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Abstract
Biological processes arise from complex interactions across mul-
tiple molecular layers, yet bridging the gap between disparate
omics data types remains a significant challenge. This paper in-
troduces MetabOmics, a comprehensive metabolism-oriented inte-
grated multi-omics analysis method structurally designed to accom-
modate genomics, transcriptomics, proteomics, and metabolomics
datasets. Our methodology centers on the construction of an in-
tegrated multi-omic interaction network that incorporates a wide
range of biological interactions, including gene expression, transla-
tion, transcription factor activity, and post-transcriptional regula-
tion via microRNAs. To capture the cascading effects of molecular
changes, we map measured biological entities onto this network
and utilize information diffusion models, such as Linear Thresh-
old Diffusion, to propagate fold-changes throughout the system.
These propagated measurements are then used to update the lower
and upper bounds of metabolic reactions within a genome-scale
metabolic model in a personalized manner. Finally, we apply an
extended metabolic flux analysis algorithm to compute reaction
and pathway differentiation scores.

To demonstrate the empirical efficacy of this framework, we eval-
uated our approach using paired transcriptomics and metabolomics
data across six different cancer cohorts. To further validate the
framework’s capacity for deep multi-omics integration, we ad-
ditionally applied MetabOmics to the MayoRNASeq Progressive
Supranuclear Palsy (PSP) cohort, successfully integrating transcrip-
tomics, metabolomics, and proteomics. Our results demonstrate
that our network-based integration achieves highly competitive
classification performance compared to unconstrained multi-omics
baselines, and significantly outperforms single-omics approaches.
Crucially, we quantitatively establish that MetabOmics produces
vastly more stable and biologically concordant feature selections;
it achieves robust literature concordance across all evaluated co-
horts, whereas simple data concatenation frequently fails to identify
disease-relevant pathways.
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1 Introduction
Biological processes and functions arise from the interactions of
tens of thousands of molecules, making them inherently complex.
The advent of big data and high-throughput technologies in the area
of biological sciences has ushered in an era of unprecedented oppor-
tunities and challenges. A key concern is how to effectively connect
multiple disparate omic data types to attain a comprehensive un-
derstanding of the intricate biological functions operating within
organisms. The Big Data to Knowledge (BD2K) grand challenge
highlights the need to integrate diverse data types into a cohe-
sive, biologically meaningful structure[4]. The remarkable progress
in omics technologies, spanning genomics, transcriptomics, pro-
teomics, metabolomics, and more, has enabled researchers to quan-
titatively track changes in biological processes with unparalleled
detail. Despite these advancements, bridging the gap between dif-
ferent omics data types and linking them to the phenotypic charac-
teristics of organisms remains an elusive task.

Using metabolic models as frameworks for analyzing high-
throughput data—such as transcriptomics, proteomics, and
metabolomics—allows for the identification of condition-dependent
shifts in an organism’s metabolic activity. One of the significant
challenges in metabolic network modeling is developing computa-
tional methods that can predict metabolic flux by integrating these
diverse data sources.

Previous studies have utilized Constraint-Based Modeling (CBM)
to qualitatively combine high-throughput molecular datasets with
metabolic networks. For example, Åkesson et al. (2004) and Becker
and Palsson (2008) used gene expression data to identify genes that
are absent or likely absent in specific contexts, aiming to uncover
metabolic states that hinder or minimize flux through related re-
actions. Additionally, Shlomi et al. (2008) integrated data on genes
with both low and high expression levels to determine the proba-
bility of associated reactions carrying metabolic flux.
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While metabolomics adds an extra layer of information known
as metabolic regulation, transcriptomics and proteomics provide
valuable insights into the hierarchical regulation of metabolic flux,
which represents the control over enzyme activity.

The presence of extensive multi-omics data has prompted the
development of diverse methodologies and algorithms for their
integrated analysis. Existing multi-omics methodologies generally
fall into data concatenation [19], correlation-based analysis [13],
multivariate techniques like PLS [8], pathway-based mappings [25],
and network-based approaches [24]. More recently, deep learning
architectures, such as multi-omics variational autoencoders, have
emerged to capture complex non-linear relationships across layers
[1, 28]. While purely data-driven integration methods (e.g., deep
learning, data concatenation) achieve high predictive performance,
they operate as ’black boxes’ lacking mechanistic interpretability.
MetabOmics addresses this by acting as a biological regularizer, con-
straining omics features within a genome-scale metabolic model.

