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Multi-omics signatures of
chronic inflammation across
iImmune-related disease states

Hui Li", Xiaolin Xie', Lirui Tang', Chuanben Chen* and Jinluan Li*

Department of Radiation Oncology, Clinical Oncology School of Fujian Medical University, Fujian
Cancer Hospital, Fujian, China

Introduction: Chronic inflammation and immune cell communication underpin a
wide range of chronic diseases, yet population-scale maps integrating systemic
inflammatory, metabolic and proteomic signals across multiple disease states
are scarce.

Methods: Using UK Biobank, we classified participants into six baseline groups—
healthy controls, cancer, autoimmune, infectious, metabolic diseases, and
multiple comorbidities. We profiled clinical and hematological indices, NMR-
based metabolites and Olink proteomics, and trained four multi-class deep
learning models (clinical/inflammatory only; +NMR; +Olink; three-tower multi-
omics) with 10-fold cross-validation. Out-of-fold predicted probabilities were
combined in a stacking meta-model to derive machine-learning risk scores for
“any chronic disease.” Shapley value analyses were used to identify key features
reflecting systemic immune and metabolic communication. Cause-specific
cumulative incidence and Fine—Gray competing-risks models evaluated
associations between these risk scores and cancer-related and non-cancer
mortality, adjusting for conventional risk factors. To provide biological validation
of model-prioritized immune mediators (BAFF [TNFSF13B], GDF15, IL-15 and
CD276), we performed in vitro stimulation of healthy-donor PBMCs by ELISA,
flow cytometry, and gPCR.

Results: We observed pronounced and pathway-specific heterogeneity of
inflammatory markers, lipid-related metabolites and immune—inflammatory
proteins across disease groups. Omics-augmented deep learning models
outperformed the clinical-only model, and the stacking ensemble achieved the
best accuracy, macro-F1 and multi-class AUC. Machine-learning—derived risk
scores showed monotonic gradients in cancer and other-cause death and
remained independently associated with several cause-specific outcomes. In
vitro validation supported myeloid inflammatory inducibility of model-
highlighted mediators.

Conclusions: By integrating multi-omics deep learning with competing-risks
modelling, this study decodes population-level immune—metabolic
communication patterns across chronic disease states, linking shared inflammatory
and proteomic signatures to long-term mortality and providing a quantitative
framework to support future, mechanism-focused and immunologically informed
risk stratification.
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FIGURE 4

Olink proteomics differences across disease groups. (A) Heatmap of the top 80 significant differential proteins (FDR < 0.05) between five disease
groups and the Control group. (B) Bubble plot showing GO enrichment of differential Olink proteins, with the top 10 enriched pathways displayed
for each disease group compared to Control. (C) Volcano plots illustrating the adjusted effect of differential Olink proteins for each disease group
compared to the Control group. (D) Sankey plot showing the relationships between disease groups, top 10 differential Olink proteins, and associated
pathways. (E) Protein-protein interaction network of the top 50 significant Olink proteins, with the degree of interaction and dominance of disease
groups displayed. (F) Heatmap summarizing z-scored abundance patterns of proteins grouped into six k-means protein feature clusters (Cluster 1-
6). (G) PCA and UMAP visualization of z-scored Olink proteins (z-scaled), colored by six identified clusters. (H) Stacked bar chart descriptively
summarizing the cluster composition by baseline disease group as a post hoc characterization. AD, autoimmune disease; ID Infectious Disease; MD,
metabolic disease; FDR, false discovery rate; GO, Gene Ontology; FDR, false discovery rate; PCA, Principal Component Analysis; UMAP, Uniform

Manifold Approximation and Projection.

three-tower model outputs for MD and Cancer, carried the largest
weights, suggesting that these signals act as key anchors in the final
decision (Figure 5C). Shapley-value—based interpretation of the
stacking-derived risk score identified the top 50 contributing
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features across clinical/inflammatory markers, NMR metabolites,
and Olink proteins. Age, BMI, CRP, and several blood cell indices
were among the leading clinical and inflammatory contributors;
lipoprotein and lipid-related NMR metabolites (multiple HDL,
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FIGURE 5

Performance of deep learning and stacking models for multi-disease classification. (A) Heatmap showing accuracy, macro-average F1, and multi-

class AUC (mAUC) for five models: Model 1 (clinical + inflammatory m

arkers), Model 2 (clinical + inflammatory markers + NMR metabolites), Model 3

(clinical + inflammatory markers + Olink proteins), Model 4 (three-tower multi-omics model), and Model 5 (stacking meta-model integrating Models

