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Abstract

Obesity, type 2 diabetes (T2D), metabolic dysfunction-associated steatotic liver disease
(MASLD), metabolic dysfunction-associated steatohepatitis (MASH), and dual-etiology
metabolic dysfunction-associated alcohol-related liver disease (MetALD) form an overlap-
ping metabolic dysfunction spectrum, rather than a single linear disease sequence. Pro-
teomics offers a functional readout of this spectrum by measuring proteins, proteoforms,
and protein species involved in tissue injury, inflammation, metabolic stress, and inter-
organ communication. This review asks how proteomic data can support mechanism-based
stratification, rather than simply generate disease-associated signatures. We summarize
advances in circulating and tissue-based proteomics across obesity, T2D, MASLD/MASH,
and MetALD, highlighting shared and disease-specific pathways such as mitochondrial
dysfunction, extracellular matrix remodeling, immune activation, proteostasis stress, and
endocrine crosstalk. We emphasize that proteomic clusters should be considered can-
didate endotypes only when they are reproducible, mechanistically coherent, linked to
tissue or causal evidence, and clinically informative. We also evaluate bioinformatics
and biostatistical strategies needed for reliable interpretation, including preprocessing,
missing-data handling, normalization, longitudinal modeling, multi-omics integration,
protein quantitative trait locus (pQTL) analysis, colocalization, and Mendelian randomiza-
tion. Finally, we discuss how proteoforms, post-translational modifications (PTMs), and
platform-dependent proteome complexity shape interpretation. Together, these concepts
provide practical guidance for moving from proteomic signatures to candidate endotypes
and for prioritizing clinically useful biomarkers and therapeutic targets.
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1. Introduction
Obesity, type 2 diabetes (T2D), and metabolic dysfunction-associated steatotic liver

disease (MASLD) are often studied separately, yet they share systemic metabolic dysfunc-
tion [1–3]. Adipose remodeling, insulin resistance, ectopic lipid deposition, chronic inflam-
mation, mitochondrial stress, and tissue injury link these conditions across organs [4–8]. In
this landscape, liver disease is not an isolated endpoint: obesity and insulin resistance can
contribute to steatosis, metabolic dysfunction-associated steatohepatitis (MASH), fibrosis,
and, in some patients, mixed metabolic and alcohol-related liver injury [2,9,10]. This con-
nected view provides a stronger framework for interpreting molecular data and identifying
biologically meaningful subgroups [10,11]. Some individuals with obesity retain relatively
preserved metabolic health and low ectopic liver fat, whereas others develop insulin resis-
tance, T2D, hepatic steatosis, steatohepatitis, fibrosis, or mixed metabolic–alcohol-related
liver injury. MASLD may also precede, coexist with, or follow T2D, and progression
from steatosis to metabolic dysfunction-associated steatohepatitis (MASH) or fibrosis
occurs only in a subset of patients [12,13]. We therefore use the term “metabolic dysfunc-
tion spectrum” to describe overlapping risk states and shared mechanisms, not a fixed
chronological sequence.

Recent nomenclature changes reinforce this mechanism-based view. MASLD, MASH,
and metabolic dysfunction-associated alcohol-related liver disease (MetALD) align liver
disease labels more closely with metabolic and mixed-etiology biology [4,10]. However,
clinical classification has advanced more rapidly than molecular stratification [11]. Patients
with the same diagnosis may differ in inflammatory burden, lipid handling, fibrosis risk,
mitochondrial dysfunction, and therapeutic response [14,15]. These differences motivate
a shift from broad phenotypes toward candidate endotypes defined by disease-driving
mechanisms [11,16].

Proteomics is well suited to support endotype discovery. Genomics captures inherited
risk, and transcriptomics captures gene-transcription programs, whereas the proteome
more directly reflects functional biology [17,18]. Proteins execute cellular processes and inte-
grate genetic, environmental, secretory, complex formation, turnover, and post-translational
regulatory layers that cannot be fully inferred from ribonucleic acid (RNA) [17,19]. In
metabolic disease, protein abundance and modification also reflect nutrient exposure,
hormonal state, inflammation, inter-organ crosstalk, and temporal progression [20,21].
Profiling plasma, tissue, extracellular vesicles (EVs), and spatial samples can therefore
connect mechanisms to clinically relevant phenotypes more directly than any single omics
layer alone [22,23].

Proteomic evidence in metabolic disease remains fragmented. Studies have identified
adipose remodeling, insulin resistance, hepatic inflammation, extracellular matrix (ECM)
deposition, mitochondrial dysfunction, and circulating biomarker candidates [23,24]. Yet
many analyses are disease-specific, cross-sectional, modest in scale, or limited to a sin-
gle biospecimen type [18,20]. Results also depend on the platform, sample source, and
statistical controls for age, sex, adiposity, medication use, alcohol exposure, and disease
stage [18,25]. These differences make it difficult to compare studies, separate shared
from disease-specific signatures, and distinguish mechanistic proteins from associative
markers [21,23].

A cross-disease framework can move the field beyond descriptive lists of proteins
toward proteome-informed endotyping [11,21]. Key questions are which proteomic pat-
terns recur across obesity, T2D, and MASH; which define divergent trajectories; and which
analytical strategies identify robust and clinically meaningful subgroups [20,23]? Bioin-
formatics and biostatistics are central to these questions [26,27]. Preprocessing, quality
control (QC), missing-data handling, normalization, batch correction, covariate adjustment,

https://doi.org/10.3390/proteomes14030049

https://doi.org/10.3390/proteomes14030049


Proteomes 2026, 14, 49 3 of 30

longitudinal modeling, network analysis, multi-omics integration, and causal inference all
shape the biological conclusions drawn from proteomic data [28–31].

This review focuses on how proteomic data can be used responsibly to stratify patients
across obesity, T2D, MASLD/MASH, and MetALD. We emphasize three questions: First,
which biological processes recur across these conditions, and which are organ- or stage-
specific? Second, what study design choices are required for reliable population-based
or tissue-based proteomics? Third, what computational and validation standards are
needed before a proteomic pattern can be interpreted as a candidate endotype? Rather
than simply cataloging proteomic studies, we use this spectrum-based framework to
identify recurring gaps in platform choice, tissue–plasma interpretation, covariate modeling,
longitudinal design, biomarker validation, proteoform awareness, and causal inference. We
summarize major proteomic platforms, review findings across these disorders, and provide
practical computational recommendations to connect descriptive proteomics with clinically
actionable disease stratification.

2. Proteomic Platforms and Study Design
2.1. Scope, Terminology, and Literature Search Approach

For this review, we distinguish proteomic signatures from mechanism-based endo-
types. A phenotype is an observable clinical or biological state, whereas a clinical subtype
is defined primarily by clinical characteristics, outcomes, or risk profiles. A proteomic
signature refers to a set of proteins or proteoforms associated with a disease state, outcome,
or treatment response; such a signature should not, by itself, be considered an endotype.
Consistent with the established use of the term, an endotype denotes a subgroup defined
by a distinct pathobiological mechanism [32]. We therefore use candidate endotype for
a reproducible proteomic subgroup supported by biological plausibility and additional
evidence, such as tissue concordance, longitudinal behavior, genetic or causal support,
external replication, or differential treatment response, but not yet sufficiently validated
for routine clinical use. We reserve validated endotype for a subgroup whose underlying
mechanism and clinical relevance have been reproduced across independent studies.

The term metabolic dysfunction spectrum is used to describe the overlapping and
bidirectional relationships among adiposity, insulin resistance, T2D, MASLD/MASH, and
MetALD. This term does not imply a fixed sequence of disease progression. Metabolically
healthier obesity can occur; MASLD may precede, coexist with, or follow T2D, and only a
subset of patients progresses from steatosis to MASH or advanced fibrosis [10,12,33,34].

For this narrative review, we conducted targeted searches of PubMed and Web of
Science through August 2026 and supplemented these searches by screening the reference
lists of relevant articles. Search concepts combined proteomics, proteoforms, or protein
abundance with obesity, adipose tissue, insulin resistance, T2D, MASLD, MASH, MetALD,
biomarker, endotype, longitudinal analysis, protein quantitative trait locus, colocalization,
Mendelian randomization (MR), and multi-omics. We prioritized human and translational
studies, key methodological studies, and reports linking proteomic measurements to tissue
biology, disease progression, treatment response, or external validation. Because this
review was designed as a narrative synthesis, rather than a systematic review or meta-
analysis, studies were selected according to their relevance to the review questions and
their methodological or translational contributions, rather than through a formal systematic
review protocol [35].

Selection of the specimen context and proteomic measurement strategy determines
which biological and translational questions can be answered across obesity, T2D,
MASLD/MASH, and MetALD. Proteomic approaches differ in sample requirements, depth,
throughput, tissue specificity, and interpretability, so the approach should be chosen ac-
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cording to the intended inference, rather than as a purely technical preference [36]. Cross-
platform studies further show that assay choice influences both protein detection and
disease associations [25]. Because each approach captures different aspects of the metabolic
disease spectrum, platform selection should be guided by the biological question, sample
type, cohort scale, and intended translational use. Table 1 summarizes the major platform
choices and design considerations relevant to proteome-informed endotyping. In this
review, “platform” is used broadly, while Table 1 distinguishes specimen context from
analytical strategy and emphasizes limitations and validation needs.

Table 1. Proteomic platforms and design considerations across the metabolic dysfunction spectrum.

Approach Best Applications Key Strengths, Limitations, and
Validation Needs Citations

Plasma/serum
proteomics

Large cohorts, repeated
sampling, biomarker discovery,

and risk stratification.

Accessible and scalable; limited by dynamic
range, high-abundance proteins, preanalytical
variation, and uncertain tissue origin. Validate

high-priority candidates with paired tissue data
or an orthogonal assay.

[36–42]

Tissue proteomics
Mechanistic studies of adipose,

liver, muscle, pancreas, or
disease-stage biology.

Reveals local pathology and tissue context;
limited by invasive sampling, tissue

heterogeneity, and small cohorts. Standardized
collection and paired plasma analysis improve

translation.

[40–46]

MS discovery
(DDA/DIA)

Protein identification, broad
discovery, and reproducible

quantification in tissue or
plasma cohorts.

DDA supports exploratory depth but has more
stochastic missingness; DIA improves

completeness but depends on acquisition and
software choices. Confirm priority candidates by

targeted MS.

[36,47–52]

Affinity platforms

High-throughput plasma
profiling in epidemiologic,

longitudinal, and
proteogenomic studies.

Olink and SomaScan enable high throughput
and small sample volumes; target recognition

and cross-platform concordance are incomplete.
Confirm high-priority findings by MS or an

independent affinity assay.

[25,53–58]

Targeted and
post-translational

modification
PTM-focused
proteomics

Verification of candidate panels
and mechanistic interrogation of
signaling or protein regulation.

Targeted MS supports precise predefined panels;
PTM workflows reveal signaling states but
require enrichment, site localization, and

reference standards.

[5,36,40,59,60]

Secretome, EV,
single-cell, and spatial

proteomics

Inter-organ crosstalk, vesicle
cargo, cell-state heterogeneity,

and tissue microenvironments.

Highly informative for mechanism and cellular
context; sensitive to isolation, sample
preparation, and throughput limits.

Standardized protocols and independent
validation are essential.

[61–69]

Abbreviations: MS, mass spectrometry; DDA, data-dependent acquisition; DIA, data-independent
acquisition; PTM, post-translational modification; EV, extracellular vesicle.

2.2. Plasma and Tissue Proteomics Provide Complementary Views of Metabolic Disease

Plasma/serum and tissue proteomics provide distinct but complementary information
for endotype discovery. Plasma supports scalable biomarker discovery, longitudinal moni-
toring of systemic insulin resistance, and noninvasive risk stratification (e.g., differentiating
isolated steatosis from active MASH), but interpretation is limited by dynamic range and
uncertain tissue origin [36–39]. Conversely, direct tissue proteomics—specifically of liver
biopsies or visceral adipose tissue—resolves local pathogenic drivers, such as hepatic lipo-
toxicity, stellate cell activation, and adipocyte dysfunction. Paired tissue–plasma designs
are therefore critical; they allow statistical models to map circulating proteins back to
active tissue-level biology, effectively translating local histological damage into accessible,
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noninvasive endotypes [40–46]. Orthogonal confirmation may combine targeted MS or an
independent affinity assay, replication in an external cohort, tissue–plasma concordance,
and longitudinal or genetic support.

2.3. Mass Spectrometry (MS)-Based Discovery Proteomics

MS-based discovery proteomics remains central to broad protein discovery because
it provides sequence-specific identification and flexible quantification in plasma and tis-
sue [36]. Data-dependent acquisition (DDA) supports deep exploratory profiling of lo-
calized lipotoxic or fibrotic liver injury and spectral library generation, whereas data-
independent acquisition (DIA) improves completeness and reproducibility across large, het-
erogeneous cohorts and provides the quantitative completeness necessary for population-
level studies [47–52]. DDA and DIA are complementary, rather than interchangeable;
acquisition design, software, spectral library strategy, and missingness should be reported,
and high-priority candidates should be confirmed by targeted MS.

2.4. Affinity-Based Proteomics in Large Metabolic Cohorts

Affinity-based platforms are well suited to large plasma cohorts because Olink
and SomaScan assays enable high-throughput profiling of circulating readouts of hep-
atic stress and systemic inflammation from small sample volumes [53–55]. They are
powerful for association discovery, subtype analysis, and proteogenomics, but partial
cross-platform concordance means that high-priority findings, such as those meant to
distinguish aggressive MASH or MetALD from isolated steatosis, should be confirmed
orthogonally [25,53,55–58,70]. Affinity signals may also be influenced by antibody–epitope
or aptamer-binding effects; agreement with MS, an independent affinity reagent, or tis-
sue/genetic evidence strengthens interpretation [70].

2.5. Targeted Proteomics for Verification and Translation

Targeted proteomics bridges discovery and validation by quantifying predefined pan-
els with selected reaction monitoring (SRM), multiple reaction monitoring (MRM), or paral-
lel reaction monitoring (PRM). It is particularly useful for verifying biomarker candidates
related to fibrosis, inflammation, adipose dysfunction, or insulin resistance [36,40,59]. These
methods require prior target selection, suitable proteotypic peptides, and analytical standards.

2.6. Post-Translational Modification (PTM)-Focused Proteomics Adds Mechanistic Resolution

PTM-focused proteomics adds mechanistic resolution by capturing signaling and
regulatory states that may not manifest as changes in total abundance. Phosphoproteomics
is especially relevant to insulin signaling, nutrient sensing, inflammation, and steatohep-
atitis biology [5,60]. Interpretation requires enrichment, reliable site localization, and
sufficient coverage; a PTM change should not be assumed to reflect a change in total
protein abundance.

