (PriOmics-CIG,

PriOmics-non-CIG, and PLL-MGM) set a substantially higher
number of edges to zero, and as such, respective edges cannot be
ranked for evaluation, biasing their AUC-PR values toward smaller
values. Considering MCC, MI-based approaches perform substan-
tially worse than the graphical modeling approaches as a conse-
quence of inflated false positives. In general, AUC-PRs increased
with 1, and the largest improvements for PriOmics were observed
for medium and large sample sizes. Improvements for sample sizes
n<250 were smaller, but the overall performance was better for
both PriOmics-CIG and PriOmics-non-CIG compared with the
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other methods. For instance, the improvements in MCCs of
PriOmics-CIG compared with PLL-MGM were 0.15 and 0.29 for
scenario la and 0.07 and 0.16 for scenario 1b, respectively, for
100 and 175 samples. PriOmics also showed better sample efficien-
cy, often achieving the performance of PLL-MGM’s with substan-
tially fewer samples (e.g., cf. n=250 vs. n=500 in scenario 1a).
Further, we observed that the edge recovery was better for small
edge densities (scenario la) with maximum AUC-PRs of 0.963
and 0.932, respectively, for PriOmics-CIG and PriOmics-non-
CIG. These findings are supported by the alternative simulation
scenarios 2 through 4 (see Supplemental Fig. S8-S13).

Next, we verified the reconstruction of continuous-discrete
edges (Fig. 3, middle row) and discrete-discrete edges (Fig. 3, bot-
tom row). For all methods, MCC and AUC-PR had a tendency to
be lower than for the reconstruction of continuous—continuous
edges. PriOmics-CIG showed best performance results with respect
to MCC (and similarly AUC-PR) for continuous—discrete edges
compared with PLL-MGM but was weaker for discrete-discrete
edges, while still outperforming the node-wise MGM (NW-
MGM). PriOmics-non-CIG yielded comparable results to PLL-
MGM for edges involving categorical features. One should note
that the model priors directly affect continuous—continuous edges
via prior Equation 5, although their effect on continuous-discrete
and discrete—discrete is only an indirect one, which might explain
the minor differences to PLL-MGM.

In summary, this simulation study shows that both PriOmics-
CIG and PriOmics-non-CIG substantially improve edge recovery
compared with the state-of-the-art approaches through systemati-
cally addressing redundant variables by removing within-group
edges (PriOmics-CIG) and by using a regularization scheme, which
a priori takes into account the grouping of variables (PriOmics-CIG
and PriOmics-non-CIG).

PriOmics provides robust results even when model assumptions
are violated

We conducted an additional simulation to investigate how the
PriOmics approaches respond to violated model assumptions. To
this end, we systematically increased the number of false group as-
signments and assessed the method’s ability to accurately recon-
struct the underlying network. As a benchmark, we aggregated
peptides using the maxLFQ method (Cox et al. 2014) and subse-
quently applied PLL-MGM for network inference. The results, il-
lustrated in Supplemental Figure S14, show the performance
curves for PriOmics alongside the benchmark, demonstrating
that PriOmics maintains robust performance even when the mod-
el assumptions are violated. Moreover, performance remains
substantially more stable than for maxLFQ. Corresponding perfor-
mance evaluations in previous simulation studies are given in
Supplemental Figures S15-S18. In summary, we observed that
both PriOmics approaches can handle inaccuracies in group as-
signments while still achieving reliable network reconstruction.

Application to DLBCL data

Non-Hodgkin lymphomas (NHLs) arising from B or T cells repre-
sent a highly heterogeneous group of diseases with DLBCL being
the most frequent, accounting for almost one third of NHLs
(Non-Hodgkin’s Lymphoma Classification Project 1997).
Routinely, DLBCL patients are stratified simply according to the
stage of the disease (i.e., the sites of manifestations) or taking addi-
tional phenotypic and clinical variables into account, such as age,
general constitution (i.e., performance status), serum lactate dehy-

drogenase (LDH) level, or the occurrence of B symptoms (i.e., fever,
drenching night sweats, and loss of >10% of body weight over
6 months), according to the international prognostic index (IPI)
(NHLPF Project 1993). On the molecular level, DLBCLs are com-
monly differentiated according to their COO into germinal center
B cell-like (GCB) and activated B cell-like (ABC) depending on the
expression of specific genes (Rosenwald et al. 2002; Hans et al.
2004). More recently, aggressive lymphomas expressing the “dou-
ble hit” or the “molecular high grade” signatures have been pro-
posed as separate subtypes (Ennishi et al. 2019; Sha et al. 2019).
These signatures characterize GCB tumors with genetic and dark
zone biological features similar to both follicular lymphomas
and Burkitt lymphomas. In addition, molecular classification
schemes based on transcriptomics and proteomics were previously
proposed (Rimsza et al. 2011; Reinders et al. 2020; Staiger et al.
2020; Wright et al. 2020) and, more recently, more sophisticated
genetic classifiers (Chapuy et al. 2018; Schmitz et al. 2018).
These recent developments warrant a holistic approach for reveal-
ing different pathomechanisms underlying DLBCL and predicting
treatment response. Here, we will perform an exemplary analysis
of a high-throughput proteomic data set of DLBCL using PriOmics.

Data set

The data set includes 344 DLBCL specimens from the German
High-Grade Lymphoma Study Group (DSHNHL) (Reinders et al.
2020), comprising proteomic data of formalin-fixed paraffin-em-
bedded (FFPE) tissue slides generated using microLC-SWATH-MS,
including in total the label-free mass spectrometric intensities of
7720 nonmodified peptides and 666 peptides with CTMs and/or
PTMs. Two additional transcriptomic data sets were available for
330 of the 344 patients, consisting of 145 genes measured by
NanoString nCounter (Staiger et al. 2020) and 296 genes measured
by HTG EdgeSeq (for overview, see Supplemental Table S4).
Alongside the omic data, we included 10 categorical variables,
comprising nine binary variables and one multilabel variable
(Supplemental Table S5). Initially, we employed PriOmics on the
proteomic data set, along with clinical and phenotypic features,
and referred to this as data set 1 (DS1). Following this, we applied
PriOmics to the combined data set (DS2), which incorporates pro-
teomics, transcriptomics, and clinical and phenotypic data. The
details of DS1 and DS2 are outlined in Supplemental Table S4.