In this paper, we present a novel metabolism-oriented integrated
multi-omics data analysis method that addresses these gaps by
constructing an interaction network based on genomics, transcrip-
tomics, proteomics, and metabolomics data. Initially, we map the
measured omics entities such as genes, proteins, and metabolites
onto this network and compute fold-changes to quantify the impact
of different conditions. We then propagate these changes through
the network using information diffusion models. To personalize
the analysis, we introduce a flux variability analysis tailored to in-
dividual variability in metabolic reactions, enabling us to adjust the
metabolic bounds in response to propagated changes. To robustly
evaluate this framework, first, we present an extensive pan-cancer
analysis integrating transcriptomics and metabolomics data. Sec-
ond, we incorporated a third layer (proteomics) using a Progressive
Supranuclear Palsy cohort.

2 Methods
In this section, we describe our methods that entail (i) constructing
a global interaction network, (ii) propagating the omics measure-
ments over this network to the metabolism, and (iii) computing the
metabolic changes. An overarching end-to-end flowchart of our
proposed pipeline is illustrated in Figure 1.

2.1 Constructing an integrated multi-omic
network

We build an integrated multi-omic network that supports major
genomic interactions such as expression, translation, transcrip-
tion factors, post-transcriptional regulation (e.g., through miRNAs),
metabolic interactions, etc. The nodes in the network represent var-
ious genomic entities such as genes, proteins, transcription factors,
miRNAs, metabolites, and reactions. The edges represent differ-
ent types of interactions between these entities, including gene
expression regulation, protein-protein interactions, transcriptional
regulation by transcription factors, post-transcriptional regulation
by miRNAs, metabolite production and subsumption in biochemical
reactions, etc. By using Recon3D[5], the metabolites are added as
node and these nodes connect the metabolites to reactions depend-
ing on whether produced or consumed.

2.2 Propagation of Multi-Omics Measurements
Information diffusion and randomwalk models are well-established
in systems biology for uncovering complex molecular mechanisms.
For example, Random Walk with Restart (RWR) algorithms are
widely used for disease-gene prioritization [16], while heat diffu-
sion models like HotNet and HotNet2 identify significantly mutated
subnetworks in cancer [15]. Furthermore, methods such as TieDIE
utilize network diffusion to effectively connect genomic perturba-
tions to transcriptional changes [17]. Building upon the proven
ability of these algorithms to capture cascading downstream ef-
fects across biological networks, our framework employs diffusion
models to propagate multi-omics fold-changes across an integrated
interaction network.

2.2.1 Selecting diffusion model. We employ the Linear Threshold
Model for the diffusion process.

• Any node that has a measurement is considered active ini-
tially, and all the remaining ones are considered to be inac-
tive.

• At each time step, consider an individual 𝑖 who is in the
inactive state. Let 𝜃𝑖 , a value between 0 and 1, represent the
threshold value for 𝑖 . The state of 𝑖 will switch to active if
the proportion of its neighbors who are in the active state
meets or exceeds 𝜃𝑖 .

𝐼𝑖 =

∑
𝑤∈N(𝑖 ) 𝑏𝑤,𝑖 · 𝑥𝑤∑

𝑤∈N(𝑖 ) 𝑏𝑤,𝑖
(1)

Where 𝐼𝑖 is the total influence value, 𝑏𝑤,𝑖 is the weight of the edge
between 𝑖 and its neighbor𝑤 , 𝑥𝑤 is the node state (active or inactive,
𝑥𝑤 ∈ {0, 1}), andN(𝑖) is the set of neighbors of node 𝑖 . The diffusion
process finishes when the number of active individuals becomes
stable [30].