1—-4). (B) One-versus-rest ROC curves of the stacking meta-model ac

ross six outcome classes, with AUC values indicated in the legend. (C) Scaled

importance of base-model class-specific probabilities used as meta-features in the multinomial stacking model. (D) Radar plots summarizing

accuracy, macro-F1, and mAUC for each individual model. (E) Normal

ized confusion matrix of the stacking model showing predicted versus true

classes. (F) Precision—recall curves of the stacking model for each disease class. (G) Calibration curve of the stacking model comparing mean

predicted probability with observed accuracy across deciles of predict

ed risk. (H) SHAP beeswarm plot displaying the contribution of the top 50

multi-omics features to the stacking model risk prediction, colored by data type (clinical/inflammatory, NMR metabolites, and Olink proteins). AD,
autoimmune disease; ID, infectious disease; MD, metabolic disease; mAUC, multi-class area under the ROC curve; PR, precision—recall; SHAP,

Shapley additive explanations; NMR, nuclear magnetic resonance.

Frontiers in Immunology

10 frontiersin.org


https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Li et al.

LDL, and triglyceride fractions) played major roles in differentiating
disease patterns; and proteins such as GDF15, CD276, and
TNFSF13B, involved in immune and inflammatory pathways,
ranked highly among proteomic predictors (Figure 5H). Together,
these findings indicate that multi-omics deep learning combined
with stacking not only improves multi-class classification
performance but also delineates the layered contributions of
diverse biomarkers, providing a quantitative basis for subsequent
mechanistic analyses and risk stratification.

3.6 Fine—gray models and ML-derived risk
scores

To characterize long-term cause-specific mortality, we applied
Fine—Gray competing risks models. In the overall cohort, the
cumulative incidence of cancer-related death increased rapidly
early during follow-up and remained the highest across the entire
period, whereas AD-, ID-, and MD-related deaths showed much
lower cumulative risks (Figure 6A). At fixed time points of 60 and
120 months, cause-specific cumulative incidences further
confirmed that Cancer and Multiple groups had the greatest
burden of cancer mortality, whereas the MD group showed
progressively increased risks of metabolic/cardiovascular and
other-cause deaths (Figure 6B). In Fine—~Gray models including
only conventional risk factors, older age, former or current smoking
and higher deprivation were associated with increased
subdistribution hazard for several causes of death, while higher
BMI showed neutral or mildly protective effects for some outcomes
(Figures 6C, D). We then incorporated the standardized multi-
disease risk scores derived from deep-learning Models 1-3 as
composite covariates. Outcome composition across quintiles of
each ML risk score showed that, from Q1 to Q5, the proportions
of cancer and other-cause deaths increased monotonically, whereas
the proportion of censored individuals decreased, indicating that
ML-derived scores effectively stratified long-term mortality risk
(Figure 6G). Cause-specific distributions of the scores further
demonstrated that individuals who died from cancer consistently
had the highest ML risk across all three models, followed by AD and
MD deaths, whereas censored and non-fatal events clustered in the
low-risk range (Figure 6H). In extended Fine-Gray models
including the ML risk scores, all three models showed robust
positive associations with multiple causes of death, with
subdistribution hazard ratios largely between 1.3 and 1.8 and the
strongest effects for cancer and other-cause mortality (Figures 6E,
F). These findings suggest that deep-learning—integrated multi-
omics signatures provide additional prognostic value for long-
term survival and the distribution of causes of death beyond
traditional risk factors.

3.7 Experimental validation of model-
identified mediators

To biologically validate key mediators highlighted by the multi-
omics stacking framework, we stimulated PBMC cultures with
inflammatory cues and quantified BAFF, GDF15, and IL-15 at the
protein level and TNFSF13B, GDF15, IL15, and CD276 at the
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transcript level (Figures 7A, C). Across conditions, LPS-based
stimulation produced the most consistent induction of all three
secreted mediators, with the combined LPS+IFN-g condition
yielding the highest concentrations for BAFF, GDF15, and IL-15
(Figure 7A). Poly(I:C) and IFN-g alone showed intermediate
upregulation patterns, whereas IL-4 exerted comparatively modest
effects. Concordantly, gPCR measurements demonstrated
significant increases of TNFSF13B, GDF15, and IL15 transcripts
under LPS and LPS+IFN-g stimulation, mirroring the protein-level
directionality (Figure 7C). For the surface immune checkpoint
CD276, flow cytometry within CD45"CD14" monocytes revealed
a clear rightward shift of CD276 signal following LPS exposure
relative to control, indicating increased surface expression at the
myeloid compartment (Figure 7B). Consistent with these flow
findings, CD276 transcript levels were also elevated in LPS-driven
conditions, with the strongest induction observed in the LPS+IFN-g
group (Figure 7C).