2.7. Secretome and EV Proteomics for Inter-Organ Crosstalk

Secretome and EV proteomics address inter-organ communication by identifying
released proteins and vesicle cargo from adipose tissue, liver, muscle, pancreas, and circula-
tion [61–64]. Because EV profiles depend on isolation and preparation, these approaches
are strongest when paired with standardized collection, isolation, purity assessment, and
orthogonal validation [65,66]. Confirmation with an independent isolation method or tar-
geted assay is particularly important because preparation choices can alter detected cargo.
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2.8. Single-Cell and Spatial Proteomic Approaches: Current Capabilities and Limitations

Single-cell and spatial proteomics can refine endotyping by resolving cell states, tis-
sue niches, and zonated pathology that are masked in bulk assays. These tools remain
less mature for large biomarker studies, but they are increasingly valuable for mech-
anistic refinement [67–69]. Current limitations include lower throughput, incomplete
proteome coverage, and the need to validate cell-state findings in independent tissues or
orthogonal assays.

3. Obesity and Adipose Dysfunction
3.1. Proteomic Themes in Adipose Dysfunction

Obesity is a major risk factor within the metabolic dysfunction spectrum that in-
cludes T2D and MASLD. Adipose tissue is not an inert lipid depot, but an endocrine and
immune-active organ whose pathological expansion produces reproducible proteomic
shifts [71]. Obesity proteomics consistently implicates ECM remodeling, fibrotic cross-
linking, oxidative stress, and pro-coagulant pathways [72–74]. Redox-focused studies
further point to mitochondrial exhaustion, endoplasmic reticulum (ER) stress, impaired
mitochondrial protein import, and the accumulation of oxidized proteins [75]. These
changes disturb the adipokine secretome and link local adipose dysfunction to systemic
low-grade inflammation.

3.2. Biological Heterogeneity and Tissue–Plasma Discordance

Obesity proteomics is complicated by marked clinical heterogeneity, particularly the
distinction between metabolically healthy obesity (MHO) and metabolically unhealthy
obesity (MUO). MHO is associated with preserved insulin sensitivity and more benign
hyperplastic expansion, whereas MUO is linked to hypertrophic adipocyte stress, fibro-
sis, and ectopic lipid deposition [76]. Targeted plasma proteomics can distinguish these
phenotypes through immune, growth-factor, and chemoattractant signatures before overt
metabolic disease appears [77].

Proteomic discovery should therefore not rely on body mass index (BMI) alone. Sen-
sitive endotyping is needed to capture divergent molecular trajectories and to address
tissue–plasma discordance. Adipose tissue proteomics can reveal local macrophage infiltra-
tion and ECM stiffening, whereas circulating proteins reflect a composite signal shaped by
dilution, secretion dynamics, and renal or hepatic clearance. As a result, plasma profiles
often only partly recapitulate the molecular state of adipose tissue.

3.3. Obesity-Specific Study Design Considerations

Obesity heterogeneity and tissue–plasma discordance create major biostatistical
challenges. Proteomic profiles are strongly influenced by age, sex, diet, physical ac-
tivity, and medications such as glucagon-like peptide-1 (GLP-1) receptor agonists and
statins [74,78–82]. Because obesity is a common upstream risk state across much of the
metabolic dysfunction spectrum, inadequate adjustment can yield overfit biomarkers and
associations that fail to replicate.

Obesity proteomics, therefore, needs more than simple case–control designs. Matched
cohorts, unsupervised clustering of MHO/MUO endotypes, and covariate-adjusted differ-
ential analysis are essential. These issues also foreshadow the missingness, confounding,
and feature-selection challenges that become more complex in T2D and MASLD/MASH.
General preprocessing, missingness, normalization, batch, and validation issues shared
across all disorders are addressed in Section 7.
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4. Insulin Resistance and T2D
Adipose dysfunction, insulin resistance, and T2D represent a major node in the

metabolic dysfunction spectrum, linking adipose remodeling to systemic metabolic stress
and liver disease biology [3,10,83–85]. T2D is heterogeneous, arising from variable degrees
of insulin resistance, impaired insulin secretion, adiposity, inflammation, and tissue-specific
dysfunction [83,84,86]. Peripheral and hepatic insulin resistance increase insulin demand,
and diabetes develops when beta cells cannot compensate [83,87]. Chronic nutrient excess,
ectopic lipid deposition, inflammation, oxidative stress, and ER stress further link obesity to
MASLD/MASH progression [10,87–90]. Clinically similar patients can differ in age at onset,
beta-cell reserve, comorbidities, complications, and treatment response [84,86,91]. These
differences reflect variable contributions from peripheral and hepatic insulin resistance,
beta-cell dysfunction, adipose inflammation, and cardiometabolic risk [57,83,84]. Within
the spectrum, T2D is a metabolically active state in which obesity, dyslipidemia, steatosis,
inflammation, and mixed metabolic–alcohol exposures can amplify injury [10,87,88]. Pro-
teomics is useful because circulating and tissue proteins may capture inter-organ biology
not represented by glucose-centered measures [37,57,92]. This heterogeneity has motivated
clinical subclassification [86,91]. Proteomics supports it by identifying subtype-associated
signatures linked to complement activation, insulin signaling, adipokines, and inflamma-
tory tone [57,92]. Yet plasma signatures should be interpreted with caution, as they may
offer only modest predictive value beyond strong clinical models [37,93]. Thus, prediction
asks whether proteins improve risk scores, whereas biological stratification asks whether
they reveal mechanisms or endotypes [37,91,92]. Current T2D proteomics is strongest as
a tool for biologically informed stratification and target discovery, not as a replacement
for routine models [37,57,92]. Clinical use will require benchmarking, external validation,
standardized assays, diverse cohorts, and longitudinal outcome data [37,92,94].

4.1. Proteome-Informed Subtype/Endotype Discovery

Proteome-informed endotyping extends clinical subtyping: clinical clusters sepa-
rate broad phenotypes, while proteins assess whether those phenotypes reflect distinct
biology [57,86,91]. Subtype studies show that circulating molecular signatures can dis-
tinguish T2D subgroups. Recent large-scale proteomic analyses have further identified
inflammation- and lipid-related molecular subgroups before overt T2D, supporting the
potential of proteomics to refine early metabolic risk stratification [95]. Reported patterns
include complement activation and reduced 1,5-anhydroglucitol in severe insulin-deficient
diabetes, impaired insulin signaling in severe insulin-resistant diabetes, and higher levels
of leptin and fatty acid-binding proteins in mild obesity-related diabetes [57]. Multi-omics
studies further link T2D heterogeneity to islet function, adipose biology, liver metabolism,
and genetically informed cardiometabolic pathways [57,84,96]. However, subtype frame-
works are not yet ready for routine clinical use because reproducibility, transferability,
outcome association, and treatment utility remain uneven [91,94]. A systematic review
found that complex stratification methods yielded more reproducible outcome-associated
subtypes than many simpler approaches [91]. Therefore, proteome-informed endotyping
should be presented as promising but still developing [91,94]. More precise subclassification
could explain differences in complications and treatment response, and plasma-detectable
signals make proteomics attractive for biomarker panels [57,86,91]. Translation will require
validated biomarkers, scalable assays, diverse cohorts, medication adjustment, and evi-
dence that subtype assignment changes clinical decisions [92,94]. Future studies should
integrate proteomic, clinical, genetic, metabolomic, and longitudinal data to link circulat-
ing biomarkers to etiology, complications, therapy response, and liver or cardiovascular
outcomes [57,84,94].
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4.2. Plasma Proteomic Signatures Beyond Clinical Scores

Plasma proteomics offers an accessible readout of insulin resistance, inflammation,
adipose dysfunction, vascular risk, and tissue injury in T2D [37,92,93]. Protein signatures
can improve the estimation of directly measured insulin sensitivity, and smaller, stable
protein sets may retain this benefit across cohorts [93]. For incident T2D prediction, how-
ever, gains over strong clinical baselines are often modest. In the United Kingdom (UK)
Biobank, a protein-only least absolute shrinkage and selection operator (LASSO) model per-
formed similarly to QDiabetes, and adding proteins to clinical/genetic predictors yielded
only limited additional improvement [37]. Proteomics should therefore not be judged
solely by population-level prediction metrics [37,92]. Its value may be greater for bio-
logical stratification, subgroup discovery, treatment response characterization, and target
identification [57,92,93]. Plasma signatures are best viewed as complementary tools for
stratification and risk refinement, not as stand-alone replacements for clinical scores [37,92].
Progress depends on benchmarking, smaller, stable panels, platform harmonization, and
validation across sites, ancestries, and disease stages [37,92–94].

4.3. Implications for Clinical Translation and Study Design

For clinical translation, T2D proteomic endotypes must be reproducible, externally
validated, linked to meaningful outcomes, and useful for prevention or treatment deci-
sions [91,94]. This requires scalable subtype-informing biomarkers and cohorts that reflect
real-world diversity in ancestry, sex, age, adiposity, medications, and liver disease. Larger
longitudinal cohorts, shared data, harmonized covariates, and cross-study benchmarking
are needed to separate robust biology from setting-specific findings [92,94]. Platform stan-
dardization is also essential because affinity and MS methods differ in target recognition,
quantitative performance, and biomarker portability [25,92]. Models should adjust for
age, sex, adiposity, glycemia, medication use, kidney function, liver disease status, and
cardiometabolic comorbidities [92,94]. MASLD/MASH status should be measured or
modeled because liver disease is both a consequence of insulin resistance and a contributor
to circulating proteins in T2D [10,88]. Longitudinal sampling is important because insulin
resistance, beta-cell stress, medications, adiposity, liver fat, inflammation, and protein
abundance change over time [93,94]. Ultimately, utility depends on demonstrating that
subtype-informed biomarkers improve real-world diagnosis, prevention, prognosis, treat-
ment selection, or monitoring [91,94]. T2D proteomics should therefore be framed as a
bridge from clinical heterogeneity to mechanism-based endotyping across the metabolic
dysfunction spectrum, rather than as a replacement for established risk models [37,57,92].

5. MASLD/MASH and MetALD: Proteomic Overlap and Divergence
MASLD is an umbrella diagnosis requiring hepatic steatosis plus cardiometabolic risk

features. MASH refers to the inflammatory and hepatocellular injury subtype. Fibrosis,
cirrhosis, and hepatocellular carcinoma are possible outcomes in a subset of patients,
with progression driven by lipid accumulation, hepatocellular stress, inflammation, and
fibrogenesis [3,41,90,97,98]. Early lipotoxicity and oxidative stress promote hepatocyte
injury [50,97], while persistent injury activates hepatic stellate cells and ECM deposition [41].
Because these processes unfold within the broader obesity–T2D–metabolic liver disease
spectrum and may overlap with alcohol-related injury in MetALD, an integrated proteomic
framework is needed to connect liver disease progression with tissue–plasma concordance,
circulating biomarkers, and inter-organ signaling (Figure 1).
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Figure 1. Proteome-informed framework for metabolic liver disease stratification. The schematic
positions MASLD/MASH and MetALD within the obesity–T2D–metabolic liver disease axis. It
summarizes possible disease trajectories, liver-secreted proteins, tissue–plasma concordance, nonin-
vasive biomarker panels, circulating proteomic signals, shared pathways, and inter-organ crosstalk
mediated by hormones, cytokines, lipids, and extracellular vesicles (EVs). Arrows indicate possible
paths and shared mechanisms, rather than a required chronological sequence. Created with BioRen-
der.com (https://BioRender.com/emx09n5, accessed on 17 September 2026). Abbreviations: ECM,
extracellular matrix; ER, endoplasmic reticulum; CYP2E1, cytochrome P450 family 2 subfamily E
member 1; ROS, reactive oxygen species.

5.1. Noninvasive Biomarker Panels and Risk Stratification

Early MASLD begins with triglyceride storage in hepatocyte lipid droplets. When
storage capacity is exceeded, or lipid composition shifts toward toxic species such as sat-
urated free fatty acids and ceramides, lipotoxicity develops [99]. These lipids damage
cellular membranes and organelles, including the ER. ER stress activates the unfolded pro-
tein response, including the inositol-requiring enzyme 1 alpha (IRE1A) pathway. Chronic
IRE1A activation can promote the release of proinflammatory EVs that recruit and activate
immune cells in the liver microenvironment [100].

The following lipidomic observations are included only as complementary mecha-
nistic context and are not treated as proteomic measurements. Lipidomic studies show
that MASH differs from simple steatosis through specific remodeling patterns. Reported
changes include reduced ether-linked phosphatidylethanolamine, increased ester-linked
phosphatidylethanolamine, elevated saturated sphingomyelin species, and correlations
between cathepsins and linoleic acid-containing triglycerides, linking lysosomal dysfunc-
tion with altered fatty acid metabolism [97]. As an endocrine organ, the liver also se-
cretes hepatokines and other proteins that reflect intrahepatic metabolic and inflammatory
states; MS-based studies report extensive remodeling of the liver-secreted proteome in
MASH [40,41]. Because not all individuals with obesity progress to MASH, the APASHA

https://doi.org/10.3390/proteomes14030049

https://BioRender.com/emx09n5
https://doi.org/10.3390/proteomes14030049


Proteomes 2026, 14, 49 10 of 30

model integrates circulating proteins with clinical variables to identify high-risk indi-
viduals [42]. This emphasis on noninvasive biomarker panels directly addresses biopsy
limitations [40,42]. Secreted factors such as APOF, PCSK9, AFM, S100A6, and AZGP1,
combined with glycated hemoglobin (HbA1c), capture lipid metabolism, inflammation,
and insulin resistance [42]. Importantly, plasma remodeling is more pronounced in MASH
than in simple steatosis, suggesting a transition point at which liver pathology becomes
systemically detectable [40,41]. Longitudinal plasma proteomic studies further suggest
that disease-associated protein signatures can precede clinically recognized MASLD by
many years, supporting their potential utility for early risk stratification and temporal
validation [101].

Integrated liver–plasma proteomics shows that only a subset of plasma proteins reflects
changes in liver tissue [40,41]. In paired analyses, roughly 30 plasma proteins correlate
with their liver counterparts, and fewer consistently track with progression [40]. These
concordant proteins are valuable because they link biopsy-based biology to noninvasive
assessment [40,41]. Selected plasma markers can distinguish MASH from non-MASH
and identify advanced fibrosis [41,42]. Targeted profiling across cohorts has identified
a seven-protein signature comprising CASP-8, CCL20, CTSD, SCF, MMP-3, TRAIL, and
TWEAK [42]. However, liver–plasma discordance also indicates that circulating signals
may reflect extrahepatic biology, underscoring the importance of multi-omics integration
for robust biomarker development [40,41].

Protein abundance alone does not capture the full biology of MASLD because pro-
teoforms and PTMs also influence disease onset and progression [102–105]. PTMs alter
protein function, stability, localization, and protein species behavior, and persistent PTM
patterns can contribute to chronic liver injury [102,103]. Relevant modifications include
phosphorylation, ubiquitination, acetylation, and glycosylation [104,105]. The concept of
PTM memory suggests that chronic liver disease can persist through durable proteoform-
level modification states [102]. Emerging data indicate that distinct liver cell types maintain
such memory through specific PTM pathways [103,105].