2.3 Predicting the value of a new active node
We predict the value of new active nodes using information diffu-
sion. While we evaluated four approaches (i.e., Sum, Max, Mean,
and Linear Threshold diffusion—Supplementary Section S8), Max
Diffusion yielded the most robust empirical performance. In the
Max Diffusion model, the value of a node 𝑛 is is the maximum
weighted value among its activator neighbors minus the maximum
weighted value among its repressor neighbors.

val(𝑛) = max
𝑎∈A(𝑛)

{𝑤𝑛,𝑎 · val(𝑎)} − max
𝑟 ∈R(𝑛)

{𝑤𝑛,𝑟 · val(𝑟 )} (2)

Where val(𝑛) is the predicted value of node 𝑛; A(𝑛) and R(𝑛) are
the sets of activator and repressor neighbors of node 𝑛;𝑤𝑛,𝑟 is the
weight of the edge between nodes 𝑛 and 𝑟 ; and val(𝑎) or val(𝑟 )
represent the values of those active neighbors.

2.4 Setting Reaction Flux Bounds
The diffusion process operates as follows: if there is an experimental
result for a node, then the diffused value of the node is set to
that measured value, and it does not change during the diffusion
process. Otherwise, the value of the node is estimated according to
its neighbors, and the propagation continues based on that value.
The distinction between experimentally determined and propagated
values allows the framework to maintain flexibility and robustness



MetabOmics: Metabolism-Oriented Omics Data Integration BCB ’26, June 30–July 03, 2026, Rende (CS), Italy

Phase 1: Network & Mapping

Output

Phase 3: GSMM

Phase 2: Propagation

Inputs

Transcriptomics

Metabolomics

Databases: TRRUST, miRTarBase,
Recon3D

1. Network Construction

2. Mapping Nodes

3. Fold-Changes

4. Information DiffusionLinear Threshold, Sum, Max, Mean

5. Update Bounds 6. Personalized FVA

Diff Scores Classification

Data Normalization

Name Mapping

Figure 1: End-to-end workflow of the MetabOmics pipeline. Phase 1: Construction of the interaction network and mapping
of measured omics entities. Phase 2: Propagation of multi-omics fold-changes via information diffusion models. Phase 3:
Personalized metabolic integration and flux variability analysis to compute final differential scores.

in scenarios where empirical data might be sparse or incomplete.
This ensures that the diffusion process can still proceed and that
nodes without direct experimental data can be inferred through the
network’s diffusion dynamics.

As the network diffusion reaches its final stage, we evaluate the
gene reaction rules (see Figure 1, Phase 3). Based on the diffused
values, we then adjust the lower and upper bounds of the reactions
in the genome-scale metabolic network model to reflect the inferred
biological states. When the diffused value of a node is positive, the
lower bound of the corresponding reaction is increased proportion-
ally to the magnitude of the positive diffused value. Conversely,
when the diffused value of a node is negative, both the lower and
upper bounds of the reaction are reduced proportionally.

2.5 Configuring Personalized Objective Func.
We configure a personalized objective function by integrating
patient-specific metabolomics data [6]. In particular, individual-
specific reaction weights are computed based on metabolite fold-
changes:

𝐶
(𝑖 )
𝑟 =

∑︁
𝑚∈𝑀𝑝𝑟𝑜𝑑

𝑟

mfc(𝑖 )𝑚 ·
𝑆𝑚,𝑟∑

𝑟 ′∈𝑃𝑚 |𝑆𝑚,𝑟 ′ |

where𝑚𝑓 𝑐
(𝑖 )
𝑚 is the fold change for metabolite𝑚, 𝑃𝑚 is the set of

reactions producing metabolite𝑚, 𝑆𝑚,𝑟 is the stoichiometric coeff.
of metabolite𝑚 in reaction 𝑟 , 𝑆 ∈ R𝑀×𝑅 is the stoichiometric matrix
(metabolites × reactions), and 𝑣 ∈ R𝑅 is the reaction flux vector
(variables). We solve the personalized optimization problem:

max
𝑣

(𝐶 (𝑖 ) )⊤𝑣 s.t. 𝑆𝑣 = 0, 𝑣𝑙𝑏 ≤ 𝑣 ≤ 𝑣𝑢𝑏

where 𝑣𝑙𝑏 and 𝑣𝑢𝑏 are upper and lower reaction bounds.