PriOmics model development

PriOmics was applied to DS1 in three different scenarios, using pri-
ors CIG and non-CIG to encode the protein affiliation and without
prior assumptions (i.e., PLL-MGM), respectively. The more com-
prehensive data set DS2 was processed using the priors to group
peptides according to their associated protein. The transcriptomic
data were modeled as individual variables without underlying
group property. All PriOmics models converged using a stopping
criterion of €< 107°, defined according to the method of
O’'Donoghue and Candes (2015). In total, models for 30 different
penalization parameters (1) were evaluated. In a first instance, we
selected models using the lowest extended Bayesian information
criterion (EBIC) (Chen and Chen 2008), with y=0.5 resulting in
A values of 1.130, 0.693, and 0.425, respectively, for models with
priors CIG, non-CIG, and PLL-MGM. Because the selected models
yielded only few nonzero associations as shown in Supplemental
Table S6, we subsequently chose the Bayesian Information
Criterion (BIC) as model evaluation criterion. This yielded denser
networks and facilitated a more detailed biological interpretation.
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Here, A values of 0.332, 0.294, and 0.142, respectively, for CIG,
non-CIG, and PLL-MGM were found to be optimal for regulariza-
tion. A summary of the inferred DS1 models can be found in
Supplemental Table S6 and Supplemental Figures S19-S21.
Analogously, the model selection for DS2 was conducted with
the BIC using A values of 0.294, 0.294, and 0.142, respectively,
for CIG, non-CIG, and PLL-MGM. Further details of model selec-
tion are depicted in Supplemental Figures S22-S24.

Holistic omics data integration with phenotypic
variables in DLBCL

In PriOmics networks, protein-protein edges represent associa-
tions filtered for indirect ones. These edges may indicate physical
interactions, shared roles in signaling pathways, or coregulation
in biological processes. Additionally, they capture aspects of cellu-
lar composition, highlighting coexpressed or colocalized proteins
and offering proteome-specific insights beyond transcriptional
data. We used PriOmics to integrate proteomic and transcriptomic
data with the phenotypic variables summarized in Supplemental
Table S5. This analysis provides both sanity checks of the algo-
rithm and a comprehensive characterization of the interdepen-
dencies between molecular and phenotypic variables in DLBCL.
Unless otherwise mentioned, the analyses were performed with
BIC as model selection criterion. The full network representations
of DLBCL models (PriOmics-CIG, PriOmics-non-CIG, and PLL-
MGM) are visualized in Supplemental Figures S25 (DS1) and S26
(DS2).

PriOmics reduces false-positive findings

We first applied PriOmics and competing methods to the com-
bined proteomic and phenotypic data (DS1). PriOmics yielded net-
works with 46,989 and 44,339 edges (Supplemental Tables S6, S7),
corresponding to edge densities of 1.87% and 1.76% for CIG and
non-CIG, respectively, without taking into account edges within
protein groups to maintain comparability. Edges obtained by
both approaches were consistent with an overlap of 63.3%
(Supplemental Fig. S27B). PLL-MGM vyielded a similar edge density
of 2.11%, but the individual edges agreed only moderately to those
of PriOmics, with an overlap of 10.4% and 11.4%, respectively, for
CIG (Supplemental Fig. S27C) and non-CIG (Supplemental Fig.
S27D). A Venn diagram (Supplemental Figure S27A) illustrates
the overlap between PriOmics-CIG, PriOmics-non-CIG, and PLL-
MGM. One should note that if a peptide is connected to a variable,
then presumably the remaining peptides of the same protein
should be also connected to this variable. This is always the case
for PriOmics, as this prior knowledge is encoded via regularization.
However, PLL-MGM yielded highly inconsistent results, in which,
on average, only 56.84% of the expected edges were selected. It is
noteworthy that PLL-MGM and PriOmics-non-CIG differ only in
model regularization, and as such, this observation might be at-
tributed to the /; regularization of PLL-MGM. The latter induces
sparseness in individual edges only and not edge groups. The
NW-MGM approach yielded an almost vanishing edge density of
0.059% and therefore was excluded from further comparison.
Finally, we compared the PriOmics networks to those ob-
tained by two naive univariate screenings, one using a significance
threshold for BH-adjusted P-values of ¢=0.05 and a more restric-
tive model with a=1072%, The latter threshold yielded an edge
density of 1.87% and was chosen such that it agreed approximate-
ly with the PriOmics networks. The univariate approach with a=
0.05, however, yielded a dense network covering 62.66% of all pos-

sible edges, suggesting a huge number of false-positive findings. It
is noteworthy that although this univariate approach selected the
majority of all possible edges, it did not capture all of those selected
by PriOmics-CIG (7423) (Supplemental Fig. S27E). The more re-
strictive univariate model with a= 1072 showed a substantial dis-
agreement to PriOmics-CIG, with only 9.43% consistent edges
(Supplemental Fig. S27F). Moreover, the edges were inconsistent
with respect to the underlying protein grouping, as suggested by
an average edge proportion within protein groups of 35.78%.
The Venn diagram in Supplemental Figure S28 quantifies the
differences in inferred edges between methods. In summary, we
observed a limited overlap between PriOmics and univariate
screening. This was even the case when the latter was thresholded
to match the density of PriOmics-CIG (Supplemental Fig. S27F),
highlighting the need to discriminate direct from indirect
relationships.