4 Discussion

In this large, deeply phenotyped UK Biobank cohort, we
integrated clinical characteristics, inflammation and hematological
indices, NMR-based metabolomics, and Olink proteomics to
delineate an immune-related multi-disease spectrum and to build
data-driven risk—prediction models across six chronic disease states.
Our findings show that systemic inflammation, lipid and amino
acid metabolism, and immune-related proteomic signals jointly
shape disease-specific and shared patterns, and that multi-omics
deep learning combined with stacking and competing-risks
modelling can translate these patterns into clinically interpretable
risk strata for both disease classification and long-term cause-
specific mortality.

Our multi-layer analyses highlight pronounced heterogeneity of
inflammatory, metabolic, and proteomic profiles across the
immune-related disease spectrum, extending prior evidence from
single-disease or organ-specific cohorts. Deng et al. recently
reported that diverse cardiometabolic, inflammatory, and
malignant phenotypes share partially overlapping but disease-
specific protein signatures, particularly within immune and
vascular pathways (7). Similar large-scale proteomic efforts have
demonstrated that thousands of circulating proteins are
systematically associated with cardiometabolic, autoimmune, and
oncologic outcomes, underscoring the concept of a shared
“immune—-metabolic hub” linking chronic inflammation to
multimorbidity (31-33). In our study, cancer and autoimmune
disease groups were characterized by consistently elevated CRP,
WBC, lipid-related metabolites, and inflammation-related proteins
such as GDF15 and CD276, whereas metabolic and multiple-disease
groups showed more complex patterns with coexisting
inflammatory activation and hematologic perturbations (34-36).
These observations echo recent multi-omics work showing that
multimorbidity clusters and disease trajectories are strongly shaped
by systemic inflammatory tone and lipid metabolism, but we
additionally reveal that distinct combinations of NMR-defined
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FIGURE 6

Cause-specific competing risks and integration of ML-derived risk scores. (A) Left: overall cumulative incidence functions for cancer, AD, ID, MD
and other-cause death. Right: cause-specific cumulative incidence functions stratified by baseline disease group (Control, Cancer, AD, ID, MD,
Multiple). (B) Bar plots showing 60-month and 120-month cause-specific cumulative incidence by baseline disease group. (C) Cause-specific
Fine—Gray models including age, sex, BMI, smoking status, and Townsend index, presented as forest plots of subdistribution hazard ratios (sHR)
on a log scale for each cause of death. (D) Alternative lollipop representation of the same cause-specific Fine—Gray models, highlighting the
direction and magnitude of associations across causes. (E) Heatmap of sHRs for machine-learning—derived risk scores from Models 1—3 across
different causes of death. (F) Forest plot of Fine—Gray sHRs for ML-derived risk scores, summarizing their effects on cancer, AD, ID, MD and
other-cause mortality. (G) Heatmaps showing the composition of outcomes (cancer death, AD death, ID death, MD death, other-cause death,
censoring) across quintiles of ML risk scores from Models 1—3. (H) Ridge density plots of standardized ML-derived risk scores by event type for
each model, illustrating separation of risk distributions between survivors and different causes of death. AD, autoimmune disease; ID, infectious
disease; MD, metabolic disease; CIF, cumulative incidence function; sHR, subdistribution hazard ratio; ML, machine learning.
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FIGURE 7

In vitro biological validation of model-prioritized immune mediators. (A) ELISA quantification of BAFF (TNFSF13B), GDF15, and IL-15 in culture
supernatants under indicated stimulation conditions. (B) Flow cytometry gating strategy and representative overlays showing increased CD276
expression on CD45"CD14"* monocytes following LPS stimulation relative to control. (C) gPCR validation of TNFSF13B, GDF15, IL15, and CD276
transcripts under indicated stimulation conditions, reported as relative expression versus control. PBMC, peripheral blood mononuclear cell; IFN-g,
interferon gamma. *: p<0.05, **: p<0.01, ***: p<0.001, ****: p<0.0001, ns: p>0.05.

lipid subclasses and proteomic immune markers help differentiate
cancer-, autoimmune-, infection-, and metabolic-dominant states
within a unified framework (37-40).