3 Experimental Evaluation
In this section, we present an empirical evaluation of our proposed
multi-omic integrated analysis approach on real datasets. We first
describe our metrics and the datasets, followed by performance

evaluation on six different datasets. To ensure reproducibility, the
core MetabOmics pipeline is available via a repository: https://
github.com/anonymousscodee/anoncoder123.

The primary metrics for evaluation were the F1-score (the har-
monic mean of precision and recall), along with precision and recall,
computed across all cross-validation folds to assess generalizability.

3.1 Dataset
We evaluated 764 tumor and 224 adjacent normal samples across
six cancer cohorts (BRCA, COAD, PRAD, ccRCC3/4, PDAC) [3],
alongside a 98-sample 3-omics (transcriptomics, metabolomics, pro-
teomics) PSP cohort [2]. Detailed cohort statistics are in Suppl.
Table S3.

3.2 Patient Stratification Performance
In this study, we implemented a machine-learning pipeline to ana-
lyze different types of cancer-related metabolomics and gene ex-
pression data. The primary objective was to classify samples ac-
curately as ’healthy’ or ’cancer’ based on transformed features
derived from metabolomic and gene expression profiles. The evalu-
ation of the models’ performance was conducted using stratified
cross-validation to ensure robust and generalizable results.

3.2.1 Dual Omics Setting: Table S27 (Suppl. Material) displays the
F1 scores of various classifiers on multiple cancer datasets, utilizing
reaction differentiation scores as features. Each classifier, including
logistic regression, random forest, SVM, and MLP, was fine-tuned
to optimize performance. Logistic regression achieved the highest
average F1 score (0.86) across datasets. This suggests that logis-
tic regression is well-suited to reaction diff scores, likely due to
its generalizability across cancer types. Random forest which is
ensemble-based methods, demonstrates mixed performance. Ran-
dom forest achieved competitive F1 scores in certain cases, such as
kidney cancer (ccRCC3) and colon cancer, with F1 scores of 0.83 and
0.79, respectively. SVM and MLP demonstrated moderate perfor-
mance, with SVM excelling in specific datasets but underperforming

https://github.com/anonymousscodee/anoncoder123
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overall. MLP had stable, though unremarkable, performance across
datasets, suggesting limited benefit from its neural architecture
with pathway diff scores. These results show that logistic regres-
sion consistently performed best.

3.2.2 Triple Omics Setting: To validate the framework’s capacity
for higher orders of omics integration, we additionally evaluated
MetabOmics on the MayoRNASeq Progressive Supranuclear
Palsy (PSP) cohort, simultaneously integrating transcriptomics,
metabolomics, and proteomics data. As shown in Table 2, Lo-
gistic Regression achieves the strongest result (0.899 ± 0.035),
demonstrating that the additional proteomics layer provides a
complementary biological signal that improves both predictive
accuracy and stability.

3.2.3 Comparison of Different Information Diffusion Methods. We
evaluated four diffusion approaches (Max, Mean, Sum, and Lin-
ear Threshold) across multiple classifiers (e.g., Logistic Regres-
sion, Random Forest). The max diffusion (Max Diff.) approach
achieved the highest average F1-score (0.886) across the six cancer
datasets, performing exceptionally well in kidney (0.975) and colon
(0.904) cancers. Mean Diffusion (0.884) and Linear Threshold (0.875)
also showed highly competitive performance, while Sum Diffusion
(0.842) struggled to capture detailed pathway signals. Because Max
Diffusion isolates the strongest regulatory influences—effectively
capturing key molecular cascading events without diluting the
signal—it was selected as the primary diffusion model for all subse-
quent analyses. Detailed classifier performance tables for all diffu-
sion methods are provided in Supplementary Section S8.

3.3 Biological Validation of Discovered Features
Significant pathways (𝑝 < 0.05) identified by each method were
validated against a literature-curated ground truth for the cohorts of
breast cancer [18, 26], prostate cancer [7, 11, 23], pancreatic cancer
[20, 22, 27], clear cell renal cell carcinoma [9, 10, 21], colorectal
cancer [14, 29, 31]. We utilized Precision, Recall, and F1-score.