Associations to COO

The differentiation of DLBCLs according to their COO into GCB
and ABC is used widely in patient stratification in randomized clin-
ical trials (Alizadeh et al. 2000). Recently, proteomic-based GCB/
ABC subtyping was suggested (Reinders et al. 2020). Thus, we fo-
cused first on a PriOmics analysis of the proteomic and phenotypic
data only (without transcriptomic data) to explore whether the
COO first-order neighborhood (Fig. 4) resembles the signature sug-
gested by (Reinders et al. 2020) and whether it includes additional
potential proteomic markers for COO subtyping (the first-order
neighborhood should contain the most directly associated pro-
teins). The ABC neighborhood (Fig. 4A) of the PriOmics-CIG mod-
el comprises in total 19 peptides from 12 different proteins, in
which the tryptic peptide at the protein N terminus of PDLIM1
([1Ac]-TTQQIDLQPGPWGFR) was acetylated after cotranslational
cleavage of the N-terminal methionine by methionine aminopep-
tidase. Edges to the COO are chosen to represent the differentia-
tion of ABC versus “unclassified.” The corresponding network
visualizing the differentiation between GCB and “unclassified” is
shown in Supplemental Figure S29, A and B, in which most edge
signs are flipped. This is in line with the fact that those molecular
features, which are positively associated with ABC, are usually neg-
atively associated with GCB. In this analysis, “unclassified”
DLBCLs are considered as an individual entity, as motivated by
the unsupervised clustering performed by Lenz et al. (2008). One
of two variables, which differentiate both ABC and GCB with
the same edge sign from unclassified DLBCL, is a peptide proteo-
typic for DNA methyltransferase 1 (DNMT1). DNMT1, which be-
longs to a family of DNA methyltransferases that catalyze the
transfer of the methyl moiety from S-adenosylmethionine to
DNA, plays an important role in maintaining genome-wide meth-
ylation patterns during DNA replication (Mensah et al. 2021).
DNMT1 is frequently expressed in both GCB and non-GCB
DLBCL, but more strongly so in the former (Loo et al. 2018).
More importantly, however, GCB and ABC DLBCLs have been sug-
gested to feature specific and distinct epigenetic alterations, in-
cluding DNA promoter methylation profiles (Shaknovich et al.
2010). In contrast, unclassified DLBCLs have been described to dis-
play nonspecific and, on average, lower DNA methylation levels.
This appears to be consistent with the present finding that
DNMT1 can distinguish both ABC and GCB DLBCLs from unclas-
sified cases (Shaknovich et al. 2010). The second protein that dif-
ferentiates both ABC and GCB with the same edge sign from
unclassified DLBCL, is switching B cell complex subunit SWAP70
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(SWAP70). SWAP70 is a Rac family guanine nucleotide exchange
factor that, independently of RAS, transduces signals from tyrosine
kinase receptors to RAC (Shinohara et al. 2002). Following B cell
stimulation, expression of SWAP70 increases rapidly, and it trans-
locates from the cytoplasm to the nucleus, where it plays a role in
immunoglobulin class switching, as well as to the plasma mem-
brane, where it associates with the B cell receptor (Masat et al.
2000). SWAP70 plays an important role in the regulation of cellu-
lar actin dynamics (Baranov et al. 2016) and is required for polari-
zation and homing of B cells into secondary lymphoid organs
(Pearce et al. 2006). Its ability to activate RAC1 may help to explain
why SWAP70 distinguishes both ABC- and GCB-like DLBCLs from
unclassified cases. SWAP70 has been observed to regulate
NOTCH2 (Meng et al. 2015), which is frequently mutated in un-
classified DLBCL, defining together with BCL6 gene rearrange-
ments the so-called BN2 subgroup of DLBCL (Schmitz et al.
2018). However, even though BN2-like DLBCLs are associated
with either NOTCH2 gain-of-function mutations or a relative in-
crease in NOTCH2, NOTCH2 is rarely activated in these tumors
(Shanmugam et al. 2021). Hence, it appears reasonable, albeit to
be proven, that decreased expression of SWAP70, and thus reduced
activation of RAC1 and NOTCH2, is a common feature of unclas-
sified, mostly BN2-like DLBCLs that distinguishes them from other
DLBCLs.

The majority of identified proteins in the COO first-order
neighborhood are established COO markers, such as inositol
1,4,5-triphosphate receptor associated 2 (IRAG2; encoded by
IRAG2, also known as JAW1) (Wright et al. 2003; Tedoldi et al.
2006; Blenk et al. 2007; Rimsza et al. 2011; Su et al. 2013; Liu
et al. 2018; Yan et al. 2020), IL16 (interleukin 16) (Wright et al.
2003, 2020; Rimsza et al. 2011), immunoglobulin heavy constant
mu (IGHM) (Blenk et al. 2007; Rimsza et al. 2011; Liu et al. 2018;
Reinders et al. 2020; Yan et al. 2020), and protein tyrosine phos-
phatase non-receptor type 1 (PTPN1) (Wright et al. 2003;
Reinders et al. 2020). We further confirmed the sign of the associ-
ation for each of the proteins. For instance, the downregulation
(negative association) of PTPN1 and IGHM in GCB-DLBCLs was al-
ready described by Reinders et al. (2020). Further, PDZ and LIM
domain 1 (PDLIM1) was positively associated with the ABC sub-
type in the PriOmics model. Its corresponding gene, PDLIM]1,

was found to be upregulated in CDS5+ cases that are associated
with ABC (Xu-Monette et al. 2015). However, only a minority of
DLBCL patients showed CDS expression. The loss of the closely re-
lated gene family member PDLIM2 has been reported as a defect
commonly shared by classical Hodgkin lymphoma (cHL) and an-
aplastic large cell lymphoma (ALCL), indicating a potential tumor
suppressing functionality (Wurster et al. 2017). Further studies
showed that PDLIM1 acts as a cancer-inducing regulator (Zhou
et al. 2021), for example, in breast cancer (Liu et al. 2015). One
of the two peptides representing PDLIM1 was acetylated at the
free alpha-amino group of the protein N terminus after prior
cotranslational cleavage of the protein N-terminal methionine
([1Ac]-TTQQIDLQPGPWGER; AA positions 2-17). This common
protein modification affects ~80% of all human proteins, includ-
ing PDLIM1 (Ree et al. 2018). The minor discrepancy in the edge
weights assigned to both peptides of PDLIM1 (0.017 for
SAMPFTASPASSTTAR [AA positions 123-138] and 0.055 for
[1Ac]-TTQQIDLQGPGPWGEFR) and the positive correlation ob-
tained for PriOmics-non-CIG (Fig. 4B) suggest that the two pep-
tides are technical replicates and that abundance of PDLIM1
rather than its differential acetylation is a marker for COO. To fur-
ther explore how results are affected by the selected prior, we com-
pared the previous COO neighborhood to the one obtained by
using PriOmics-non-CIG (potential interrelationships between
peptides of the same protein) (see Fig. 4A,B). The established edges
to COO were almost identical to those obtained for PriOmics-CIG.
Although the connections to three peptides of the protein POSTN
disappeared, additional edges arose among grouped peptides
(those are enforced to zero for PriOmics-CIG). Note that the as-
sumptions of both priors CIG and non-CIG might be partially vi-
olated; most peptides affiliated with the same protein might be
technical replicates (violating the assumptions of prior non-CIG)
but not necessarily all (violating the assumptions of prior CIG).
Thus, the observation that both analyses strongly coincide in their
results serves as an important sanity check for PriOmics. For com-
parison, we also show the COO neighborhood established by PLL-
MGM, which comprises 41 peptides, each representing a different
protein (Supplemental Fig. S30). Thus, in this case, it remains to be
elucidated whether the individual peptides or the underlying pro-
tein abundance is associated with COO. The latter information
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becomes directly accessible using PriOmics by considering the in-
dividual edge weights, as demonstrated by the previous example of
PDLIM1.