From a modelling perspective, our multi-tower deep learning
and stacking framework illustrates how heterogeneous information
from clinical, NMR, and proteomic layers can be efficiently fused to
improve multi-disease classification. Conventional machine
learning models and single-modality deep networks have achieved
promising performance in predicting individual diseases from
electronic health records or omics panels, but they often treat
each outcome in isolation and underutilize cross-disease structure
(41-43). Recent works have advocated multi-task or multi-modal
architectures for joint disease prediction, yet most applications
remain limited to pairs of related phenotypes or to small sample
sizes (44-46). Our stacking framework yielded an overall
improvement over the baseline model and demonstrated stronger
class-wise performance in MD/Multiple/Control based on per-class
ROC/PR and confusion-matrix analyses. Notably, macro-F1 is the
unweighted average of per-class F1 scores and therefore can be
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conservative under class imbalance, as it penalizes underperforming
minority or harder-to-separate classes; thus, it should be interpreted
alongside class-specific metrics. This pattern is consistent with
recent multi-omics integration studies, where ensemble or
hierarchical architectures were shown to outperform any single
data block, particularly for complex, overlapping phenotypes such
as cardiometabolic—inflammatory multimorbidity (24, 47, 48).
Importantly, by combining tower-specific Shapley value analysis
with the meta-learner, we were able to decompose the contribution
of clinical, metabolic, and proteomic signals to each disease class,
providing a transparent link between abstract deep-learning
features and interpretable biomarkers that is often missing in
earlier deep learning applications.

Machine learning—derived risk scores in this study extended the
cross-sectional disease classification into a longitudinal framework
of cause-specific mortality. Across all three ML risk scores, we
observed a clear monotonic gradient in the cumulative incidence of
cancer and other-cause death from the lowest to the highest risk
quintiles, and these associations remained robust after adjustment
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for age, sex, adiposity, smoking, and deprivation in Fine-Gray
models. This pattern is consistent with the growing literature
showing that data-driven risk scores derived from high-
dimensional clinical or omics data can capture multi-system
vulnerability and improve prediction of all-cause and cause-
specific mortality beyond traditional risk factors (34, 49-51).
Recent works have emphasized that modern survival models,
including penalized regression, tree-based ensembles, and deep
neural networks, are particularly suited to modeling complex,
competing-risks endpoints in large cohorts (52-54). Our results
complement these advances by demonstrating that ML-derived risk
scores summarizing chronic disease burden at baseline are strongly
and consistently associated with both cancer and non-cancer death,
suggesting that latent multi-organ dysfunction and immune-
metabolic dysregulation, as encoded in the risk scores, translate
into long-term excess mortality risk.

Our work is also closely aligned with, but extends beyond, prior
multi-omics and machine-learning studies that have largely focused
on single cancer types or organ-specific outcomes. Gillette et al.
summarized how integrating genomics, transcriptomics, and
proteomics with ML algorithms can refine lung cancer
prognostication, yet most existing models were disease-specific
and built within relatively narrow clinical contexts (10). Recent
cancer-oriented frameworks, such as stacked multi-omics fusion
networks for survival in breast cancer, have shown that hierarchical
or stacked architectures can outperform single-modality models by
capturing complementary information across data layers (17, 21,
55, 56). In parallel, proteogenomic consortia have demonstrated
that integrating proteomics with genomic and transcriptomic data
can reveal clinically meaningful subtypes and therapeutic
vulnerabilities in hepatocellular carcinoma and other solid
tumors, underscoring the biological value of multi-layer data
integration (57). Complementing these disease-specific efforts,
methodological reviews in high-dimensional survival analysis and
Al-driven precision oncology have emphasized that model
architectures, regularization strategies, and ensemble schemes
critically shape performance and generalizability in multi-omics
prediction tasks. Against this backdrop, our study differs in two key
aspects: first, it operationalizes a unified multi-disease framework
spanning cancer, autoimmune, infectious, metabolic, and
multimorbid states rather than a single index disease; second, it
combines tower-based deep learning with stacking at the
probability level to derive a generic “chronic disease burden”
score that remains prognostically informative for multiple
competing causes of death. Together, these extensions position
our work as a bridge between organ-specific multi-omics
modeling and population-level, cross-disease risk stratification.