Compared to standalone single-omics baselines, MetabOmics
achieved superior precision, recall, and literature concordance
F1-scores across almost all evaluated cohorts by ensuring bet-
ter consistency with established biological hallmarks. For exam-
ple, MetabOmics doubled the literature concordance F1-score of
deltaFBA and Metabolitics in both the PDAC (0.400) and ccRCC3
(0.200) cohorts. These results demonstrate that the integration of
multi-omic layers allows the framework to capture complex regula-
tory shifts and directional flux changes that single-omic approaches
inherently misinterpret.

For instance, Arachidonic acid metabolism is significantly
increased in Colon Cancer (COAD), driven by the upregulation
of the COX-2 pathway, which promotes inflammation and tumor
cell survival. While standalone metabolomics analysis (i.e.,Metabol-
itics) may identify metabolites in this pathway as altered, it often
fails to provide the necessary regulatory context for flux direction.
Similarly, while deltaFBA identifies the importance of this pathway
based on gene expression bounds, it lacks the integrated metabolite-
driven flux pressure required to determine the correct direction,
often resulting in directional discordance. In contrast, MetabOmics
correctly identifies both the importance and the upregulation of this

pathway, consistent with the literature indicating that eicosanoid
signaling is a central hallmark of CRC progression.

Similarly, in Kidney Cancer (ccRCC), Fatty acid synthesis
is increased while its degradation (oxidation) is repressed via
HIF-mediated signaling. This synchronized regulation leads to the
formation of large cytoplasmic lipid droplets, which is the defining
"clear cell" morphological hallmark of this cancer. While standalone
flux balance analysis often fails to distinguish these specific synthe-
sis requirements from general maintenance,MetabOmics accurately
predicts the increased flux through the synthesis pathway, outper-
forming baseline methods in directional accuracy.

In the Breast Cancer cohort, Nucleotide interconversion
activity is increased to meet the heightened demand for DNA
replication in highly proliferative tumor cells. MetabOmics cap-
tures the correct flux direction of this process, whereas standalone
analysis via deltaFBA frequently fails to prioritize this pathway
correctly or assigns an incorrect direction because it evaluates gene
expression independent of the metabolic neighborhood. By utilizing
information diffusion, MetabOmics ensures that regulatory signals
from rate-limiting enzymes are propagated through the network’s
topology, yielding a physiologically accurate representation. For
Pancreatic Cancer (PDAC), Nucleotide interconversion and
lipid reprogramming pathways such as Fatty acid synthesis are
significantly increased to support anabolic growth under hypoxic
conditions. MetabOmics demonstrates high biological fidelity by
correctly predicting the increased flux through these hallmarks,
yielding the highest F1-score (0.400) among the tested methods. In
this cohort, deltaFBA typically identifies the importance of these
anabolic shunts but fails to resolve the increased flux direction due
to the lack of metabolite-driven metabolic pressure.

The relatively lower performance in the Prostate Cancer
(PRAD) cohort can be attributed to data sparsity. The PRAD dataset
features only 387 measured metabolites, significantly fewer than
cohorts like ccRCC (966), which restricts the framework’s ability to
effectively anchor diffused transcriptomic signals onto the meta-
bolic network. This limitation particularly hinders the baseline
deltaFBA model, which relies exclusively on transcriptomic bound-
aries without the anchoring benefit of measured metabolite levels
to resolve complex regulatory states like the ’reverse Warburg’ ef-
fect. Note: The literature concordance for the 3-omics PSP cohort
is evaluated alongside the interpretability baseline comparisons in
Section 3.5 (Table 4).

3.4 Comparison with State-of-art
To compare different approaches for mapping omics data into
pathway-level features, we evaluated Metabolitics, MetabOmics,
Partial Least Squares Discriminant Analysis (PLS-DA), Canonical
Correlation Analysis (CCA), and Data Concatenation methods un-
der the same experimental setup. As shown in Table 1, simple Data
Concatenation achieves the highest raw F1 scores across multiple
cohorts for the dual-omics setting. Results for the triple-omics set-
ting are provided in Table 2, where MetabOmics performance is
superior to both simple data concatenation and Metabolitics.