As mentioned afore, PriOmics-non-CIG, in contrast to
PriOmics-CIG, does not strictly assume that tryptic peptides derived
from the same protein are technical replicates. Data-independent ac-
quisition of tryptic peptides by SWATH-MS and their assignment to
particular proteins is based on a peptide library generated previously
using data-dependent acquisition followed by removal of tryptic
peptides that are not unique, that is, that match more than one pro-
tein. Closer inspection of the two PriOmics models in Figure 4 re-
vealed a difference in association strength with the COO label
between the two peptides believed to be proteotypic for CPNE3 in
the PriOmics-non-CIG model but not the CIG model. A renewed
search against the UniProtKB/Swiss-Prot database (UniProt
Consortium 2023) revealed that only the peptide VVLFEMEAR
was indeed proteotypic for CPNE3, whereas the peptide
DIVQFVPER was shared by the CPNE paralogs 2 thru 9. Thus, the
two peptides represent different variables. Differences in strength
of association with the COO label were also noted for RFTNI,
with RFTN1_NQSPEPSSGPR showing a much stronger negative as-
sociation with COO-ABC than RFTN1_FLEFTTLSAAELPGSSAVR.
In this case, the difference in association may be because of phos-
phorylation of S220, the first serine residue from the N-terminal
end of NQSPEPSSGPR, which is a reported phosphorylation site of
RFTN1 (Simpson et al. 2023). Because phosphopeptides are typically
present at substoichiometric levels compared with nonmodified
peptides of a protein and are also less efficiently ionized and prone
to neutral loss of the phosphate group in collision-induced
dissociation, which translates into reduced intensities of sequence
informative fragment ions, failure to detect both the phosphoryl-
ated and the nonmodified peptide is common (Boersema et al.
2009). Nevertheless, differences in phosphorylation of a protein
may be detected indirectly via differences in the amount of nonmo-
dified protein detected. In contrast to CPNE3 and RFTN1, the three
tryptic peptides derived from PTPN1 showed no differences in
association strength with COO-ABC in the PriOmics-non-CIG
model, thus indicating that these three peptides are indeed techni-
cal replicates.

Besides investigating the explorative property of the PriOmics
models, we also tested their predictive performance in a fourfold
cross-validation. In detail, we estimated the probabilities of identi-
fying the correct COO-status of the DLBCL specimens included in
DS1 and DS2. To that end, it was necessary to find optimal cutoffs
that define the probability ranges for each of the three COO sub-
types. The PriOmics models resulted in an overall agreement rate
(proportion of correctly classified COO labels) of 0.76 and 0.73
on data set DS1 averaged across all folds, respectively, for CIG
and non-CIG. Compared with the true COO labels of the 66
ABC-like, 100 unclassified, and 178 GCB-like DLBCLs, as deter-
mined by NanoString nCounter gene expression analysis using
the COO classifier of Szczepanowski et al. (2017), both PriOmics
models yielded perfect areas under the receiver operating charac-
teristics (AUC-ROCs) of one for the ABC and GCB specimens
(Supplemental Figs. S31, S32). Only the unclassified specimens
that lie in a gray area between GCB and ABC were difficult to pre-
dict with averaged ROC-AUCs of 0.76 (PriOmics-CIG) and 0.82
(PriOmics-non-CIG). The multiclass ROC-AUCs of COO predic-
tions were 0.86 and 0.87 (Supplemental Table S8), respectively,
for PriOmics-CIG and PriOmics-non-CIG. Consequently, reliable
COO classification on the moderately sized DS1 (344 samples),
along the solid simulation results for 250 and 375 samples (e.g.,

scenario 1a), suggest that PriOmics effectively captures key multio-
mics relationships even with moderate sample sizes.

Upon incorporation of additional transcriptomic features
(data set DS2), the network of the ABC neighborhood (Fig. 4C) re-
vealed associations for eight genes and one peptide. The gene MME
(neprilysin) occurred twice, owing to its presence in both gene data
sets. Again, most edge signs were flipped, comparing ABC to GCB
specimens (Supplemental Fig. S29C), with “unclassified” speci-
mens serving as reference. The only protein detected in both
DS1 and DS2 was DNMT1, which yielded congruent signs of the
edge weights. RAB29, member RAS oncogene family (RAB29)
and IRAG2 were observed as protein entity in DS1 and as gene en-
tity in DS2, which might indicate an increased predictive role of
RNAs compared with respective proteins. Further, genes cyclin
D2 (CCND2), MYB proto-oncogene like 1 (MYBL1), forkhead box
P1 (FOXPI), inositol-trisphosphate 3-kinase B (ITPKB), and
NIMA related kinase 6 (NEK6) were associated with COO. Out of
the 20 genes for ABC/GCB classification proposed by Wright
et al. (2003) and Reddy et al. (2017), PriOmics identified eight
genes/proteins. The importance of FOXP1 as a main driver of
DLBCL pathogenesis, especially in ABC-DLBCLs, was stated in
multiple studies, although different FOXP1 isoforms might have
different functions (Dekker et al. 2016; Gascoyne and Banham
2017). Further, CCND2 was repeatedly described as a prognostic
marker (Wang et al. 2020; Li et al. 2021a). In a combined study
of three cohorts with 250 GCB- and ABC-DLBCL patients each,
Liu et al. (2018) identified 87 differentially expressed genes
(DEGs) in the ABC group. Ten of these DEGs were also present in
the PriOmics based networks of DS1 and/or DS2, namely
MYBL1, MME, MARCKSL1 (MARCKS like 1), ITPKB, IRAG2,
POSTN, IGHM, FOXP1, CCND2, and RAB29. All edge signs were
in line with these findings, except POSTN. From the 19 COO-asso-
ciated genes and proteins identified with PriOmics, SWAP70,
CPNES3, and six other markers were also found in a study compar-
ing EZB-DLBCL subtypes (Schmitz et al. 2018) to non-EZB-DLBCLs
(Xu-Monette et al. 2022). An overview of the COO-associated
genes and proteins identified by PriOmics-CIG is given in
Supplemental Table S9. First-order neighborhoods of PLL-MGM
derived networks on DS2 are shown in Supplemental Figure S33,
A (GCB-DLBCL) and B (ABC-DLBCL). Details about the particular
edge strengths of the COO-associated variables are displayed in
Supplemental Figures S34-S39. Additional network analyses and
corresponding figures can be found in Supplemental Methods
Section 1, Supplemental Tables S10-S13, and Supplemental
Figures S42-549.