5.2. MetALD: Overlap and Divergence with MASLD/MASH

Proteomic and metabolomic evidence is discussed here as complementary but non-
interchangeable: proteins report effector and signaling states, whereas metabolites pri-
marily report pathway substrates and products. MetALD reflects the frequent coexistence
of metabolic dysfunction and alcohol exposure [106,107]. These drivers can synergize to
worsen liver injury, inflammation, and fibrosis [106]. Proteomic and metabolomic studies
indicate that MetALD is heterogeneous, with some profiles closer to MASLD and others
closer to alcohol-associated liver disease [107]. Circulating biomarker approaches can
distinguish subtypes and predict long-term outcomes, including cardiovascular events,
cirrhosis, and mortality [106,107]. Alcohol-specific mechanisms, including acetaldehyde-
induced oxidative stress and CYP2E1 activation, may exacerbate insulin resistance- and
lipotoxicity-driven injury [106]. Thus, MetALD shares altered lipid handling and inflam-
mation with MASLD/MASH but diverges through alcohol-related toxicity and oxidative
stress [106,107].

Overall, MASLD/MASH and MetALD represent a liver-centered axis driven by
metabolic stress, inflammation, and fibrogenesis. Plasma proteomics increasingly captures
systemic manifestations of this process, while liver-secreted protein profiling, tissue–plasma
concordance analysis, and multi-marker panels are improving noninvasive stratification.
MetALD emphasizes the need for biomarkers that account for both metabolic and alcohol-
related drivers.
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6. Shared Pathways Across the Spectrum
The cross-disease argument is based on recurring proteomic modules, rather than a

presumed chronological sequence. Across organs, MASLD/MASH and MetALD share
pathways that drive disease initiation, progression, and systemic complications. These
processes link adipose tissue, liver, skeletal muscle, pancreas, and the circulating pro-
teome [108,109]. As outlined in Figure 1 and summarized in Table 2, these shared mech-
anisms help explain why plasma proteomics can capture systemic disease activity and
support noninvasive endotyping across the metabolic dysfunction spectrum. A candidate
endotype is therefore most credible when the same coordinated protein program recurs
across cohorts or tissues and is linked to a plausible mechanism or clinical trajectory.

Table 2. Shared biological pathways and inter-organ signals across MASLD/MASH, MetALD, obesity,
and T2D.

Process or Axis Main Biological Signal Proteomic/Endotyping Relevance Citations

Inflammation
Adipose macrophage recruitment,
cytokine signaling, Kupffer-cell

activation, and hepatocyte stress.

Defines inflammatory burden and
helps distinguish steatosis from
progressive MASH-like injury.

[110,111]

Mitochondrial dysfunction
and oxidative stress

Fatty acid overload, incomplete
beta-oxidation, reactive oxygen
species, and impaired metabolic

flexibility.

Connects tissue energy stress with
systemic insulin resistance and

liver injury.
[112–114]

ECM remodeling and
fibrosis

Hepatic stellate-cell activation,
collagen deposition, matrix

remodeling, and fibrosis
progression.

Identifies advanced injury biology
and fibrosis-linked biomarker

candidates.
[115–117]

Proteostasis and cellular
stress

ER stress, unfolded protein
response, autophagy disruption,

and stress-response proteins.

Captures cellular injury programs
that may persist even when

abundance changes are modest.
[118,119]

Lipid handling and
lipotoxicity

Free fatty acid flux, de novo
lipogenesis, toxic lipid species,

and altered lipid transport.

Links obesity and insulin resistance
to steatosis, beta-cell dysfunction, and

progressive liver injury.
[97]

Complement, coagulation,
and hemostasis

Complement activation,
fibrinogen/plasminogen changes,

and coagulation-related
remodeling.

Places inflammatory amplification
and fibrosis within a systemic plasma

protein signature.
[120,121]

Inter-organ crosstalk and
EV signaling

Adipokines, hepatokines,
myokines, pancreatic stress

signals, circulating EV cargo, and
treatment-responsive proteins.

Explains why plasma proteomics can
monitor risk, progression, and

therapeutic response across organs.
[41,42,58,110,122–125]

Abbreviations: MASH, metabolic dysfunction-associated steatohepatitis; MASLD, metabolic
dysfunction-associated steatotic liver disease; MetALD, metabolic dysfunction-associated alcohol-
related liver disease; T2D, type 2 diabetes; ECM, extracellular matrix; ER, endoplasmic reticulum; EV,
extracellular vesicle.

6.1. Core Mechanistic Pathways

Inflammation, mitochondrial dysfunction, oxidative stress, ECM remodeling, pro-
teostasis stress, lipotoxicity, and complement/coagulation activation recur across the
metabolic dysfunction spectrum. These pathways connect adipose dysfunction with hep-
atic injury, systemic insulin resistance, fibrosis risk, and circulating biomarker signatures
(Table 2).

6.2. Inter-Organ Crosstalk and Circulation

Circulation links these tissue programs through adipokines, hepatokines, myokines,
pancreatic stress signals, and EV cargo. This system-level view explains why plasma
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and EV proteomics can support early detection, risk stratification, treatment monitoring,
and assessment of disease resolution, while also requiring cautious interpretation because
circulating proteins can arise from multiple tissues (Table 2 and Figure 1).

7. Bioinformatics, Biostatistics, and Computational Frameworks
Bioinformatics and biostatistics determine whether multi-organ proteomic studies

yield reproducible biological findings or technical artifacts. Unlike many other omics
workflows, proteomic analysis depends strongly on specimen type, measurement modality,
and the molecular unit being quantified. In mass spectrometry (MS)-based studies, spectra
are assigned to peptides, which are then used to infer proteins or protein groups; post-
translational modification-focused analyses additionally require reliable site localization.
Affinity-based assays instead generate reagent-dependent target signals, whose specificity
and cross-platform concordance must be evaluated independently. Accordingly, data-
dependent acquisition, data-independent acquisition, targeted MS, and affinity-based
assays differ in dynamic range, missingness, normalization requirements, quantification
units, protein inference, and validation strategies [17,126–128].

These distinctions are especially important in obesity, type 2 diabetes, metabolic
dysfunction-associated steatotic liver disease/metabolic dysfunction-associated steatohep-
atitis, and metabolic dysfunction-associated alcohol-related liver disease. Lipid-rich adipose
tissue, steatotic or fibrotic liver, hyperglycemia-associated protein modifications, altered
hepatic or renal clearance, medication exposure, and alcohol use may affect both analytical
measurement and biological interpretation. Analytical choices should therefore be matched
to the specimen, platform, missingness structure, batch design, clinical covariates, and
intended inference [128,129]. Figure 2 summarizes the analytical workflow, while Table 3
compares the principal tasks and practical recommendations. Sections 7.1–7.8 and 7.10
address core proteomic analyses, whereas Section 7.9 considers complementary multi-
omics integration.

Table 3. Bioinformatics and biostatistical framework for proteome-informed endotyping.

Analytical Step Purpose Best-Practice Emphasis Citations

Preprocessing and QC
Convert raw spectra or assay

outputs into reliable quantitative
protein matrices.

Perform tissue- and platform-aware
QC; track peptide-to-protein

inference and provenance; report
run-, sample-, and feature-level

diagnostics.

[130–134]

Missing-data handling

Distinguish technical missingness
from abundance-dependent
censoring and informative

absence.

Quantify missingness by tissue,
group, protein, and sample; align

imputation or model-based inference
with the acquisition-specific

missingness mechanism.

[30,135–140]

Normalization and
batch correction

Improve comparability while
preserving biological structure.

Normalize within homogeneous
tissues or platforms; apply correction
only when diagnostics show reduced

technical variation without erasing
biology.

[130,135,141–144]

Differential abundance
and covariates

Estimate protein–disease
associations while adjusting for

confounders.

Use design-aware linear or mixed
models; include age, sex, adiposity,
medication, kidney/liver function,

and disease stage when appropriate.

[139,145–153]
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Table 3. Cont.

Analytical Step Purpose Best-Practice Emphasis Citations

Longitudinal modeling
Capture within-person

trajectories, treatment response,
and temporal disease dynamics.

Prefer mixed-effects models as a
starting point; match time scale to

biology and consider multivariate or
joint models for complex trajectories.

[56,58,154–159]

Pathway and network
analysis

Move from protein lists to
coordinated biological programs.

Use the measured proteome as the
enrichment background; validate

network modules and hub proteins
with tissue context, longitudinal
evidence, or orthogonal omics.

[28,80,160–166]

Feature selection and
validation

Translate high-dimensional
profiles into compact biomarker

panels.

Keep feature selection and tuning
inside resampling; prioritize

parsimony, calibration, external
validation, platform portability, and

biological plausibility.

[25,40,167–176]

Genetic and multi-omics
integration

Prioritize proteins that are
mechanistically interpretable and

not only associative.

Separate core proteomics analysis
from complementary omics

integration; use pQTLs,
colocalization, MR, and other layers
to connect circulating markers with

tissue biology and causality.

[40–42,80,164,177–190]

Abbreviations: QC, quality control; pQTL, protein quantitative trait locus; MR, Mendelian random-
ization.

Figure 2. Computational workflow for proteome-informed endotyping. The workflow begins with
multi-organ proteomic data and linked clinical or omics metadata (A), followed by QC, normalization,
missing−data handling, and batch correction (B). Differential−abundance and longitudinal models
identify disease-, trajectory-, and treatment-associated proteins while accounting for covariates (C).
Pathway enrichment, protein interaction networks, and functional annotation support interpretation
(D). Feature selection, validation, protein quantitative trait locus (pQTL) analysis, colocalization,
and Mendelian randomization (MR) prioritize candidate biomarkers and therapeutic targets (E).
Multi-omics integration, benchmarking, standardized workflows, version control, and open reposito-
ries strengthen reproducibility and cross-cohort generalizability (F). Created with BioRender.com.
Abbreviations: BMI, body mass index; MAR, missing at random; MNAR, missing not at random; FC,
fold change; ECM, extracellular matrix; CV, cross-validation; AUC, area under the curve; PR-AUC,
area under the precision–recall curve.
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7.1. Preprocessing and QC

Preprocessing and QC determine whether observed differences reflect biology or
technical variation. They should be tissue- and platform-aware, as the severe lipid accu-
mulation (steatosis) and ECM deposition (fibrosis) in MASLD/MASH livers profoundly
alter protein extraction efficiency. Similarly, the hypertrophic and hypoxic environment of
obese adipose tissue, combined with the hyperlipidemia and hyperglycemia inherent to
T2D, creates severe matrix effects and spontaneous protein glycations [130–132]. Discovery
DDA/DIA and targeted MRM workflows also differ in signal structure and susceptibility
to technical variability, so they should not be processed identically [191–193].

A reproducible workflow should track provenance from raw spectra or assay out-
puts to the protein matrix, including peptide identification, protein inference, quantifi-
cation, filtering, and software versions. MaxQuant, Perseus, and MSnbase illustrate
how structured pipelines can support reproducible processing when assumptions are
documented [131,132,194].

QC should be evaluated at run, sample, and feature levels using proteome depth, in-
tensity distributions, principal component analysis (PCA) by tissue and batch, missingness
maps, sample correlations, replicate metrics, and contaminant or sparsity filters. Exclusions
should rely on concordant evidence across diagnostics and metadata, and reporting should
include acquisition mode, batch structure, QC metrics, exclusion criteria, and repository
deposition [133,134,195].

7.2. Missing-Data Handling

Missingness arises from low-abundance censoring, stochastic precursor selection, pep-
tide detectability, and batch or run instability. These mechanisms can correspond to missing
at random (MAR) or missing not at random (MNAR) structures and may be informative
in metabolic disease when low-abundance signaling proteins or tissue-restricted proteins
are inconsistently detected [30,135]. Benchmarking studies further indicate that imputa-
tion performance depends on the structure and missingness characteristics of the dataset,
arguing against the routine use of a single default imputation method [196].

Missingness should be quantified by protein, sample, group, and tissue before filtering,
imputation, or model-based inference. Dropout plots, prevalence distributions, missingness
heatmaps, and sensitivity analyses make the workflow auditable, while methods such as
MSqRob and MSstats reduce reliance on default imputation when missingness is substantial
or structured [30,135–140].

7.3. Normalization and Batch Correction

Normalization and batch correction are applied after QC and initial missingness
assessment and before downstream modeling. Across the obesity, T2D, and steatotic
liver disease spectrum, the fundamental objective is to eliminate technical noise without
suppressing the subtle, overlapping biological gradients that define distinct endotypes. This
balance becomes challenging when batch aligns with tissue type, disease stage, acquisition
site, or processing time [135,141,142].

Normalization should generally be performed within analytically homogeneous tis-
sues or platforms and evaluated using diagnostics such as intensity distributions, sample-
centered variability, multivariate structure, and replicate consistency. Batch correction
methods such as surrogate variable analysis or ComBat can help when unwanted varia-
tion is separable, but overcorrection can remove true tissue or disease signals; therefore,
correction strategies should be evaluated using pre- and post-correction diagnostics and
sensitivity analyses [130,141–144,197].
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7.4. Differential Abundance with Covariate Adjustment

Protein abundance in the context of the obesity–T2D–MASH network is deeply con-
founded by systemic metabolic dysfunction, overlapping comorbidities, and polypharmacy,
making covariate adjustment essential. Factors such as baseline adiposity (BMI or vis-
ceral fat mass), glycemic control (glycated hemoglobin [HbA1c]), alcohol intake (critical
for resolving MetALD), and concurrent medication use (e.g., metformin, statins, or GLP-
1 receptor agonists) can easily generate massive false-positive signatures or mask true
protein–disease associations [145,146]. Linear-model frameworks such as limma remain
foundational because their design matrices can systematically isolate specific pathological
effects, while empirical Bayes moderation stabilizes the high variance typical of diverse
clinical cohorts [147,148].

Alternative models should be selected according to the data structure. MSstats models
peptide-to-protein variability with mixed-effects frameworks, DEqMS accounts for peptide
spectrum-match or peptide count-dependent variance, and 2dFDR integrates confounder
adjustment with multiple testing control to improve power in high-dimensional omics [139,
152,153,198,199].

Thus, differential abundance analysis should not use a single default model across
all metabolic proteomics studies. The strongest framework is the one that matches the
platform, missingness, peptide structure, covariate pattern, and validation goal.

7.5. Longitudinal and Repeated-Measures Models

Longitudinal proteomic designs are valuable because obesity, T2D, MASLD/MASH,
and MetALD evolve through gradual remodeling, shifting inflammation, and treatment-
responsive molecular change. Repeated sampling captures within-person trajectories and
can distinguish dynamic disease biology from static cross-sectional associations [56,154,155].