While purely data-driven approaches, such as PLS-DA, CCA,
and simple data concatenation, often achieve higher raw F1 scores
in our evaluations, these models remain primarily statistical tools
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Table 1: Model Performance Comparison for Dual-Omics
Setting (Weighted F1-score)

Dataset Metabolitics deltaFBA PLS-DA Corr-Net
(CCA) MetabOmics Data

Concat. 1D CNN

Breast (BRCA) 0.772 ± 0.182 0.6709 ± 0.0655 0.908 0.862 0.803 ± 0.114 0.9075 ± 0.0705 0.80
Kidney (ccRCC3) 0.936 ± 0.060 0.7556 ± 0.1342 0.956 0.982 0.946 ± 0.044 0.9226 ± 0.0845 0.84
Kidney (ccRCC4) 0.973 ± 0.055 0.8333 ± 0.1044 0.987 0.961 0.961 ± 0.059 0.9274 ± 0.0563 0.82
Colon (COAD) 0.790 ± 0.133 0.6654 ± 0.1879 0.907 0.961 0.887 ± 0.094 0.9412 ± 0.0973 0.86
Pancreas (PDAC) 0.546 ± 0.263 0.5704 ± 0.0614 0.842 0.827 0.832 ± 0.107 0.8357 ± 0.0671 0.84
Prostate (PRAD) 0.832 ± 0.098 0.6140 ± 0.0757 0.734 0.801 0.889 ± 0.069 0.8116 ± 0.0688 0.77
Average 0.808 0.685 0.889 0.899 0.886 0.891 0.822

Table 2: Model Performance for PSP — Triple-Omics Integra-
tion (Weighted F1-score)

Method XGBoost LogReg RF SVM MLP
MetabOmics 0.820 0.899 0.838 0.740 0.814
Metabolitics 0.802 0.835 0.762 0.771 0.806
Data Concat. 0.8451 0.7050 0.7262 0.7050 0.7186

that are highly open to overfitting. This is particularly critical given
the high-dimensional nature of multi-omics data and the relatively
small sample sizes of the available cohorts. By feeding thousands
of unconstrained raw features directly into a machine learning
classifier, the model is likely to memorize noise rather than learn
generalizable biological patterns. In contrast, MetabOmics acts as a
biological regularizer by propagating signals through an integrated
interaction network and constraining them within the bounds of a
genome-scale metabolic model (GSMM). Although this biological
regularization may slightly reduce raw predictive metrics on the
training set, it prevents the model from acting as a "black box".
More importantly, it provides crucial mechanistic interpretabil-
ity, enabling the identification of specific dysregulated metabolic
reactions and pathways driving the classification, a fundamental
objective of systems biology that simple concatenation cannot ful-
fill.

3.5 Interpretability Analysis
While the data concatenation baseline achieves comparable or su-
perior F1 scores in binary classification, we argue that predictive
performance alone is an insufficient criterion for evaluating multi-
omics integration methods. A biologically meaningful method
must also produce stable, reproducible feature selections that align
with established disease mechanisms. To investigate whether these
’black-box’ models are learning genuine biology or memorizing
noise, we conducted feature stability and literature concordance
analyses.

3.5.1 Feature Stability. To assess the consistency of feature selec-
tion across cross-validation folds, we computed the mean pairwise
Jaccard similarity of the top-30 features selected by XGBoost impor-
tance in each fold. A higher Jaccard index indicates that the model
consistently relies on the same biological features regardless of data
splits, which is a hallmark of a generalizable biological signal rather
than statistical noise.

As shown in Table 3, MetabOmics achieves substantially higher
Jaccard indices than data concatenation in six out of seven cohorts.
This demonstrates that the biological network constraints imposed
by MetabOmics force the model to consistently select the same

Table 3: Feature Stability: Mean Pairwise Jaccard Similarity
of Top-30 Features Across Folds

Dataset MetabOmics Data Concat.
Breast (BRCA) 0.579 0.123
Colon (COAD) 0.612 0.273
Prostate (PRAD) 0.422 0.323
Kidney (ccRCC3) 0.586 0.408
Kidney (ccRCC4) 0.805 0.650
Pancreas (PDAC) 0.386 0.565
PSP (MayoRNASeq) 0.507 0.154

core metabolic pathways across folds, whereas data concatenation
selects largely different, high-variance genomic features in each
fold. The exception is PDAC, where the small sample size (n=39)
limits the stability of both methods.