PriOmics reveals PTMs as confounding variables
in high-throughput proteomic data

PriOmics-CIG assumes that the intensities of individual proteo-
typic peptides serve as a proxy for the underlying protein abun-
dances, whereas PriOmics-non-CIG is more appropriate for
proteins that are represented by both nonmodified and co- or
post-translationally modified peptides, as CTMs and PTMs play
important roles in the regulation of the lifetime, structure, activity,
location, and interaction of proteins (Conibear 2020). However,
quantitative assessment of modified peptides by mass spectrome-
try may be affected by differences in ionization efficiency and
stability in collision-induced dissociation compared with the non-
modified paralog (Gao and Wang 2007). This has to be taken into
consideration when interpreting differences in correlation pat-
terns between nonmodified and post-translationally modified
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peptides with other proteins. The entire proteome data set con-
tains only one pair of peptides representing both the nonmodified
peptide and its modified paralog, which harbors a known PTM,
namely, phosphorylation of T160 of thymopoietin (TMPO) (Fig.
5). Nonphosphorylated TMPO is an integral component of the in-
ner nuclear membrane that binds to both lamin B1 (LMNB1) and
chromatin. TMPO plays an important role in nuclear envelope or-
ganization (Foisner and Gerace 1993). In metaphase, upon phos-
phorylation, TMPO loses both its LMNB1 and chromosome
binding ability, resulting in the disassembly of nuclei. During
late anaphase and early telophase, TMPO becomes again localized
to the surface of chromosomes, where it may facilitate reassembly
of the nuclear envelope, whereas LMNB1 colocalizes with TMPO at
detectable levels only upon completion of cytokinesis. There is no
clear negative or positive correlation between the intensities of
nonphosphorylated and phosphorylated TMPO and the intensi-
ties of the five LMNB1 peptides, which may be owing to subtle
differences in ionization efficiency or technical variance of quan-
titation. However, there is a clear negative or at least weaker
association with the nuclear ribonucleoproteins HNRNPU,
HNRNPA3, and SFPQ, the histone H1-5, and the far upstream ele-
ment binding protein 1 (FUBP1), which is a master transcription
regulator of a number of genes, including MYC, and whose abun-
dance has been already reported to decrease during mitosis (Kang
et al. 2020). The decreased levels of HNRNPU and H1-5 observed
with increased levels of phosphorylated TMPO reflect most likely
their known phosphorylation during mitosis. The scaffold attach-
ment factor A (SAF-A) or HNRNPU, a nuclear RNA-binding protein
with RNA-to-DNA tethering activity, has been shown to remove,
upon phosphorylation by Aurora-B, nuclear RNAs from the surface
of prophase chromosomes to facilitate chromosome alignment
and segregation in metaphase and anaphase, respectively (Sharp
et al. 2020). Consequently, one would expect that the abundance
of nonphosphorylated HNRNPU to correlate negatively with
phosphorylated TMPO. This is particularly obvious for nonphos-
phorylated HNRNPU_S*S*GPT*S*LFAVTVAPP GAR, which con-
tains four reported phosphorylation sites, marked by an asterisk,
at amino acid positions S187, S188, T191, and S192. As these sites
become phosphorylated, the abundance of nonmodified
HNRNPU will decrease. Correspondingly, increasing phosphoryla-
tion of T10 of H1-5, which is contained in H1-5_[1Ac]-
SETAPAETATPAPVEK, has been observed to start during prophase
and to increase to its highest level in metaphase (Talasz et al. 2009).
Another known threonine phosphorylation site is T39, which is
found in H1-5_KATGPPVSELITK and H1-5_ATGPPVSELITK
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(Behrends and Engmann 2020). Howevetr, its cell cycle-dependent
phosphorylation has not been investigated yet. The same
holds true for heterogeneous nuclear ribonucleoprotein A3
(HNRNPA3), which has been implicated in the regulation of chro-
mosome segregation (Ou et al. 2020), and whose serine residues at
positions 355, 356, and 358, which are contained in the peptide
HNRNPA3_SSGSPYGGGYGSGGGSGGYGSR, have been reported
to be phosphorylated under cellular stress and transformation-pro-
moting conditions. But whether these sites will also be phosphor-
ylated during mitosis, as described for HNRNPU, remains to be
elucidated. In summary, it appears that the PriOmics-non-CIG is
capable of identifying PTMs that are of biological relevance.

Discussion

In recent years, the complexity of biomedical data analysis in-
creased substantially as a consequence of new experimental possi-
bilities to generate (multi-)omic data. These data are usually high
dimensional, comprising 10,000s and more molecular variables
and generating both an increasingly detailed picture of biological
systems and challenges for data analysis. One major challenge are
so-called spurious or erroneous associations, which are indirect as-
sociations as a consequence of one or multiple mediating vari-
ables. As seen in our analysis and in those of many others
(Schiéfer and Strimmer 2005a; Shutta et al. 2023), applying ordi-
nary multiple testing strategies is not sufficient to control these
false-positive findings. Instead, variables have to be considered
in their multivariate context to identify potential mediators of as-
sociations. PriOmics is designed to do so, while taking into ac-
count the specific nature of individual omics such as for
untargeted high-throughput proteomic data. Moreover, PriOmics
can model both continuous and categorical variables, which is a
prerequisite to account for the increasing complexity of (multi-)
omic data. We exemplified this by using PriOmics to integrate con-
tinuous variables such as peptide and RNA abundances with cate-
gorical variables, such as phenotypic variables, in DLBCL
specimens. In our analysis, we could demonstrate that PriOmics es-
tablished rather sparse models in which only 1.76% — 1.87% of all
possible edges were present. Moreover, we could demonstrate that
the joint analysis of multiple tiers of omics is a prerequisite to bet-
ter resolve the underlying ground truth, as exemplified by edges es-
tablished to the COO classification of DLBCLs. Here, we found
that incorporating gene transcript levels in addition to peptide
abundances, shielded COO associated peptides in favor of their re-
spective RNA expression (seen for the gene-protein pairs IRAG2-
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Figure 5. Association patterns of four peptides affiliated with the protein encoded by TMPO (Lamina-associated polypeptide 2, isoforms beta/gamma) in
a PriOmics-non-CIG model. Phosphorylation of the peptide SSTPLPTISSSAENTR (bottom) results in alternating association scheme. (1Ac) Acetylation; (Pho)