Linear mixed-effects models are the practical starting point because they account
for correlated repeated samples, unequal visit numbers, subject-specific baselines, and
time-varying covariates such as BMI, glycemia, medication exposure, alcohol exposure,
and disease stage [56,154,155]. Time should be represented according to the biological
question, such as age, follow-up duration, treatment exposure, BMI trajectory, or disease
progression, and nonlinear patterns may require smoothing or state-space approaches.

In liver disease, repeated proteomic measurements are especially useful for evaluating
therapeutic response. Semaglutide studies illustrate how treatment can shift MASH-
related molecular programs and identify proteins associated with resolution [58,156]. For
coordinated temporal shifts, multivariate repeated-measures methods, trajectory-oriented
subgroups, or joint longitudinal-time-to-event models may be appropriate, but they require
sufficient sample size, visit density, and validation [157–159].

7.6. Pathway and Network Analyses

Pathway and network analyses help organize differential protein lists into biological
programs relevant to the overlapping obesity, T2D, and steatotic liver disease landscape.
Across metabolic proteomics, enrichment commonly highlights inflammation, ECM re-
modeling, mitochondrial dysfunction, insulin signaling, lipid handling, and inter-organ
communication using resources such as Reactome, Gene Ontology, Kyoto Encyclopedia of
Genes and Genomes (KEGG), Search Tool for the Retrieval of Interacting Genes/Proteins
(STRING), and Cytoscape [160–163].

Enrichment is a useful first pass but depends on the input protein list, background set,
database, and statistical method. Network analysis adds value by identifying coordinated
modules and hub proteins, including protein–metabolite or weighted gene co-expression
network analysis (WGCNA) modules linked to adipose dysfunction, insulin resistance,
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depot-specific biology, and hepatic steatosis [28,58,60,162,164,165,200]. For proteomics, the
measured protein set—not the whole genome—should generally be used as the enrichment
background to reduce biased significance.

Over-representation analysis, rank-based enrichment, co-abundance networks, and
protein interaction networks answer different questions and should not be treated as inter-
changeable. Over-representation analysis is readily interpretable but requires a threshold-
defined protein list, making the result sensitive to the significance cutoff used for inclu-
sion [201]. Rank-based enrichment retains information from all measured proteins and may
detect coordinated but modest abundance changes, although results depend on the ranking
statistic, gene set size, and correlation structure [202,203]. WGCNA and related approaches
can identify cohort-specific co-abundance modules and module–phenotype relationships,
but their stability depends on sample size and correlation structure. Because these net-
works are correlation-based, they do not establish physical interactions, directionality, or
causality [28]. STRING integrates curated, experimentally supported, predicted, and text-
mined protein associations, whereas Cytoscape provides an environment for importing,
integrating, analyzing, and visualizing molecular interaction networks [204]. STRING inte-
grates curated, experimentally supported, predicted, and text-mined protein associations,
whereas Cytoscape provides an environment for importing, integrating, analyzing, and
visualizing molecular interaction networks [205].

For enrichment analyses, the reference universe should comprise proteins that passed
QC and were measurable on the relevant platform and in the relevant tissue, rather than
the entire genome [206]. In paired tissue–plasma studies, each compartment should first be
analyzed according to its own abundance distribution, missingness structure, and biological
context before concordance is assessed [41].

PTM datasets require site-level or PTM signature analysis, rather than relying exclu-
sively on conventional protein-level pathway mapping [207]. Phosphosite changes should
be interpreted in relation to parent protein abundance, site localization confidence and
the quality of kinase–substrate annotations [208]. Mapping modified peptides only to
total-protein pathways can obscure whether a signal reflects altered protein abundance or
an altered regulatory state [207]. Kinase–substrate enrichment analysis and PTM-specific
signature enrichment may provide greater mechanistic resolution [207,209], but incomplete
substrate annotation and ambiguous site assignment should be acknowledged [205,208].

Network outputs should not be interpreted as causal by default. Hub proteins may
reflect annotation density or technical connectivity, so pathway and network results are
most convincing when supported by study design, tissue context, longitudinal change,
multi-omics evidence, or external validation [58,60,80,164,166].

7.7. Feature Selection and Validation for Biomarker Panels

Feature selection translates high-dimensional proteomic profiles into compact, clini-
cally actionable panels capable of differentiating the overlapping phenotypes of obesity,
T2D, and steatotic liver disease. Because metabolic proteins exhibit high degrees of multi-
organ crosstalk and strong collinearity, particularly circulating adipokines and hepatokines,
and sample sizes are often modest, selected panels should be parsimonious, interpretable,
measurable, biologically coherent, and validated beyond the discovery cohort [25,167–170].

Standard filter and wrapper methods often struggle to resolve this highly correlated
metabolic noise. Consequently, embedded approaches, particularly regularized regression
models like LASSO, elastic net, or advanced Bayesian variable selection methods, may
be useful. In the context of the MASLD/MetALD landscape, these penalized approaches
can shrink the coefficients of generic inflammatory markers, allowing the sparse, disease-
specific proteomic features driving hepatic injury to emerge [167,169,171,210].
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Validation is the decisive step. Feature selection and tuning should occur inside
training or inner resampling loops to avoid information leakage, and final panels should
be evaluated for discrimination, calibration, clinical utility, external validity, platform
portability, and biological plausibility [25,40,41,167,170–176,179,210–213].

7.8. pQTL, Colocalization, and MR

pQTL mapping, colocalization, and MR help distinguish proteins that may participate
in disease mechanisms from proteins that are only correlated with clinical states. pQTLs
provide genetic anchors for circulating proteins, while colocalization tests whether protein
and disease associations at a locus are consistent with the same causal signal [25,177–180].

MR then uses genetic instruments to test whether genetically predicted protein abun-
dance is consistent with disease causation, rather than downstream correlation. These
approaches have prioritized proteins in obesity, visceral adiposity, T2D, MASLD, fibrosis,
and related metabolic traits [177,179–182,214,215].

Genetic analyses remain sensitive to horizontal pleiotropy, linkage disequilibrium,
weak instruments, isoform or assay specificity, and ancestry differences [216]. They are most
useful when integrated with tissue relevance, longitudinal change, platform validation,
and biological plausibility [25,181,182,217–226].

7.9. Complementary Multi-Omics Integration with Transcriptomics and Metabolomics

This subsection separates complementary omics integration from the core proteomics
workflow. Transcriptomic, metabolomic, lipidomic, clinical, and genetic data are infor-
mative but are not interchangeable with protein measurements. Proteomics provides a
direct readout of effector biology, but single-omics analysis can remain descriptive. In-
tegrating transcriptomics, metabolomics, clinical phenotypes, and genetics can connect
tissue remodeling, circulating proteins, metabolic flux, and therapeutic targets across the
obesity–T2D–liver axis [80,164,183–185].

Modern integration increasingly moves beyond late-stage overlap of separate omics
results toward intermediate matrix factorization, latent-factor models, network reconstruc-
tion, and graph-based approaches. These methods can reveal shared programs that are not
apparent from any single data layer [227–229]. Their added complexity also increases risks
from scale differences, missingness, batch effects, and overfitting; independent or held-out
validation is therefore essential.

Multimodal networks are particularly valuable for resolving tissue–plasma discor-
dance. By linking adipose or hepatic pathology with plasma hepatokines, adipokines, EV
proteins, metabolites, and genetic evidence, they can prioritize biomarkers that are both
accessible and mechanistically interpretable [28,40–42,185–190,230,231].

7.10. Benchmarking and Reproducibility

As metabolic proteomics scales, analytical flexibility in preprocessing, missing-data
handling, normalization, batch correction, covariate adjustment, and feature selection can
change the set of significant proteins obtained from the same dataset. Benchmarking is
therefore part of scientific inference, not a purely technical exercise [30,142].

Formal benchmarking should compare complete pipelines using experimental con-
trols, cross-cohort replication, or simulations with known ground truth. Reproducibility
also requires complete reporting of software versions, parameters, preprocessing choices,
model specifications, and code, along with data deposition through resources such as
ProteomeXchange and containerized workflows when possible [232–234].
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8. Limitations and Translational Perspectives
8.1. Current Limitations, Knowledge Gaps, and Practical Priorities

Current metabolic disease proteomics is limited by cross-sectional designs, inconsis-
tent phenotyping, preanalytical and platform heterogeneity, tissue–plasma discordance,
incomplete proteoform resolution, limited ancestral and clinical diversity, and insufficient
external validation. Proteoform-level heterogeneity is particularly difficult to capture in
large-cohort bottom–up workflows. Top–down approaches can resolve intact proteoforms
and reveal cellular heterogeneity that is obscured by protein-level aggregation, although
complementary bottom–up and top–down strategies are currently needed to balance pro-
teome depth, throughput, and proteoform resolution [235,236]. Practical priorities include
prespecified analysis plans, standardized collection and reporting, explicit modeling of
missingness and covariates, external or held-out validation, orthogonal assay confirmation,
paired tissue or genetic support, and evaluation of whether a proposed endotype improves
a clinical decision, rather than only a discrimination metric.

8.2. Translational Outlook and Future Directions

Viewing obesity, T2D, MASLD/MASH, and MetALD as an overlapping metabolic
dysfunction spectrum provides a systems-level framework for stratification without imply-
ing a fixed disease sequence. Proteomics is central because it captures functional molecular
outputs that mediate inter-organ communication, but translation requires stronger longitu-
dinal study designs. Most studies remain cross-sectional, limiting causal inference and the
characterization of disease trajectories. Future research should prioritize repeated sampling
and advanced longitudinal approaches, including mixed-effects, state-space, stochastic-
process, or Gaussian-process models to better capture progression and transitions between
disease states [237,238].

Phenotyping must also improve, especially for metabolic liver disease. Although
MASLD terminology has replaced nonalcoholic fatty liver disease (NAFLD) in many con-
texts, separating metabolic and alcohol-related contributions remains difficult [4]. Reliance
on self-reported alcohol intake introduces substantial misclassification bias. Incorporating
objective biomarkers such as PEth and ethyl glucuronide could improve disease classifica-
tion, strengthen proteomic signal detection, and facilitate more precise endotyping across
the MASLD–MetALD spectrum [239].

Clinical translation further depends on cross-platform harmonization and rigorous
causal prioritization. MS discovery findings may not transfer directly to targeted assays,
highlighting the need for standardized reference materials, inter-laboratory benchmarking,
assay harmonization, and transparent reporting standards [78]. Integrating proteomics with
genetic evidence through MR, pQTLs, and colocalization can help prioritize proteins that
are more likely to be causal drivers, rather than downstream correlates, of disease [240–242].

A further priority is proteoform-aware endotyping. Most large-cohort bottom–up MS
and affinity studies quantify peptides, protein groups, or assay targets, rather than individ-
ual proteoforms. Functionally distinct species generated by alternative splicing, sequence
variation, proteolysis, or PTMs may therefore be collapsed into one protein-level estimate.
Future studies should combine proteoform-resolving approaches, including top–down,
middle—down, glycoproteomic, and phosphoproteomic workflows, with computational
models that represent this ambiguity, while recognizing the current trade-off between
molecular resolution and cohort-scale throughput.

Ultimately, metabolic proteomics should support clinically actionable endotypes that
guide prevention, prognosis, treatment selection, and monitoring. Achieving this goal will
require reproducible pipelines, longitudinal data, precise phenotyping, diverse cohorts,
cross-platform validation, proteoform-aware assay design, and evidence that proteomic
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endotypes improve decisions in real-world care. These priorities are intended as prac-
tical recommendations for moving metabolic proteomics from literature summaries to
reproducible, mechanism-informed endotyping.
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Insights into Obesity and Type 2 Diabetes from Protein Network, Canonical Pathway, Phosphorylation and Antimicrobial Peptide
Signatures of Human Serum. Proteomes 2025, 13, 67. [CrossRef] [PubMed]

61. Beutgen, V.M.; Shinkevich, V.; Pörschke, J.; Meena, C.; Steitz, A.M.; Strandmann, E.P.V.; Graumann, J.; Gómez-Serrano, M.
Secretome Analysis Using Affinity Proteomics and Immunoassays: A Focus on Tumor Biology. Mol. Cell. Proteom. 2024, 23,
100830. [CrossRef] [PubMed]

62. Povero, D.; Eguchi, A.; Li, H.; Johnson, C.D.; Papouchado, B.G.; Wree, A.; Messer, K.; Feldstein, A.E. Circulating extracellular
vesicles with specific proteome and liver microRNAs are potential biomarkers for liver injury in experimental fatty liver disease.
PLoS ONE 2014, 9, e113651. [CrossRef] [PubMed]

63. Sakane, S.; Hikita, H.; Shirai, K.; Sakamoto, T.; Narumi, R.; Adachi, J.; Kakita, N.; Yamada, Y.; Toyoda, H.; Takahashi, H.; et al.
Proteomic analysis of serum extracellular vesicles reveals Fibulin-3 as a new marker predicting liver-related events in MASLD.
Hepatol. Commun. 2024, 8, e0448. [CrossRef] [PubMed]

64. Miotto, P.M.; Yang, C.-H.; Keenan, S.N.; De Nardo, W.; Beddows, C.A.; Fidelito, G.; Dodd, G.T.; Parker, B.L.; Hill, A.F.; Burton,
P.R.; et al. Liver-derived extracellular vesicles improve whole-body glycaemic control via inter-organ communication. Nat. Metab.
2024, 6, 254–272. [CrossRef] [PubMed]

65. Fochtman, D.; Marczak, L.; Pietrowska, M.; Wojakowska, A. Challenges of MS-based small extracellular vesicles proteomics. J.
Extracell. Vesicles 2024, 13, e70020. [CrossRef] [PubMed]

66. Fernández-Sáez, E.M.; Bravo, S.B.; Pena, C.; García, Á. The proteome of circulating extracellular vesicles and their functional
effect on platelets vary with the isolation method. Sci. Rep. 2025, 15, 20490. [CrossRef] [PubMed]

67. Bennett, H.M.; Stephenson, W.; Rose, C.M.; Darmanis, S. Single-cell proteomics enabled by next-generation sequencing or mass
spectrometry. Nat. Methods 2023, 20, 363–374. [CrossRef] [PubMed]

68. Truong, T.; Kelly, R.T. What’s new in single-cell proteomics. Curr. Opin. Biotechnol. 2024, 86, 103077. [CrossRef] [PubMed]
69. Method of the Year 2024: Spatial proteomics. Nat. Methods 2024, 21, 2195–2196. [CrossRef] [PubMed]
70. Wang, B.; Pozarickij, A.; Mazidi, M.; Wright, N.; Yao, P.; Said, S.; Iona, A.; Kartsonaki, C.; Fry, H.; Lin, K.; et al. Comparative

studies of 2168 plasma proteins measured by two affinity-based platforms in 4000 Chinese adults. Nat. Commun. 2025, 16, 1869.
[CrossRef] [PubMed]