3.5.2 Literature Concordance with Data Concatenation Baseline.
To further quantify the interpretability advantage of MetabOmics
beyond classification accuracy, we extended the literature concor-
dance analysis to include the data concatenation baseline (Table 4).
For this comparison, the top-30 features selected by XGBoost from
the data concatenation model were mapped to metabolic pathways
using Recon3D, and the resulting pathway sets were evaluated
against the same literature ground truth.

Table 4: Literature Concordance: MetabOmics vs. Data Con-
catenation (Top-30, Pathway Level)

Dataset Metric MetabOmics Data Concat.

Breast (BRCA)
Precision 0.190 0.286
Recall 0.400 0.200
F1-Score 0.258 0.235

Colon (COAD)
Precision 0.000 0.000
Recall 0.000 0.000
F1-Score 0.000 0.000

Prostate (PRAD)
Precision 0.067 0.000
Recall 0.125 0.000
F1-Score 0.087 0.000

Kidney (ccRCC3)
Precision 0.250 1.000
Recall 0.250 0.125
F1-Score 0.250 0.222

Kidney (ccRCC4)
Precision 0.200 0.000
Recall 0.500 0.000
F1-Score 0.286 0.000

Pancreas (PDAC)
Precision 0.200 0.000
Recall 0.333 0.000
F1-Score 0.250 0.000

PSP (MayoRNASeq)
Precision 0.042 0.000
Recall 0.167 0.000
F1-Score 0.067 0.000

These results reveal a critical interpretability gap. Despite its
high raw classification accuracy, data concatenation achieves a
literature concordance F1-score of zero in five out of seven co-
horts. This quantitatively proves our hypothesis: flat concatenation
models achieve high statistical performance by overfitting to high-
variance, biologically spurious noise. In stark contrast, MetabOmics
achieves non-zero, literature-validated F1-scores across all seven
cohorts. By routing signals through a constrained metabolic net-
work, MetabOmics acts as a vital biological regularizer, trading
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a marginal drop in statistical F1 for a massive gain in mechanis-
tic validity. Notably, in the PSP cohort, where three omics layers
(transcriptomics, metabolomics, and proteomics) are integrated,
MetabOmics successfully identifies Sphingolipid metabolism as a
concordant pathway, consistent with known myelination defects
in PSP pathology [12].

4 Conclusion and Future Work
In this paper, we introduced MetabOmics, a network-driven multi-
omics integration framework that bridges the gap between dis-
parate molecular layers and metabolic phenotypes. Rather than
relying on unconstrained feature fusion, our approach contextu-
alizes omics measurements within a comprehensive, 5-layer bio-
logical simulation scaffold. By leveraging algorithmic information
diffusion, specifically Max Diffusion and Linear Threshold mod-
els, we effectively propagate molecular fold-changes across both
measured and unmeasured intermediate regulators to personalize
genome-scale metabolic models (GSMMs).

We conducted an extensive pan-cancer analysis integrating
paired transcriptomics and metabolomics data across six distinct
cancer cohorts. Besides, we validated the framework’s capacity
for deep, three-omics integration by simultaneously incorporating
transcriptomics, metabolomics, and proteomics from the MayoR-
NASeq Progressive Supranuclear Palsy (PSP) cohort. Across these
diverse datasets, MetabOmics achieved high performance.

Future work will focus on integrating metabolite imputation
algorithms and external reference metabolomes to address sparse
data constraints, alongside validating the framework on larger in-
dependent cohorts. Additionally, the authors plan to deploy Graph
Neural Networks (GNNs) to natively ingest the network structure,
allowing the model to learn localized propagation weights and
complex non-linear metabolic relationships. Finally, the framework
will be expanded to incorporate new regulatory layers (such as
epigenomics and phosphoproteomics), explore dynamic metabolic
formulations, and predict individualized patient responses to tar-
geted metabolic inhibitors for clinical precision oncology.
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