phosphorylation; (Oxi) oxidation.
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IRAG2 and RAB29-RAB29) (Fig. 4). This may reflect the higher
quantitative accuracy of measurements of gene expression over
data-independent acquisition-based tandem mass spectrometry
of tryptic digests of proteomes, although it cannot be excluded
that COO is determined more strongly by gene rather than protein
expression levels. Finally, we were able to retain highly relevant in-
formation about individual peptides without requiring further ag-
gregation to protein abundances. This allowed us to reveal PTMs as
potential confounding variables of respective protein abundances.
One should also note that there is an increasing interest in PTMs as
biomarkers and gateways for novel therapies in cancer treatment.
PTMs occur by adding functional groups to the amino acid se-
quence of peptides, that is, phosphorylation, glycosylation, ubig-
uitination, and several others. Hence, they increase the complexity
of the human proteome eminently. In cancer development, their
importance has been stated repeatedly (Sharma et al. 2019; Chen
etal. 2020; Lietal. 2021b), further highlighting the need for robust
and accurate methods for both measuring and analyzing large-
scale proteomic data.

Building on these observations, our simulation study illus-
trates the PriOmics’ performance gains compared with other
state-of-the-art approaches. Specifically, the priors CIG and
non-CIG provided a distinct advantage in handling grouped vari-
ables. Unlike PLL-MGM, which lacks mechanisms to model group
structure effectively, PriOmics allows one to explicitly capture the
conditional independence of redundant features, subsequently
improving the general modeling performance. Additionally,
PriOmics’ ability to retain peptide-level information yields in-
sights that aggregation-based methods, such as maxLFQ, cannot
provide. By preserving the nuances of PTMs and their effects,
PriOmics offers new possibilities for understanding complex regu-
latory mechanisms, particularly in contexts like cancer biology, in
which PTMs play pivotal roles (Karve and Cheema 2011; Narayan
et al. 2016; Ardito et al. 2017). The robustness of PriOmics across
various simulation settings further underscores its utility, as its
systematic calibration using BIC/EBIC ensures stable model infer-
ence. MI-based methods, although widely used for their simplic-
ity, often generated dense networks in our simulations with
indirect, less relevant associations. PriOmics, employing a multi-
variate framework, addresses this by capturing complex depend-
ency structures, yielding sparser, biologically more interpretable
networks with fewer false positives. A similar statement was drawn
by Cakir et al. (2009), in which the advantages of partial correla-
tion-based networks compared to relevance networks were high-
lighted for simulated metabolic networks. Compared with MOFA
(Argelaguet et al. 2018), PriOmics offers enhanced specificity by
modeling peptide-level data directly rather than focusing on
shared latent factors, which can obscure biological details such
as PTMs. Although those general approaches for multiomics inte-
gration are broadly applicable, they often lack domain-specific ad-
justments, such as the grouping priors that PriOmics employs to
reflect the biological relationships between peptides and proteins.
Additionally, dimensionality reduction can challenge interpreta-
tion, whereas PriOmics is designed to maintain high-resolution
insights.

PriOmics incorporates many aspects relevant for state-of-the-
art omic analysis, but it does have some limitations. PriOmics net-
works are undirected, meaning that PriOmics cannot infer causal
relationships. The latter can be clarified by prior knowledge.
Moreover, there is ongoing research on establishing causal rela-
tionships from observational data, which could be also promising
in combination with PriOmics. Kernfeld et al. (2024), for example,

utilize model-X knockoffs to effectively manage causality and con-
trol false-discovery rates in multiomics data. Further, we want to
emphasize that although PriOmics can properly deal with both
categorical and continuous data, it makes assumptions about the
data, namely, that the variables follow probability density
Equation 1. This might be inappropriate for continuous variables,
which strongly deviate from normality. Here, data transformations
could be an option. Moreover, technical copies of variables were
incorporated by a priori removing specific edges and by using op-
timized regularization strategies, not directly in terms of a joint
probability density. Despite this limitation, it worked well in prac-
tice and offers a reasonable trade-off in analyses in which it is not
entirely clear if variables are copies or if they carry distinct biolog-
ical information.

In summary, PriOmics facilitates the joint analysis of com-
plex multiomics data, especially proteomic data, while making a
priori peptide to protein aggregation obsolete. The latter allows
for retention of potentially relevant biological information such
as those related to CTMs and PTMs. Moreover, PriOmics ability
to model both continuous and categorical variables might open
numerous possibilities to explore the complex interplay between
the different tiers of regulation captured by nowadays omics.

Methods
Mixed graphical model

Probability density function

MGMs can simultaneously account for different data types. We
closely follow the nomenclature of Lee and Hastie (2015) and build
on their probability density function
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which incorporates p standardized continuous variables x = (x4, ...,
X,) and g categorical variablesy = (y1, ..., y,), where variable y; has L;
states. The model parameters are © = [{B,4, {0}, {psj}, {0/}]. The term

1
EZI: . Zf _ Baxsxt +Zf: L @sXs corresponds to a GGM, which en-

codes conditional independencies among multivariate Gaussian
1
distributed variables, and the term EE ?: . E :I: 1y yr) corre-

sponds to a Markov random field (also called Ising model), which
encodes conditional independencies among categorical variables.
Finally, lez;?zlpsf(y,)xx encodes the conditional dependencies
between discrete variables y; and continuous variables x;. Here,
psi(yp) denotes a function assigning interaction parameters be-
tween continuous variable x; and each level of categorical variable
y;; for L; levels, p,; forms a vector of L; parameters. The model pa-
rameters further encode the sign of an association. For instance,
a parameter Sy,>0 (B, < 0) represents a positive (negative) associa-
tion between continuous variables x; and x; and By=0 corre-
sponds to conditional independence. An association Sy #0 will
be depicted by an edge in our network visualizations. An analo-
gous definition holds for parameters representing continuous—dis-
crete and discrete-discrete edges. Here, further attention is
required in the specification of the baseline level; for example,
let both y, and y; be categorical (binary) variables representing
two specific mutations. For instance, when we define the wild
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type as baseline, a positive weight ¢,;>0 indicates that both are
likely to be jointly mutated. Following the method of Lee and
Hastie (2015), © can be estimated using the negative pseudo-log-
likelihood
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where x, is the set of all continuous variables excluding s, and y\, is
the set of all categorical variables excluding r. Equation 2 is mini-
mized with respect to the model parameters ©, yielding a high-di-
mensional optimization problem that can be prone to overfitting
if p and q are larger or of the same order of magnitude as the sample
size n. For an appropriate regularization strategy see, for example,
the work of Lee and Hastie (2015), and the specific PriOmics regu-
larization terms introduced below.