71. Kim, E.Y.; Kim, W.K.; Oh, K.-J.; Han, B.S.; Lee, S.C.; Bae, K.-H. Recent Advances in Proteomic Studies of Adipose Tissues and
Adipocytes. Int. J. Mol. Sci. 2015, 16, 4581–4599. [CrossRef] [PubMed]

72. Anguita-Ruiz, A.; Bustos-Aibar, M.; Plaza-Díaz, J.; Mendez-Gutierrez, A.; Alcalá-Fdez, J.; Aguilera, C.M.; Ruiz-Ojeda, F.J. Omics
Approaches in Adipose Tissue and Skeletal Muscle Addressing the Role of Extracellular Matrix in Obesity and Metabolic
Dysfunction. Int. J. Mol. Sci. 2021, 22, 2756. [CrossRef] [PubMed]

73. Dadson, P.; Honka, M.-J.; Suomi, T.; Haridas, P.A.N.; Rokka, A.; Palani, S.; Goltseva, E.; Wang, N.; Roivainen, A.; Salminen,
P.; et al. Proteomic profiling reveals alterations in metabolic and cellular pathways in severe obesity and following metabolic
bariatric surgery. Am. J. Physiol. Endocrinol. Metab. 2025, 328, E311–E324. [CrossRef] [PubMed]

74. Ruiz-Ojeda, F.J.; Méndez-Gutiérrez, A.; Aguilera, C.M.; Plaza-Díaz, J. Extracellular Matrix Remodeling of Adipose Tissue in
Obesity and Metabolic Diseases. Int. J. Mol. Sci. 2019, 20, 4888. [CrossRef] [PubMed]

75. Gómez-Serrano, M.; Camafeita, E.; López, J.A.; Rubio, M.A.; Bretón, I.; García-Consuegra, I.; García-Santos, E.; Lago, J.; Sánchez-
Pernaute, A.; Torres, A.; et al. Differential proteomic and oxidative profiles unveil dysfunctional protein import to adipocyte
mitochondria in obesity-associated aging and diabetes. Redox Biol. 2017, 11, 415–428. [CrossRef] [PubMed]

76. Smith, G.I.; Mittendorfer, B.; Klein, S. Metabolically healthy obesity: Facts and fantasies. J. Clin. Investig. 2019, 129, 3978–3989.
[CrossRef] [PubMed]

77. Mir, F.A.; Abdesselem, H.B.; Cyprian, F.; Iskandarani, A.; Doudin, A.; Shraim, M.A.; Alkhalaf, B.M.; Alkasem, M.; Abdalhakam, I.;
Bensmail, I.; et al. Metabolically Healthy Obesity Is Characterized by a Distinct Proteome Signature. Int. J. Mol. Sci. 2025, 26, 2262.
[CrossRef] [PubMed]

https://doi.org/10.3390/proteomes14030049

https://doi.org/10.1016/j.ebiom.2025.105859
https://www.ncbi.nlm.nih.gov/pubmed/40684475
https://doi.org/10.1038/s41467-022-34754-z
https://www.ncbi.nlm.nih.gov/pubmed/36402758
https://doi.org/10.1038/s41591-025-03799-0
https://www.ncbi.nlm.nih.gov/pubmed/40691365
https://doi.org/10.1002/pmic.202100330
https://www.ncbi.nlm.nih.gov/pubmed/35816345
https://doi.org/10.3390/proteomes13040067
https://www.ncbi.nlm.nih.gov/pubmed/41441338
https://doi.org/10.1016/j.mcpro.2024.100830
https://www.ncbi.nlm.nih.gov/pubmed/39147028
https://doi.org/10.1371/journal.pone.0113651
https://www.ncbi.nlm.nih.gov/pubmed/25470250
https://doi.org/10.1097/HC9.0000000000000448
https://www.ncbi.nlm.nih.gov/pubmed/38829196
https://doi.org/10.1038/s42255-023-00971-z
https://www.ncbi.nlm.nih.gov/pubmed/38263317
https://doi.org/10.1002/jev2.70020
https://www.ncbi.nlm.nih.gov/pubmed/39692094
https://doi.org/10.1038/s41598-025-05374-6
https://www.ncbi.nlm.nih.gov/pubmed/40594329
https://doi.org/10.1038/s41592-023-01791-5
https://www.ncbi.nlm.nih.gov/pubmed/36864196
https://doi.org/10.1016/j.copbio.2024.103077
https://www.ncbi.nlm.nih.gov/pubmed/38359605
https://doi.org/10.1038/s41592-024-02565-3
https://www.ncbi.nlm.nih.gov/pubmed/39643689
https://doi.org/10.1038/s41467-025-56935-2
https://www.ncbi.nlm.nih.gov/pubmed/39984443
https://doi.org/10.3390/ijms16034581
https://www.ncbi.nlm.nih.gov/pubmed/25734986
https://doi.org/10.3390/ijms22052756
https://www.ncbi.nlm.nih.gov/pubmed/33803198
https://doi.org/10.1152/ajpendo.00220.2024
https://www.ncbi.nlm.nih.gov/pubmed/39819027
https://doi.org/10.3390/ijms20194888
https://www.ncbi.nlm.nih.gov/pubmed/31581657
https://doi.org/10.1016/j.redox.2016.12.013
https://www.ncbi.nlm.nih.gov/pubmed/28064117
https://doi.org/10.1172/JCI129186
https://www.ncbi.nlm.nih.gov/pubmed/31524630
https://doi.org/10.3390/ijms26052262
https://www.ncbi.nlm.nih.gov/pubmed/40076884
https://doi.org/10.3390/proteomes14030049


Proteomes 2026, 14, 49 23 of 30

78. Geyer, P.E.; Kulak, N.A.; Pichler, G.; Holdt, L.M.; Teupser, D.; Mann, M. Plasma Proteome Profiling to Assess Human Health and
Disease. Cell Syst. 2016, 2, 185–195. [CrossRef] [PubMed]

79. Emilsson, V.; Ilkov, M.; Lamb, J.R.; Finkel, N.; Gudmundsson, E.F.; Pitts, R.; Hoover, H.; Gudmundsdottir, V.; Horman, S.R.;
Aspelund, T.; et al. Co-regulatory networks of human serum proteins link genetics to disease. Science 2018, 361, 769–773.
[CrossRef] [PubMed]

80. Atabaki, N.N.; Coral, D.E.; Pomares-Millan, H.; Smith, K.; Behjat, H.H.; Koivula, R.W.; Tura, A.; Miller, H.; Pinnick, K.; Agudelo,
L.; et al. A Biological-Systems-Based Analyses Using Proteomic and Metabolic Network Inference Reveals Mechanistic Insights
into Hepatic Lipid Accumulation: An IMI-DIRECT Study. medRxiv 2025. [CrossRef] [PubMed]

81. Geyer, P.E.; Voytik, E.; Treit, P.V.; Doll, S.; Kleinhempel, A.; Niu, L.; Müller, J.B.; Buchholtz, M.L.; Bader, J.M.; Teupser, D.;
et al. Plasma Proteome Profiling to detect and avoid sample-related biases in biomarker studies. EMBO Mol. Med. 2019, 11,
EMMM201910427. [CrossRef] [PubMed]

82. Karczewski, K.J.; Snyder, M.P. Integrative omics for health and disease. Nat. Rev. Genet. 2018, 19, 299–310. [CrossRef] [PubMed]
83. Faerch, K.; Hulman, A.; Solomon, T.P. Heterogeneity of Pre-diabetes and Type 2 Diabetes: Implications for Prediction, Prevention

and Treatment Responsiveness. Curr. Diabetes Rev. 2016, 12, 30–41. [CrossRef] [PubMed]
84. Suzuki, K.; Hatzikotoulas, K.; Southam, L.; Taylor, H.J.; Yin, X.; Lorenz, K.M.; Mandla, R.; Huerta-Chagoya, A.; Melloni, G.E.M.;

Kanoni, S.; et al. Genetic drivers of heterogeneity in type 2 diabetes pathophysiology. Nature 2024, 627, 347–357. [CrossRef]
[PubMed]

85. Park, J.; Lokuge, S.D.; Huang, M.; Wang, S.; Liu, S.; Liang, J.; Katturajan, R.; Marakovits, C.; Yang, Z.; Wan, J.; et al. SIRT6 Is a Key
Regulator of Pancreatic beta-Cell Survival and Function During Aging. Diabetes 2025, 74, 1976–1991. [CrossRef] [PubMed]

86. Ahlqvist, E.; Storm, P.; Käräjämäki, A.; Martinell, M.; Dorkhan, M.; Carlsson, A.; Vikman, P.; Prasad, R.B.; Aly, D.M.; Almgren, P.;
et al. Novel subgroups of adult-onset diabetes and their association with outcomes: A data-driven cluster analysis of six variables.
Lancet Diabetes Endocrinol. 2018, 6, 361–369. [CrossRef] [PubMed]

87. Yamagata, K.; Tsuyama, T.; Sato, Y. Roles of β-Cell Hypoxia in the Progression of Type 2 Diabetes. Int. J. Mol. Sci. 2024, 25, 4186.
[CrossRef] [PubMed]

88. Lu, X.; Xie, Q.; Pan, X.; Zhang, R.; Zhang, X.; Peng, G.; Zhang, Y.; Shen, S.; Tong, N. Type 2 diabetes mellitus in adults:
Pathogenesis, prevention and therapy. Signal Transduct. Target. Ther. 2024, 9, 262. [CrossRef] [PubMed]

89. Zhong, X.; Huang, M.; Kim, H.G.; Zhang, Y.; Chowdhury, K.; Cai, W.; Saxena, R.; Schwabe, R.F.; Liangpunsakul, S.; Dong,
X.C. SIRT6 Protects Against Liver Fibrosis by Deacetylation and Suppression of SMAD3 in Hepatic Stellate Cells. Cell Mol.
Gastroenterol. Hepatol. 2020, 10, 341–364. [CrossRef] [PubMed]

90. Huang, M.; Kim, H.G.; Zhong, X.; Dong, C.; Zhang, B.; Fang, Z.; Zhang, Y.; Lu, X.; Saxena, R.; Liu, Y.; et al. Sestrin 3 Protects
Against Diet-Induced Nonalcoholic Steatohepatitis in Mice Through Suppression of Transforming Growth Factor beta Signal
Transduction. Hepatology 2020, 71, 76–92. [CrossRef] [PubMed]

91. Misra, S.; Wagner, R.; Ozkan, B.; Schön, M.; Sevilla-Gonzalez, M.; Prystupa, K.; Wang, C.C.; Kreienkamp, R.J.; Cromer, S.J.; Rooney,
M.R.; et al. Precision subclassification of type 2 diabetes: A systematic review. Commun. Med. 2023, 3, 138. [CrossRef] [PubMed]

92. Kurgan, N.; Kjærgaard Larsen, J.; Deshmukh, A.S. Harnessing the power of proteomics in precision diabetes medicine. Diabetologia
2024, 67, 783–797. [CrossRef] [PubMed]

93. Zanetti, D.; Stell, L.; Gustafsson, S.; Abbasi, F.; Tsao, P.S.; Knowles, J.W.; Ferrannini, E.; Kozakova, M.; Gastaldelli, A.; Coppack,
S.; et al. Plasma proteomic signatures of a direct measure of insulin sensitivity in two population cohorts. Diabetologia 2023, 66,
1643–1654. [CrossRef] [PubMed]

94. Franks, P.W.; Rich, S.S.; Linder, B.; Zaghloul, N.A.; Cefalu, W.T. A Research Roadmap to Address the Heterogeneity of Diabetes
and Advance Precision Medicine. J. Clin. Endocrinol. Metab. 2025, 110, 601–610. [CrossRef] [PubMed]

95. Xiao, Q.; Zheng, Y.; Zhao, H.; Li, Y.; Wang, J.; Wang, H.; Suo, C.; Jiang, Y.; Chen, X.; Xu, K. Large-Scale Proteomics Uncovers
Pre-Disease Inflammation-Lipid Subtypes to Refine Risk Stratification and Prediction of Type 2 Diabetes. Diabetes Obes. Metab.
2026, 28, 8288–8298. [CrossRef] [PubMed]

96. Slieker, R.C.; Donnelly, L.A.; Fitipaldi, H.; Bouland, G.A.; Giordano, G.N.; Åkerlund, M.; Gerl, M.J.; Ahlqvist, E.; Ali, A.; Dragan,
I.; et al. Distinct Molecular Signatures of Clinical Clusters in People With Type 2 Diabetes: An IMI-RHAPSODY Study. Diabetes
2021, 70, 2683–2693. [CrossRef] [PubMed]

97. Tokuoka, S.M.; Hamano, F.; Kobayashi, A.; Sugiyama, M.; Takahashi, H.; Mizokami, M.; Oda, Y. Plasma-targeted proteomic and
lipidomic profiling of MASLD, MASH, and hepatitis C virus infection. Clin. Proteom. 2026, 23, 27. [CrossRef] [PubMed]

98. Huang, M.; Zhang, Y.; Park, J.; Chowdhury, K.; Xu, J.; Lu, A.; Wang, L.; Zhang, W.; Ekser, B.; Yu, L.; et al. ATG14 plays a critical
role in hepatic lipid droplet homeostasis. Metabolism 2023, 148, 155693. [CrossRef] [PubMed]