A central concern for population-scale computational omics is
whether the learned signatures reflect biologically inducible programs
rather than cohort-specific artifacts. We therefore added an
orthogonal in vitro validation layer targeting four interpretable
mediators (GDF15, BAFF/TNFSF13B, IL-15, and CD276)
prioritized by the stacking model. Under canonical inflammatory
activation, particularly LPS and LPS+IFN-g, we observed coordinated
induction at both secreted-protein and transcript levels, together with
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increased surface CD276 on CD14" myeloid cells. This pattern is
consistent with the view that chronic inflammation is not a uniform
“common soil,” but an ensemble of stimulus-conditioned
communication states in which myeloid compartments act as
amplifiers and translators of systemic cues (58—63). Notably, recent
plasma-proteome resources from the UK Biobank have
demonstrated that inflammatory and immune-regulatory proteins
encode reproducible, trait-linked axes at population scale, enabling
mechanistic hypothesis generation from observational proteomics
(7). Our validation extends this paradigm by showing that selected,
model-prioritized mediators are experimentally inducible in a
myeloid-inflammatory context, thereby strengthening the
evidentiary bridge between computational stratification and
immune cell communication biology.

Several strengths and limitations of our work merit consideration.
Leveraging the scale and depth of the UK Biobank, we jointly
analyzed clinical phenotypes, inflammation-related hematological
markers, NMR metabolomics, and Olink proteomics within a
harmonized disease spectrum, and combined tower-based deep
learning, stacking ensembles, and competing-risks regression in a
single analytic pipeline. This design allowed us to move from
descriptive cross-sectional comparisons to multi-class disease
recognition and finally to cause-specific mortality prediction within
one coherent framework. Nonetheless, key caveats remain. First,
although UK Biobank offers unparalleled sample size and data
richness, its volunteer nature and predominantly European ancestry
limit immediate generalizability to more diverse populations. Second,
despite extensive adjustment, residual confounding and indication
bias cannot be fully excluded, particularly for participants with
complex multimorbidity. Third, the deep learning and stacking
models (multi-tower architecture reduces effective sample size and
event counts), while relatively stable in cross-validation, were trained
and evaluated within a single cohort. Given the UK Biobank’s
relatively constrained geographic setting and the comparatively
concentrated recruitment period, a geographic- or time-split
validation would be expected to offer limited incremental benefit
while further reducing the number of minority-class samples in the
held-out set. Therefore, we used stratified 10-fold cross-validation and
reported multiple complementary metrics (e.g., per-class ROC/PR,
confusion matrices, calibration) to comprehensively assess model
performance. External validation in independent biobanks or
healthcare systems will be essential before clinical deployment.
Future work should therefore prioritize: validating and recalibrating
the ML risk scores in ethnically and clinically diverse cohorts;
integrating additional data layers such as imaging, longitudinal
trajectories, and genomics to further dissect mechanisms; and
embedding these models in decision-support tools that can
dynamically inform prevention, surveillance, and treatment strategies.

5 Conclusions

In this large UK Biobank cohort, we used multi-omics deep
learning and competing-risk modelling to decode how systemic
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inflammatory, metabolic and proteomic signatures jointly organize
across cancer, autoimmune, infectious and metabolic diseases. By
integrating clinical and hematological indices with NMR
metabolites and Olink immune-related proteins in multi-tower
networks and a stacking ensemble, we derived machine-learning
risk scores that capture shared axes of chronic inflammation and
immune communication across disease states. These scores were
strongly and independently associated with cancer-related and
other cause-specific mortality beyond traditional risk factors, and
were driven by coherent clusters of cytokines, myeloid and
lymphoid markers, and lipid-related metabolites. Importantly, we
complemented population-scale computation with in vitro
biological validation: inflammatory stimulation of healthy-donor
PBMCs induced BAFF/TNFSF13B, GDF15 and IL-15 secretion and
transcription, and increased CD276 on CD14" monocytes,
supporting the myeloid inflammatory inducibility of model-
highlighted mediators. Together, our findings outline a
population-scale map of chronic immune-metabolic
communication that links disease clustering with long-term
outcomes and may guide future mechanism-oriented and
precision immunomodulatory strategies.
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