PriOmics

PriOmics builds on mixed graphical modeling to facilitate the in-
tegration of high-throughput proteomic data with additional com-
plex data sources, such as complementary omic layers and/or
phenotypic information. It models the data on the level of pep-
tides to reveal potentially relevant regulatory mechanisms and in-
duces parsimonious network structures, taking into account
prespecified peptide groups (see also Supplemental Fig. S40).
Importantly, PriOmics allows to quantify our assumptions about
biological data by selecting between two different grouping priors.
A summary of these priors together with standard peptide-based
and protein-based network inference concepts is shown in
Figures 1 and 2.

Group priors

Prior “CIG™—conditionally independent variables (grouped)

Multiple proteotypic peptides likely represent the same biological
variable in a network (here a protein abundance). However, this
cannot be guaranteed. For instance, summing up or averaging
only the intensities of nonmodified peptides or both nonmodified
and modified peptides of a protein may mask important functional
information. Thus, there are good reasons for either treating pep-
tides as technical copies or as individual biological variables.
Consequently, an appropriate prior should be a trade-off between
both. Our suggested strategy is to enforce conditional independence
among peptides, which belong to the same protein, and to group
them via group regularization terms, as argued in the following.
The conditional probability p(xs|x\s, y; ©), see Equation 3,
corresponds to the linear regression of response variable x; on

the predictor variables x; and y (Hastie et al. 2009). Let variable
xs and xy be two members of a group S, where S collects the indices
of a set of redundant variables (technical copies), that is, noisy cop-
ies of an identical biological variable. Then, first, if x; is the regres-
sion target, none of the variables s’ € S,y should be included as
predictor variable; otherwise, a perfect copy xy of x; would explain
all variance of x,. This motivates the enforcement of conditional
independence between s and s via setting B,y = B;s = 0 during
model development. Vice versa, if we consider variable x, with t &
§ as aregression target, then the variable that is represented by the
members of group S contributes S| times (via its copies). This con-
straint cannot be directly incorporated into model development,
because it would violate Equation 2. However, it is still possible
to take into account the grouping property via appropriate regular-
ization strategies. Namely, we employ a group-LASSO regulariza-
tion, which enforces group-wise sparseness parsimonious
networks (see also Fig. 2; Supplemental Fig. S40). To achieve this,
we augmented Equation 2 by the regularization terms

1 q q j-1
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where 1 is a regularization parameter, 7 contains all group sets S,
and || gives the size of group S. For simplicity, we further intro-
duced a matrix Ss, which contains gy, for all s€S and i€ T, and
a matrix pg, which contains the parameters p; for all seS.
Thus, terms with ||Bs7||r regularize the continuous-continuous
edges, those with ||pj||r the continuous—discrete edges, and those
with ||o]|r the discrete-discrete edges. Note that the weights w;
and o; of the individual terms in Equation 5 are given by w;=
/Tr(Cov(z;))Tr(Cov(zj)) and w;=,/Tr(Cov(zj)), where z represents
a generic categorical variable, and Cov(z) is the variance-covari-
ance matrix of z. We further assumed that all continuous variables
are standardized. As a consequence, for instance, the continuous-
continuous edges contain only a prefactor /[S[[T] corresponding
to the square root of the group size in line with the group lasso for-
malism suggested by Simon and Tibshirani (2012). In summary,
the weights are chosen such that only a single global hyperpara-
meter A has to be calibrated for model selection (Lee and Hastie
2015).

Prior “non-CIG”—nonconditionally independent variables (grouped)

This prior groups variables that are not ordinary copies of the same
biological variable and, therefore, could potentially affect each
other. Hence, we do not make any a priori assumptions about con-
ditional independence among the grouped variables. A typical sce-
nario in which this prior will apply are differentially spliced mRNA
isoforms of the same gene. Formally, PriOmics-non-CIG accounts
for the group membership only via regularization Equation 5, and
thus, members of a group are allowed to be connected by an edge.
In contrast to prior CIG, no additional constraint such as setting
Bss = 0 for within-group pairs is imposed here.

Hyperparameter tuning

The calibration of hyperparameter 2 was performed using either
the BIC (Schwarz 1978) or the EBIC (Chen and Chen 2008).
Both criteria provide a measure of model fit on the training data
themselves, making expansive resampling strategies unnecessary.
In line with the work of Sedgewick et al. (2016), we evaluated
the pseudo-log-likelihood of Equation 1 to reduce computational
burden. Throughout this article, we used either BIC or EBIC with
the hyperparameter y=0.5. The latter results in a moderately
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more conservative model. For each model, we evaluated a series of
30 different A values.

PriOmics code implementation

PriOmics was developed and tested in R using version 4.3.1 (R Core
Team 2023) and Python 3.12.0. Large network visualizations were
conducted with the R package “visNetwork” (https://cran.r-
project.org/web/packages/visNetwork/index.html), and small net-
work visualizations and network properties were generated using
the “igraph” R package (Csardi et al. 2006).