99. Hernandez, R.; Garcia-Rodriguez, N.S.; Arriaga, M.A.; Perez, R.; Bala, A.A.; Leandro, A.C.; Diego, V.P.; Almeida, M.; Parsons, J.G.;
Manusov, E.G.; et al. Frontiers | The hepatocellular model of fatty liver disease: From current imaging diagnostics to innovative
proteomics technologies. Front. Med. 2025, 12, 1513598. [CrossRef] [PubMed]

https://doi.org/10.3390/proteomes14030049

https://doi.org/10.1016/j.cels.2016.02.015
https://www.ncbi.nlm.nih.gov/pubmed/27135364
https://doi.org/10.1126/science.aaq1327
https://www.ncbi.nlm.nih.gov/pubmed/30072576
https://doi.org/10.1101/2025.06.02.25328773
https://www.ncbi.nlm.nih.gov/pubmed/40502600
https://doi.org/10.15252/emmm.201910427
https://www.ncbi.nlm.nih.gov/pubmed/31566909
https://doi.org/10.1038/nrg.2018.4
https://www.ncbi.nlm.nih.gov/pubmed/29479082
https://doi.org/10.2174/1573399811666150416122903
https://www.ncbi.nlm.nih.gov/pubmed/25877695
https://doi.org/10.1038/s41586-024-07019-6
https://www.ncbi.nlm.nih.gov/pubmed/38374256
https://doi.org/10.2337/db25-0116
https://www.ncbi.nlm.nih.gov/pubmed/40839369
https://doi.org/10.1016/S2213-8587(18)30051-2
https://www.ncbi.nlm.nih.gov/pubmed/29503172
https://doi.org/10.3390/ijms25084186
https://www.ncbi.nlm.nih.gov/pubmed/38673770
https://doi.org/10.1038/s41392-024-01951-9
https://www.ncbi.nlm.nih.gov/pubmed/39353925
https://doi.org/10.1016/j.jcmgh.2020.04.005
https://www.ncbi.nlm.nih.gov/pubmed/32305562
https://doi.org/10.1002/hep.30820
https://www.ncbi.nlm.nih.gov/pubmed/31215672
https://doi.org/10.1038/s43856-023-00360-3
https://www.ncbi.nlm.nih.gov/pubmed/37798471
https://doi.org/10.1007/s00125-024-06097-5
https://www.ncbi.nlm.nih.gov/pubmed/38345659
https://doi.org/10.1007/s00125-023-05946-z
https://www.ncbi.nlm.nih.gov/pubmed/37329449
https://doi.org/10.1210/clinem/dgae844
https://www.ncbi.nlm.nih.gov/pubmed/39657245
https://doi.org/10.1111/dom.71038
https://www.ncbi.nlm.nih.gov/pubmed/42331617
https://doi.org/10.2337/db20-1281
https://www.ncbi.nlm.nih.gov/pubmed/34376475
https://doi.org/10.1186/s12014-026-09586-4
https://www.ncbi.nlm.nih.gov/pubmed/41673560
https://doi.org/10.1016/j.metabol.2023.155693
https://www.ncbi.nlm.nih.gov/pubmed/37741434
https://doi.org/10.3389/fmed.2025.1513598
https://www.ncbi.nlm.nih.gov/pubmed/40109726
https://doi.org/10.3390/proteomes14030049


Proteomes 2026, 14, 49 24 of 30

100. Daniel, P.V.; Erickson, H.L.; Choi, D.; Hamdan, F.H.; Nakao, Y.; Puri, G.; Nishihara, T.; Yoon, Y.; Mauer, A.S.; Dasgupta, D.; et al.
ER stress upregulates S100A11 in steatohepatitis models via epigenetic modifications within the lipotoxicity-influenced enhancer.
J. Clin. Investig. 2025, 135, e191074. [CrossRef] [PubMed]

101. Yu, S.; Chen, C.; Feng, J.; Li, Q.; Chen, S.; Zeng, R.; Luo, D.; Huang, W.; Zhang, K.; Ma, Y.; et al. Plasma proteomics framework
predicts metabolic dysfunction-associated steatotic liver disease up to 16 years before onset. Nat. Aging 2026, 6, 1684–1694.
[CrossRef] [PubMed]

102. Chowdhury, K.; Das, D.; Huang, M. Advancing the Metabolic Dysfunction-Associated Steatotic Liver Disease Proteome: A
Post-Translational Outlook. Genes 2025, 16, 334. [CrossRef] [PubMed]

103. Raju, C.; Sankaranarayanan, K. Insights on post-translational modifications in fatty liver and fibrosis progression. Biochim.
Biophys. Acta (BBA)—Mol. Basis Dis. 2025, 1871, 167659. [CrossRef] [PubMed]

104. Bai, X.; Liu, Z.; Li, X.; Sun, R.; Yu, Z. Mechanistic insights into post-translational modifications in hepatic fibrosis: Pathogenic
roles and therapeutic potentials. J. Transl. Med. 2025, 23, 1036. [CrossRef] [PubMed]

105. Xie, Z.; Deng, Y.; Zhang, X.; Chen, J.; Deng, J.; Fang, Y.; Ye, X.; Zhou, Z. Post-Translational Modifications of Histones and Non-
Histones in Liver Disease and Traditional Chinese Medicine Treatment: A Narrative Review. PGPM 2026, 19, 1–26. [CrossRef]
[PubMed]

106. Liu, J.; Xiao, S.; Hu, S.; Huang, R.; Chen, L.; Tomlinson, J.W.; Cobbold, J.F.; Howson, J.M.M.; van Duijn, C.M. Dissecting metabolic
dysfunction- and alcohol-associated liver disease (MetALD) using proteomic and metabolomic profiles. J. Hepatol. 2025, 83,
1035–1045. [CrossRef] [PubMed]

107. Lee, J.-H.; Ahn, S.-H.; Park, J.; Jeon, S.Y.; Yoon, E.L.; Lee, H.S.; Jun, D.W. Misclassification of Alcohol Use Disorder in MASLD and
MetALD: Prevalence, Clinical Characteristics, and Outcomes. Gut Liver 2025, 19, 735–745. [CrossRef] [PubMed]

108. Hasanin, A.; Mostafa, M.; Raafat, H.; Abdulatif, M. Tracheal Intubation in Critically Ill Patients: More Insights and Useful
Regimens. Crit. Care Med. 2025, 53, e1333. [CrossRef] [PubMed]

109. Rusu, E.C.; Clavero-Mestres, H.; Sánchez-Álvarez, M.; Veciana-Molins, M.; Bertran, L.; Monfort-Lanzas, P.; Aguilar, C.; Camaron,
J.; Auguet, T. Uncovering hepatic transcriptomic and circulating proteomic signatures in MASH: A meta-analysis and machine
learning-based biomarker discovery. Comput. Biol. Med. 2025, 191, 110170. [CrossRef] [PubMed]

110. Wieczorek, M.; Meier, C.; Vilpert, S.; Reinecke, R.; Borrat-Besson, C.; Maurer, J.; Kliegel, M. Association between multiple chronic
conditions and insufficient health literacy: Cross-sectional evidence from a population-based sample of older adults living in
Switzerland. BMC Public Health 2023, 23, 253. [CrossRef] [PubMed]

111. Ferreyra, A.; Masquijo, J. Letter to the editor, concerning Cimen et al.: ‘Percutaneous release for trigger thumb in children under
local anesthesia’. J. Pediatr. Orthop. B 2024, 33, 307. [CrossRef] [PubMed]

112. Alford-Teaster, J.; Wang, F.; Moen, E.L.; Cowan, L.; Smith, R.E.; Tosteson, A.N.A.; Onega, T. Broadband Data Forensics:
Spatiotemporal Variations of the Download/Upload Speed Metric Commonly Used to Evaluate Potential Telehealth Accessibility.
Telemed. J. E Health 2024, 30, 874–880. [CrossRef] [PubMed]

113. Jesudass, S.C.; Surendran, S.; Moon, D.J.; Shanmugapriya, S.; Kim, J.Y.; Janani, G.; Veeramani, K.; Mahadik, S.; Kim, I.G.; Jung, P.;
et al. Defect engineered ternary metal spinel-type Ni-Fe-Co oxide as bifunctional electrocatalyst for overall electrochemical water
splitting. J. Colloid. Interface Sci. 2024, 663, 566–576. [CrossRef] [PubMed]

114. Wang, Y.; Sun, Y.; Li, X.; Chen, R.; Li, W.; Ji, L.; Zhao, Q.; Ji, L.; Yang, S.; Zhang, W. Molecular detection and characterization of
three novel parvoviruses belonging to two different subfamilies in zoo birds. Arch. Virol. 2023, 168, 163. [CrossRef] [PubMed]

115. Li, J.-Z.; Yang, L.; Xiao, M.-X.; Li, N.; Huang, X.; Ye, L.-H.; Zhang, H.-C.; Liu, Z.-Q.; Li, J.-Q.; Liu, Y.-Y.; et al. Spatial and Single-Cell
Transcriptomics Reveals the Regional Division of the Spatial Structure of MASH Fibrosis. Liver Int. 2025, 45, e16125. [CrossRef]
[PubMed]

116. Kong, Y.; Chen, H.; Chen, Y.; Wang, C. The application of artificial intelligence in the intersection of metabolic dysfunction-
associated steatotic liver disease and cardiovascular diseases. Front. Immunol. 2026, 17, 1788249. [CrossRef] [PubMed]

117. Xue, Q.; Peng, F.; Guo, C.; Zhou, Y.; Zhong, L.; Huang, L.; Li, S.; Deng, L.; Zhao, J. S100A6 Regulated by PATZ1 Promotes Liver
Fibrosis by Activating Hepatic Stellate Cells. Dig. Dis. Sci. 2025, 71, 1835–1851. [CrossRef] [PubMed]

118. Boss, J.-L. Assistance au suicide et capacité de discernement en EMS: 50 nuances de gris. Rev. Med. Suisse 2023, 19, 648–649.
[CrossRef] [PubMed]

119. Chen, F.; Tang, H.; Cai, X.; Lin, J.; Xiang, L.; Kang, R.; Liu, J.; Tang, D. Targeting paraptosis in cancer: Opportunities and challenges.
Cancer Gene Ther. 2024, 31, 349–363. [CrossRef] [PubMed]

120. Taiwo, M.; Huang, E.; Pathak, V.; Bellar, A.; Welch, N.; Dasarathy, J.; Streem, D.; McClain, C.J.; Mitchell, M.C.; Barton, B.A.; et al.
Proteomics identifies complement protein signatures in patients with alcohol-associated hepatitis. JCI Insight 2024, 9, 174127.
[CrossRef] [PubMed]

121. Xu, J.; Gou, W.; Wang, X.; Ru, D.; Hu, W.; Chen, J.; Li, B.-y.; Xi, Y.; Zheng, J.-S.; Chen, Y.-m. Integrated serum proteomic and
liver genomic analyses identify molecular signatures associated with metabolic dysfunction-associated steatotic liver disease:
A multi-cohort study. BMC Med. 2026, 24, 343. [CrossRef] [PubMed]

https://doi.org/10.3390/proteomes14030049

https://doi.org/10.1172/JCI191074
https://www.ncbi.nlm.nih.gov/pubmed/41027000
https://doi.org/10.1038/s43587-026-01183-2
https://www.ncbi.nlm.nih.gov/pubmed/42533107
https://doi.org/10.3390/genes16030334
https://www.ncbi.nlm.nih.gov/pubmed/40149485
https://doi.org/10.1016/j.bbadis.2025.167659
https://www.ncbi.nlm.nih.gov/pubmed/39788217
https://doi.org/10.1186/s12967-025-07037-6
https://www.ncbi.nlm.nih.gov/pubmed/41034921
https://doi.org/10.2147/PGPM.S555701
https://www.ncbi.nlm.nih.gov/pubmed/41908737
https://doi.org/10.1016/j.jhep.2025.05.026
https://www.ncbi.nlm.nih.gov/pubmed/40480315
https://doi.org/10.5009/gnl250072
https://www.ncbi.nlm.nih.gov/pubmed/40708303
https://doi.org/10.1097/CCM.0000000000006632
https://www.ncbi.nlm.nih.gov/pubmed/40459389
https://doi.org/10.1016/j.compbiomed.2025.110170
https://www.ncbi.nlm.nih.gov/pubmed/40220593
https://doi.org/10.1186/s12889-023-15136-6
https://www.ncbi.nlm.nih.gov/pubmed/36747134
https://doi.org/10.1097/BPB.0000000000001154
https://www.ncbi.nlm.nih.gov/pubmed/38874385
https://doi.org/10.1089/tmj.2023.0320
https://www.ncbi.nlm.nih.gov/pubmed/37668655
https://doi.org/10.1016/j.jcis.2024.02.042
https://www.ncbi.nlm.nih.gov/pubmed/38428114
https://doi.org/10.1007/s00705-023-05785-8
https://www.ncbi.nlm.nih.gov/pubmed/37198283
https://doi.org/10.1111/liv.16125
https://www.ncbi.nlm.nih.gov/pubmed/39400982
https://doi.org/10.3389/fimmu.2026.1788249
https://www.ncbi.nlm.nih.gov/pubmed/41993162
https://doi.org/10.1007/s10620-025-09533-7
https://www.ncbi.nlm.nih.gov/pubmed/41231417
https://doi.org/10.53738/REVMED.2023.19.820.648
https://www.ncbi.nlm.nih.gov/pubmed/36988174
https://doi.org/10.1038/s41417-023-00722-y
https://www.ncbi.nlm.nih.gov/pubmed/38177306
https://doi.org/10.1172/jci.insight.174127
https://www.ncbi.nlm.nih.gov/pubmed/38573776
https://doi.org/10.1186/s12916-026-04834-8
https://www.ncbi.nlm.nih.gov/pubmed/41998640
https://doi.org/10.3390/proteomes14030049


Proteomes 2026, 14, 49 25 of 30

122. Lei, Q.; Yuan, H.; Du, J.; Ming, M.; Yang, S.; Chen, Y.; Lei, J.; Han, Z. Photocatalytic CO2 reduction with aminoanthraquinone
organic dyes. Nat. Commun. 2023, 14, 1087. [CrossRef] [PubMed]

123. Alzahrani, J.S.; Alrowaili, Z.A.; Alqahtani, M.S.; Adam, M.; Olarinoye, I.O.; Durmaz, U.; Al-Buriahi, M.S. Neutron attenuation
features and elastic properties of silicate glasses containing Ta2O5, and Li2O. Appl. Radiat. Isot. 2023, 199, 110896. [CrossRef]
[PubMed]

124. Nogueiras, R.; Aspichueta, P. Expanding the roles of the renin-angiotensin system: Drug-induced liver injury. J. Hepatol. 2023, 78,
457–459. [CrossRef] [PubMed]

125. Wang, S.-J.; Wang, Y.-H.; Huang, J.-F.; Lin, E.-S.; Chen, W.-S.; Li, C.-Y.; Dai, C.-Y.; Chuang, W.-L.; Yu, M.-L.; Wang, S.-C. The
Proteomic Profiling of Circulating Extracellular Vesicles of Western Diet and Chemical-Induced Murine MASH Model. Kaohsiung
J. Med. Sci. 2026, 42, e70107. [CrossRef] [PubMed]

126. Ludwig, C.; Gillet, L.; Rosenberger, G.; Amon, S.; Collins, B.C.; Aebersold, R. Data-independent acquisition-based SWATH-MS
for quantitative proteomics: A tutorial. Mol. Syst. Biol. 2018, 14, e8126. [CrossRef] [PubMed]

127. Carr, S.A.; Abbatiello, S.E.; Ackermann, B.L.; Borchers, C.; Domon, B.; Deutsch, E.W.; Grant, R.P.; Hoofnagle, A.N.; Huttenhain, R.;
Koomen, J.M.; et al. Targeted peptide measurements in biology and medicine: Best practices for mass spectrometry-based assay
development using a fit-for-purpose approach. Mol. Cell Proteom. 2014, 13, 907–917. [CrossRef] [PubMed]

128. Rooney, M.R.; Chen, J.; Ballantyne, C.M.; Hoogeveen, R.C.; Tang, O.; Grams, M.E.; Tin, A.; Ndumele, C.E.; Zannad, F.; Couper,
D.J.; et al. Comparison of Proteomic Measurements Across Platforms in the Atherosclerosis Risk in Communities (ARIC) Study.
Clin. Chem. 2023, 69, 68–79. [CrossRef] [PubMed]