Competing methods

Methods for the inference of MGMs are still scarce. We evaluated
the following competing methods: First, we implemented the
PLL-MGM method suggested by Lee and Hastie (2015) that uses a
maximum likelihood approach, which forms also the backbone of
PriOmics. Hyperparameter tuning was performed in line with
PriOmics, by evaluating EBIC across a range of A values (30 values)
(Supplemental Figs. S18-523). This implementation serves as base-
line to assess the performance of the suggested PriOmics group pri-
ors. Second, additionally, we used the implementation of the node-
wise LASSO regression for MGMs (NW-MGM) approach provided in
the R-package “mgm” (Haslbeck and Waldorp 2020). Here, the EBIC
(with recommended y=0.25) was applied again to maintain compa-
rability, and the standard settings for hyperparameter tuning were
used, in which a logarithmic sequence of 100 different A values is
evaluated. The following three inference methods construct net-
works based on MI, implemented in the R package “minet”:
ARACNE (Margolin et al. 2006) applies the concept of data process-
ing inequality (DPI) to filter for indirect associations; CLR (Faith
et al. 2007) relies on relevance networks (Butte and Kohane 1999)
but uses adaptive MI thresholds to detect interactions in noisy
data; MRNET (Meyer et al. 2007) aims to reduce the number of re-
dundant interactions. ARACNE, CLR, and MRNET were implement-
ed using the default settings. The “Spearman” method was
employed as entropy estimator to compute the MI for CLR,
ARACNE, and MRNET. ARACNE, CLR, and, MRNET have been
benchmarked in multiple studies. Meyer et al. (2007) demonstrated
MRNET’s competitiveness with CLR and ARACNE in large-scale net-
work inference using synthetic microarray data sets. Olsen et al.
(2009) further compared their performance, showing CLR (with
Pearson’s correlation) and MRNET (with Spearman correlation) as
top performers in yeast transcriptional network inference. Lastly,
to compare PriOmics to conventional peptide-protein aggregation
approaches, we utilized the maxLFQ algorithm by Cox et al
(2014) implemented in the R package “iq” (Pham et al. 2020).
After this aggregation, we applied the PLL-MGM from step 2. We re-
fer to this procedure as “maxLFQ-PLL-MGM.”

Performance measures

The performance of the algorithms was evaluated by comparing
the estimated model parameters to the ground-truth © used to sim-
ulate the data. There, we analyzed whether an association between
two features (i.e., the presence of an edge) could be reconstructed
using MCC. MCC was used because of its effective handling of
class imbalances inherent in network inference. For the supple-
mental evaluations, we ranked edges according to their absolute
strengths to calculate AUC-ROCs and the AUC-PRs using the R
package “precrec” (Saito and Rehmsmeier 2017).

DLBCL data set and preprocessing

Study cohorts

All patients had been enrolled in prospective multicenter DSHNHL
clinical trials. Only DLBCL samples from patients who had re-
ceived rituximab were included (n=357). These trials included pa-
tients with more than 60 years of age—RICOVER-60 (n=88)
(Pfreundschuh et al. 2008), RICOVER-noRTh (n=66) (Held et al.
2014), DENSER (n=44) (Murawski et al. 2014), and SMARTER
(n =75) (Pfreundschuh et al. 2014)—and between 18 and 60 years
of age—MInT (German patients only, n=22) (Pfreundschuh et al.
2011), MegaCHOEP phase III (n=43) (Schmitz et al. 2012), and
MegaCHOEP observation (n=19) (Friedrichs et al. 2019). Patients
were treated with six or eight cycles of CHO(E)P-like treatment
with rituximab dosed at 375 mg/m? (for details, see publications).
Diagnostic samples were reviewed by expert hematopathologists
according to the 2008 WHO classification (Swerdlow et al. 2017).
Clinical trials were conducted in accordance with the Helsinki dec-
laration, and the protocol had been approved by the ethics review
committee of each participating center.

Proteomic data

Protein intensities were normalized by the total sum of protein in-
tensities of the respective sample. Further, we detected 13 samples
that showed a strong batch effect in a principal component analy-
sis. Consequently, we removed these samples from further analy-
ses, resulting in 344 samples, including in total the label-free
mass spectrometric intensities of 7720 nonmodified peptides
and 666 peptides with CTMs and/or PTMs.

Transcriptomic data

In addition to the proteomic data, two transcriptomic data sets
were utilized, including 145 genes measured by NanoString
nCounter (Staiger et al. 2020) and 296 genes measured by HTG
EdgeSeq (for overview, see Supplemental Table S4), both contain-
ing typical genes relevant for COO subtyping and genes character-
izing the tumor-microenvironment. These transcriptomic data
were available for 330 of the 344 samples.

Clinical / phenotypic data and data aggregation

To complement the omics data, 10 categorical variables (nine
binary variables and one multilabel variable) were included
(Supplemental Table S5) for the same patients. First, we applied
PriOmics to the proteomic data set including the clinical and phe-
notypic features, referred to as data set 1 (DS1; 344 samples).
Second, we applied PriOmics to the joint data set (DS2, 330 sam-
ples), consisting of proteomics, transcriptomics, and clinical and
phenotypic data. Data sets DS1 and DS2 are summarized in
Supplemental Table $4.

Preprocessing

The proteomic data contained a total of 80 missing values
(0.0000023% of all measurements), which were imputed with
therespective patient sample mean value. To improve data quality,
we only included those peptides that showed a local FDR value
(Tang et al. 2008) lower than 0.2 in at least 80% of patients (0.4
in at least 60% of patients for the modified peptides). The final
data sets included 2033 nonmodified and 198 modified peptides,
which could be attributed to 1056 individual proteins. The distri-
bution of the peptide group sizes is shown in Supplemental Figure
S41. Both, the proteomic and transcriptomic data were normalized
by (1) dividing each value by the corresponding patient mean, (2)
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performing a log, transformation, and (3) standardizing the
variables.

Code availability

The algorithm is publicly available as user-friendly R package
“PriOmics” in the GitHub repository (https://github.com/roko4/
PriOmics) or as a Python package “PriOmics-Py” at GitHub
(https://github.com/roko4/PriOmics-Py). The scripts for conduct-
ing the simulation studies are available at Figshare (https://doi
.org/10.6084/m9.figshare.28054094.v1). Scripts are also available
as Supplemental Code.

Data access

All raw and processed gene expression data used in this study are
available via NCBI Gene Expression Omnibus (GEO; https://
www.ncbi.nlm.nih.gov/geo/)  under  accession  numbers
GSE253910 (HTG) and GSE280418 (Nanostring nCounter). The
mass spectrometry proteomic data are available via the Proteome
Xchange Consortium (https://proteomecentral. proteomexchan
ge.org/ui) (Pérez-Riverol et al. 2019) under accession number
PXD058736. Clinical data are available via the European
Genome-phenome  Archive (EGA; https://ega-archive.org/
datasets/) under accession number EGAD50000001536.
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