129. Cuklina, J.; Lee, C.H.; Williams, E.G.; Sajic, T.; Collins, B.C.; Rodriguez Martinez, M.; Sharma, V.S.; Wendt, F.; Goetze, S.; Keele,
G.R.; et al. Diagnostics and correction of batch effects in large-scale proteomic studies: A tutorial. Mol. Syst. Biol. 2021, 17, e10240.
[CrossRef] [PubMed]

130. Mueller, L.N.; Brusniak, M.-Y.; Mani, D.R.; Aebersold, R. An assessment of software solutions for the analysis of mass spectrometry
based quantitative proteomics data. J. Proteome Res. 2008, 7, 51–61. [CrossRef] [PubMed]

131. Cox, J.; Mann, M. MaxQuant enables high peptide identification rates, individualized p.p.b.-range mass accuracies and proteome-
wide protein quantification. Nat. Biotechnol. 2008, 26, 1367–1372. [CrossRef] [PubMed]

132. Tyanova, S.; Temu, T.; Sinitcyn, P.; Carlson, A.; Hein, M.Y.; Geiger, T.; Mann, M.; Cox, J. The Perseus computational platform for
comprehensive analysis of (prote)omics data. Nat. Methods 2016, 13, 731–740. [CrossRef] [PubMed]

133. Vizcaíno, J.A.; Deutsch, E.W.; Wang, R.; Csordas, A.; Reisinger, F.; Ríos, D.; Dianes, J.A.; Sun, Z.; Farrah, T.; Bandeira, N.; et al.
ProteomeXchange provides globally coordinated proteomics data submission and dissemination. Nat. Biotechnol. 2014, 32,
223–226. [CrossRef] [PubMed]

134. Deutsch, E.W.; Bandeira, N.; Perez-Riverol, Y.; Sharma, V.; Carver, J.J.; Mendoza, L.; Kundu, D.J.; Wang, S.; Bandla, C.;
Kamatchinathan, S.; et al. The ProteomeXchange consortium at 10 years: 2023 update. Nucleic Acids Res. 2023, 51, D1539–D1548.
[CrossRef] [PubMed]

135. Karpievitch, Y.V.; Dabney, A.R.; Smith, R.D. Normalization and missing value imputation for label-free LC-MS analysis. BMC
Bioinform. 2012, 13, S5. [CrossRef] [PubMed]

136. Liu, M.; Dongre, A. Proper imputation of missing values in proteomics datasets for differential expression analysis. Brief.
Bioinform. 2021, 22, bbaa112. [CrossRef] [PubMed]

137. Jin, L.; Bi, Y.; Hu, C.; Qu, J.; Shen, S.; Wang, X.; Tian, Y. A comparative study of evaluating missing value imputation methods in
label-free proteomics. Sci. Rep. 2021, 11, 1760. [CrossRef] [PubMed]

138. Tabb, D.L. Quality assessment for clinical proteomics. Clin. Biochem. 2013, 46, 411–420. [CrossRef] [PubMed]
139. Choi, M.; Chang, C.-Y.; Clough, T.; Broudy, D.; Killeen, T.; MacLean, B.; Vitek, O. MSstats: An R package for statistical analysis of

quantitative mass spectrometry-based proteomic experiments. Bioinformatics 2014, 30, 2524–2526. [CrossRef] [PubMed]
140. Goeminne, L.J.E.; Sticker, A.; Martens, L.; Gevaert, K.; Clement, L. MSqRob Takes the Missing Hurdle: Uniting Intensity- and

Count-Based Proteomics. Anal. Chem. 2020, 92, 6278–6287. [CrossRef] [PubMed]
141. Johnson, W.E.; Li, C.; Rabinovic, A. Adjusting batch effects in microarray expression data using empirical Bayes methods.

Biostatistics 2007, 8, 118–127. [CrossRef] [PubMed]
142. Välikangas, T.; Suomi, T.; Elo, L.L. A systematic evaluation of normalization methods in quantitative label-free proteomics. Brief.

Bioinform. 2018, 19, 1–11. [CrossRef] [PubMed]
143. Cox, J.; Hein, M.Y.; Luber, C.A.; Paron, I.; Nagaraj, N.; Mann, M. Accurate proteome-wide label-free quantification by delayed

normalization and maximal peptide ratio extraction, termed MaxLFQ. Mol. Cell Proteom. 2014, 13, 2513–2526. [CrossRef]
[PubMed]

144. Leek, J.T.; Storey, J.D. Capturing heterogeneity in gene expression studies by surrogate variable analysis. PLoS Genet. 2007, 3,
1724–1735. [CrossRef] [PubMed]

145. Listgarten, J.; Kadie, C.; Schadt, E.E.; Heckerman, D. Correction for hidden confounders in the genetic analysis of gene expression.
Proc. Natl. Acad. Sci. USA 2010, 107, 16465–16470. [CrossRef] [PubMed]

https://doi.org/10.3390/proteomes14030049

https://doi.org/10.1038/s41467-023-36784-7
https://www.ncbi.nlm.nih.gov/pubmed/36841825
https://doi.org/10.1016/j.apradiso.2023.110896
https://www.ncbi.nlm.nih.gov/pubmed/37311298
https://doi.org/10.1016/j.jhep.2022.12.016
https://www.ncbi.nlm.nih.gov/pubmed/36592643
https://doi.org/10.1002/kjm2.70107
https://www.ncbi.nlm.nih.gov/pubmed/40923709
https://doi.org/10.15252/msb.20178126
https://www.ncbi.nlm.nih.gov/pubmed/30104418
https://doi.org/10.1074/mcp.M113.036095
https://www.ncbi.nlm.nih.gov/pubmed/24443746
https://doi.org/10.1093/clinchem/hvac186
https://www.ncbi.nlm.nih.gov/pubmed/36508319
https://doi.org/10.15252/msb.202110240
https://www.ncbi.nlm.nih.gov/pubmed/34432947
https://doi.org/10.1021/pr700758r
https://www.ncbi.nlm.nih.gov/pubmed/18173218
https://doi.org/10.1038/nbt.1511
https://www.ncbi.nlm.nih.gov/pubmed/19029910
https://doi.org/10.1038/nmeth.3901
https://www.ncbi.nlm.nih.gov/pubmed/27348712
https://doi.org/10.1038/nbt.2839
https://www.ncbi.nlm.nih.gov/pubmed/24727771
https://doi.org/10.1093/nar/gkac1040
https://www.ncbi.nlm.nih.gov/pubmed/36370099
https://doi.org/10.1186/1471-2105-13-S16-S5
https://www.ncbi.nlm.nih.gov/pubmed/23176322
https://doi.org/10.1093/bib/bbaa112
https://www.ncbi.nlm.nih.gov/pubmed/32520347
https://doi.org/10.1038/s41598-021-81279-4
https://www.ncbi.nlm.nih.gov/pubmed/33469060
https://doi.org/10.1016/j.clinbiochem.2012.12.003
https://www.ncbi.nlm.nih.gov/pubmed/23246537
https://doi.org/10.1093/bioinformatics/btu305
https://www.ncbi.nlm.nih.gov/pubmed/24794931
https://doi.org/10.1021/acs.analchem.9b04375
https://www.ncbi.nlm.nih.gov/pubmed/32227882
https://doi.org/10.1093/biostatistics/kxj037
https://www.ncbi.nlm.nih.gov/pubmed/16632515
https://doi.org/10.1093/bib/bbw095
https://www.ncbi.nlm.nih.gov/pubmed/27694351
https://doi.org/10.1074/mcp.M113.031591
https://www.ncbi.nlm.nih.gov/pubmed/24942700
https://doi.org/10.1371/journal.pgen.0030161
https://www.ncbi.nlm.nih.gov/pubmed/17907809
https://doi.org/10.1073/pnas.1002425107
https://www.ncbi.nlm.nih.gov/pubmed/20810919
https://doi.org/10.3390/proteomes14030049


Proteomes 2026, 14, 49 26 of 30

146. Lin, M.-H.; Wu, P.-S.; Wong, T.-H.; Lin, I.Y.; Lin, J.; Cox, J.; Yu, S.-H. Benchmarking differential expression, imputation and
quantification methods for proteomics data. Brief. Bioinform. 2022, 23, bbac138. [CrossRef] [PubMed]

147. Ritchie, M.E.; Phipson, B.; Wu, D.; Hu, Y.; Law, C.W.; Shi, W.; Smyth, G.K. limma powers differential expression analyses for
RNA-sequencing and microarray studies. Nucleic Acids Res. 2015, 43, e47. [CrossRef] [PubMed]

148. Niu, L.; Geyer, P.E.; Wewer Albrechtsen, N.J.; Gluud, L.L.; Santos, A.; Doll, S.; Treit, P.V.; Holst, J.J.; Knop, F.K.; Vilsbøll, T.; et al.
Plasma proteome profiling discovers novel proteins associated with non-alcoholic fatty liver disease. Mol. Syst. Biol. 2019, 15,
e8793. [CrossRef] [PubMed]

149. Boel, F.; Akimov, V.; Teuchler, M.; Terkelsen, M.K.; Wernberg, C.W.; Larsen, F.T.; Hallenborg, P.; Lauridsen, M.M.; Krag, A.;
Mandrup, S.; et al. Deep proteome profiling of metabolic dysfunction-associated steatotic liver disease. Commun. Med. 2025, 5, 56.
[CrossRef] [PubMed]

150. Murugesan, S.; Yousif, G.; Djekidel, M.N.; Gentilcore, G.; Grivel, J.C.; Al Khodor, S. Microbial and proteomic signatures of type 2
diabetes in an Arab population. J. Transl. Med. 2024, 22, 1132. [CrossRef] [PubMed]

151. Govaere, O.; Hasoon, M.; Alexander, L.; Cockell, S.; Tiniakos, D.; Ekstedt, M.; Schattenberg, J.M.; Boursier, J.; Bugianesi, E.; Ratziu,
V.; et al. A proteo-transcriptomic map of non-alcoholic fatty liver disease signatures. Nat. Metab. 2023, 5, 572–578. [CrossRef]
[PubMed]

152. Karpievitch, Y.V.; Polpitiya, A.D.; Anderson, G.A.; Smith, R.D.; Dabney, A.R. Liquid Chromatography Mass Spectrometry-Based
Proteomics: Biological and Technological Aspects. Ann. Appl. Stat. 2010, 4, 1797–1823. [CrossRef] [PubMed]

153. Drouard, G.; Hagenbeek, F.A.; Whipp, A.M.; Pool, R.; Hottenga, J.J.; Jansen, R.; Hubers, N.; Afonin, A.; Bios Consortium,
B.-N.L.M.C.; Willemsen, G.; et al. Longitudinal multi-omics study reveals common etiology underlying association between
plasma proteome and BMI trajectories in adolescent and young adult twins. BMC Med. 2023, 21, 508. [CrossRef] [PubMed]

154. Gummesson, A.; Björnson, E.; Fagerberg, L.; Zhong, W.; Tebani, A.; Edfors, F.; Schmidt, C.; Lundqvist, A.; Adiels, M.; Bäckhed,
F.; et al. Longitudinal plasma protein profiling of newly diagnosed type 2 diabetes. EBioMedicine 2021, 63, 103147. [CrossRef]
[PubMed]

155. Vasaikar, S.V.; Savage, A.K.; Gong, Q.; Swanson, E.; Talla, A.; Lord, C.; Heubeck, A.T.; Reading, J.; Graybuck, L.T.; Meijer, P.; et al.
A comprehensive platform for analyzing longitudinal multi-omics data. Nat. Commun. 2023, 14, 1684. [CrossRef] [PubMed]

156. Schattenberg, J.M.; Grønbæk, H.; Kliers, I.; Ladelund, S.; Long, M.T.; Nygård, S.B.; Sanyal, A.J.; Davies, M.J. Proteomic signatures
reflect effects of semaglutide treatment for MASH. JHEP Rep. 2025, 7, 101521. [CrossRef] [PubMed]

157. Madssen, T.S.; Giskeødegård, G.F.; Smilde, A.K.; Westerhuis, J.A. Repeated measures ASCA+ for analysis of longitudinal
intervention studies with multivariate outcome data. PLoS Comput. Biol. 2021, 17, e1009585. [CrossRef] [PubMed]

158. Watson, C.; Geifman, N.; Renehan, A.G. Latent class trajectory modelling: Impact of changes in model specification. Am. J. Transl.
Res. 2022, 14, 7593–7606. [PubMed]

159. Arbeev, K.G.; Bagley, O.; Ukraintseva, S.V.; Kulminski, A.; Stallard, E.; Schwaiger-Haber, M.; Patti, G.J.; Gu, Y.; Yashin, A.I.;
Province, M.A. Methods for joint modelling of longitudinal omics data and time-to-event outcomes: Applications to lysophos-
phatidylcholines in connection to aging and mortality in the Long Life Family Study. medRxiv 2024. [CrossRef] [PubMed]

160. Milacic, M.; Beavers, D.; Conley, P.; Gong, C.; Gillespie, M.; Griss, J.; Haw, R.; Jassal, B.; Matthews, L.; May, B.; et al. The Reactome
Pathway Knowledgebase 2024. Nucleic Acids Res. 2024, 52, D672–D678. [CrossRef] [PubMed]

161. Thomas, P.D.; Ebert, D.; Muruganujan, A.; Mushayahama, T.; Albou, L.-P.; Mi, H. PANTHER: Making genome-scale phylogenetics
accessible to all. Protein Sci. 2022, 31, 8–22. [CrossRef] [PubMed]

162. Szklarczyk, D.; Kirsch, R.; Koutrouli, M.; Nastou, K.; Mehryary, F.; Hachilif, R.; Gable, A.L.; Fang, T.; Doncheva, N.T.; Pyysalo, S.;
et al. The STRING database in 2023: Protein-protein association networks and functional enrichment analyses for any sequenced
genome of interest. Nucleic Acids Res. 2023, 51, D638–D646. [CrossRef] [PubMed]

163. Shannon, P.; Markiel, A.; Ozier, O.; Baliga, N.S.; Wang, J.T.; Ramage, D.; Amin, N.; Schwikowski, B.; Ideker, T. Cytoscape:
A software environment for integrated models of biomolecular interaction networks. Genome Res. 2003, 13, 2498–2504. [CrossRef]
[PubMed]

164. Li, Y.; Yang, H.; Zhang, X.; He, X.; Liuli, A.; Li, R.; Han, X.; Li, Y.; Gao, P. Integrated proteomic and metabolomic profiling identifies
distinct molecular signatures and metabolic pathways associated with obesity and potential targets for anti-obesity therapies.
Front. Endocrinol. 2025, 16, 1625501. [CrossRef] [PubMed]

165. Hruska, P.; Kucera, J.; Pekar, M.; Holéczy, P.; Mazur, M.; Buzga, M.; Kuruczova, D.; Lenart, P.; Fialova Kucerova, J.; Potesil, D.;
et al. Proteomic Signatures of Human Visceral and Subcutaneous Adipocytes. J. Clin. Endocrinol. Metab. 2022, 107, 755–775.
[CrossRef] [PubMed]

166. Atabaki, N.N.; Coral, D.E.; Pomares-Millan, H.; Smith, K.; Behjat, H.H.; Koivula, R.W.; Tura, A.; Miller, H.; Pinnick, K.E.; Agudelo,
L.Z.; et al. A biological-systems-based analysis using proteomic and metabolic network inference reveals mechanistic insights
into hepatic steatosis. Metabolism 2026, 178, 156552. [CrossRef] [PubMed]

167. Shi, Z.; Wen, B.; Gao, Q.; Zhang, B. Feature Selection Methods for Protein Biomarker Discovery from Proteomics or Multiomics
Data. Mol. Cell. Proteom. 2021, 20, 100083. [CrossRef] [PubMed]

https://doi.org/10.3390/proteomes14030049

https://doi.org/10.1093/bib/bbac138
https://www.ncbi.nlm.nih.gov/pubmed/35397162
https://doi.org/10.1093/nar/gkv007
https://www.ncbi.nlm.nih.gov/pubmed/25605792
https://doi.org/10.15252/msb.20188793
https://www.ncbi.nlm.nih.gov/pubmed/30824564
https://doi.org/10.1038/s43856-025-00780-3
https://www.ncbi.nlm.nih.gov/pubmed/40032974
https://doi.org/10.1186/s12967-024-05928-8
https://www.ncbi.nlm.nih.gov/pubmed/39707404
https://doi.org/10.1038/s42255-023-00775-1
https://www.ncbi.nlm.nih.gov/pubmed/37037945
https://doi.org/10.1214/10-AOAS341
https://www.ncbi.nlm.nih.gov/pubmed/21593992
https://doi.org/10.1186/s12916-023-03198-7
https://www.ncbi.nlm.nih.gov/pubmed/38129841
https://doi.org/10.1016/j.ebiom.2020.103147
https://www.ncbi.nlm.nih.gov/pubmed/33279861
https://doi.org/10.1038/s41467-023-37432-w
https://www.ncbi.nlm.nih.gov/pubmed/36973282
https://doi.org/10.1016/j.jhepr.2025.101521
https://www.ncbi.nlm.nih.gov/pubmed/40980163
https://doi.org/10.1371/journal.pcbi.1009585
https://www.ncbi.nlm.nih.gov/pubmed/34752455
https://www.ncbi.nlm.nih.gov/pubmed/36398215
https://doi.org/10.1101/2024.07.29.24311176
https://www.ncbi.nlm.nih.gov/pubmed/39132492
https://doi.org/10.1093/nar/gkad1025
https://www.ncbi.nlm.nih.gov/pubmed/37941124
https://doi.org/10.1002/pro.4218
https://www.ncbi.nlm.nih.gov/pubmed/34717010
https://doi.org/10.1093/nar/gkac1000
https://www.ncbi.nlm.nih.gov/pubmed/36370105
https://doi.org/10.1101/gr.1239303
https://www.ncbi.nlm.nih.gov/pubmed/14597658
https://doi.org/10.3389/fendo.2025.1625501
https://www.ncbi.nlm.nih.gov/pubmed/40822952
https://doi.org/10.1210/clinem/dgab756
https://www.ncbi.nlm.nih.gov/pubmed/34669916
https://doi.org/10.1016/j.metabol.2026.156552
https://www.ncbi.nlm.nih.gov/pubmed/41655955
https://doi.org/10.1016/j.mcpro.2021.100083
https://www.ncbi.nlm.nih.gov/pubmed/33887487
https://doi.org/10.3390/proteomes14030049


Proteomes 2026, 14, 49 27 of 30

168. Wen, F.; Su, Y.; Liu, D.; Wang, Y.; Liu, M. Automated sparse feature selection in high-dimensional proteomics data via 1-bit
compressed sensing and K-Medoids clustering. BMC Bioinform. 2025, 26, 165. [CrossRef] [PubMed]

169. Saeys, Y.; Inza, I.; Larrañaga, P. A review of feature selection techniques in bioinformatics. Bioinformatics 2007, 23, 2507–2517.
[CrossRef] [PubMed]

170. Lai, M.; Dillon, S.T.; Gu, X.; Morhardt, T.L.; Xu, Y.; Chan, N.Y.; Xiong, B.; Can, H.; Ngo, L.H.; Jin, L.; et al. Serum protein risk
stratification score for diagnostic evaluation of metabolic dysfunction-associated steatohepatitis. Hepatol. Commun. 2024, 8, e0586.
[CrossRef] [PubMed]

171. Shi, L.; Westerhuis, J.A.; Rosén, J.; Landberg, R.; Brunius, C. Variable selection and validation in multivariate modelling.
Bioinformatics 2019, 35, 972–980. [CrossRef] [PubMed]

172. Mayne, G.C.; Woods, C.M.; Dharmawardana, N.; Wang, T.; Krishnan, S.; Hodge, J.C.; Foreman, A.; Boase, S.; Carney, A.S.; Sigston,
E.a.W.; et al. Cross validated serum small extracellular vesicle microRNAs for the detection of oropharyngeal squamous cell
carcinoma. J. Transl. Med. 2020, 18, 280. [CrossRef] [PubMed]

173. Lewis, M.J.; Spiliopoulou, A.; Goldmann, K.; Pitzalis, C.; McKeigue, P.; Barnes, M.R. nestedcv: An R package for fast imple-
mentation of nested cross-validation with embedded feature selection designed for transcriptomics and high-dimensional data.
Bioinform. Adv. 2023, 3, vbad048. [CrossRef] [PubMed]

174. Moons, K.G.M.; Wolff, R.F.; Riley, R.D.; Whiting, P.F.; Westwood, M.; Collins, G.S.; Reitsma, J.B.; Kleijnen, J.; Mallett, S. PROBAST:
A Tool to Assess Risk of Bias and Applicability of Prediction Model Studies: Explanation and Elaboration. Ann. Intern. Med. 2019,
170, W1–W33. [CrossRef] [PubMed]

175. Collins, G.S.; Moons, K.G.M.; Dhiman, P.; Riley, R.D.; Beam, A.L.; Van Calster, B.; Ghassemi, M.; Liu, X.; Reitsma, J.B.; van Smeden,
M.; et al. TRIPOD + AI statement: Updated guidance for reporting clinical prediction models that use regression or machine
learning methods. BMJ 2024, 385, e078378. [CrossRef] [PubMed]

176. Nakayasu, E.S.; Gritsenko, M.; Piehowski, P.D.; Gao, Y.; Orton, D.J.; Schepmoes, A.A.; Fillmore, T.L.; Frohnert, B.I.; Rewers, M.;
Krischer, J.P.; et al. Tutorial: Best practices and considerations for mass-spectrometry-based protein biomarker discovery and
validation. Nat. Protoc. 2021, 16, 3737–3760. [CrossRef] [PubMed]

177. Sun, B.B.; Chiou, J.; Traylor, M.; Benner, C.; Hsu, Y.-H.; Richardson, T.G.; Surendran, P.; Mahajan, A.; Robins, C.; Vasquez-Grinnell,
S.G.; et al. Plasma proteomic associations with genetics and health in the UK Biobank. Nature 2023, 622, 329–338. [CrossRef]
[PubMed]

178. Liu, W.; Zhang, J.; Zhang, D.; Zhang, L. Role of circulating inflammatory protein in the development of diabetic renal complica-
tions: Proteome-wide Mendelian randomization and colocalization analyses. Front. Endocrinol. 2024, 15, 1406442. [CrossRef]
[PubMed]

179. Ma, Q.; Cai, Y.; He, C.; Li, Y.; Ning, C.; Zhang, M.; Lu, Z.; Chen, C.; Zong, Y.; Wu, F.; et al. Genetic profiling of the circulating
proteome in common diseases suggests causal proteins and improves risk prediction. Nat. Commun. 2025, 17, 535. [CrossRef]
[PubMed]

180. Zhong, Q.; Zhu, Y.; Tan, Y.; Deng, W.; Wang, C.; Yang, S.; Tong, N. A proteome-wide association study reveals novel plasma
proteins as potential therapeutic targets for metabolic dysfunction-associated steatotic liver disease. Front. Endocrinol. 2025, 16,
1664691. [CrossRef] [PubMed]

181. Verbanck, M.; Chen, C.-Y.; Neale, B.; Do, R. Detection of widespread horizontal pleiotropy in causal relationships inferred from
Mendelian randomization between complex traits and diseases. Nat. Genet. 2018, 50, 693–698. [CrossRef] [PubMed]

182. Li, B.; Hu, P.; Liang, H.; Zhao, X.; Zhang, A.; Xu, Y.; Zhang, B.; Zhang, J. Evaluating the causal effect of circulating proteome
on the risk of inflammatory bowel disease-related traits using Mendelian randomization. Front. Immunol. 2024, 15, 1434369.
[CrossRef] [PubMed]

183. Hasin, Y.; Seldin, M.; Lusis, A. Multi-omics approaches to disease. Genome Biol. 2017, 18, 83. [CrossRef] [PubMed]
184. Eicher, T.; Kinnebrew, G.; Patt, A.; Spencer, K.; Ying, K.; Ma, Q.; Machiraju, R.; Mathé, E.A. Metabolomics and Multi-Omics

Integration: A Survey of Computational Methods and Resources. Metabolites 2020, 10, 202. [CrossRef] [PubMed]
185. Li, W.; Cheng, Y.; Cui, A.; Huang, M.; Huang, Q.; Wang, Q.; Xia, M.; Qiu, J.; Peng, Q.; Li, J.; et al. Multiomics Integration of

Epigenetics, Proteomics, and Metabolomics Identifies Putative Drug Targets and Improves Early Prediction for Diabetes. Diabetes
2025, 74, 2418–2431. [CrossRef] [PubMed]

186. Guo, K.; Lin, H.; Grosser, M.; Zhang, G.; Lu, J. Geno-GCN: A Genome-specific Graph Convolutional Network for Diabetes
Prediction. Annu. Int. Conf. IEEE Eng. Med. Biol. Soc. 2024, 2024, 1–4. [CrossRef] [PubMed]

187. Jiang, W.; Ye, W.; Tan, X.; Bao, Y.-J. Network-based multi-omics integrative analysis methods in drug discovery: A systematic
review. BioData Min. 2025, 18, 27. [CrossRef] [PubMed]

188. Lee, Y.A.; Huang, Y.; Dai, H.; Yuce, T.K.; Shah, V.; Bian, J.; Guo, J. Characterize Disease Progression Subphenotypes in Real
World Populations with Overweight and Obesity using a Graph-based Neural Network Framework. medRxiv 2025. [CrossRef]
[PubMed]

https://doi.org/10.3390/proteomes14030049

https://doi.org/10.1186/s12859-025-06193-2
https://www.ncbi.nlm.nih.gov/pubmed/40597613
https://doi.org/10.1093/bioinformatics/btm344
https://www.ncbi.nlm.nih.gov/pubmed/17720704
https://doi.org/10.1097/HC9.0000000000000586
https://www.ncbi.nlm.nih.gov/pubmed/39621304
https://doi.org/10.1093/bioinformatics/bty710
https://www.ncbi.nlm.nih.gov/pubmed/30165467
https://doi.org/10.1186/s12967-020-02446-1
https://www.ncbi.nlm.nih.gov/pubmed/32650803
https://doi.org/10.1093/bioadv/vbad048
https://www.ncbi.nlm.nih.gov/pubmed/37113250
https://doi.org/10.7326/M18-1377
https://www.ncbi.nlm.nih.gov/pubmed/30596876
https://doi.org/10.1136/bmj-2023-078378
https://www.ncbi.nlm.nih.gov/pubmed/38626948
https://doi.org/10.1038/s41596-021-00566-6
https://www.ncbi.nlm.nih.gov/pubmed/34244696
https://doi.org/10.1038/s41586-023-06592-6
https://www.ncbi.nlm.nih.gov/pubmed/37794186
https://doi.org/10.3389/fendo.2024.1406442
https://www.ncbi.nlm.nih.gov/pubmed/39040677
https://doi.org/10.1038/s41467-025-67238-x
https://www.ncbi.nlm.nih.gov/pubmed/41387722
https://doi.org/10.3389/fendo.2025.1664691
https://www.ncbi.nlm.nih.gov/pubmed/41180196
https://doi.org/10.1038/s41588-018-0099-7
https://www.ncbi.nlm.nih.gov/pubmed/29686387
https://doi.org/10.3389/fimmu.2024.1434369
https://www.ncbi.nlm.nih.gov/pubmed/39144148
https://doi.org/10.1186/s13059-017-1215-1
https://www.ncbi.nlm.nih.gov/pubmed/28476144
https://doi.org/10.3390/metabo10050202
https://www.ncbi.nlm.nih.gov/pubmed/32429287
https://doi.org/10.2337/db25-0354
https://www.ncbi.nlm.nih.gov/pubmed/40938633
https://doi.org/10.1109/EMBC53108.2024.10782451
https://www.ncbi.nlm.nih.gov/pubmed/40039720
https://doi.org/10.1186/s13040-025-00442-z
https://www.ncbi.nlm.nih.gov/pubmed/40155979
https://doi.org/10.1101/2025.11.10.25339913
https://www.ncbi.nlm.nih.gov/pubmed/41292627
https://doi.org/10.3390/proteomes14030049


Proteomes 2026, 14, 49 28 of 30

189. Kim, S.Y.; Wang, S.; Sohn, K.-A.; Choe, E.K. Semi-Supervised Fatty Liver Classification Using Attention-Based Graph Neural
Network Models. J. Korean Med. Sci. 2026, 41, e30. [CrossRef] [PubMed]

190. Huang, X.; Ang, A.; Huang, K.; Zhang, J.; Wang, Y. Inhomogeneous graph trend filtering via a l2,0 -norm cardinality penalty.
IEEE Trans. Signal Inf. Process Netw. 2025, 11, 353–365. [CrossRef] [PubMed]

191. Addona, T.A.; Abbatiello, S.E.; Schilling, B.; Skates, S.J.; Mani, D.R.; Bunk, D.M.; Spiegelman, C.H.; Zimmerman, L.J.; Ham,
A.-J.L.; Keshishian, H.; et al. Multi-site assessment of the precision and reproducibility of multiple reaction monitoring–based
measurements of proteins in plasma. Nat. Biotechnol. 2009, 27, 633–641. [CrossRef] [PubMed]

192. Röst, H.L.; Rosenberger, G.; Navarro, P.; Gillet, L.; Miladinović, S.M.; Schubert, O.T.; Wolski, W.; Collins, B.C.; Malmström, J.;
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