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A Systems Biology-Based Computational
Framework for Integrating Gut
Microbiota-Derived Metabolites in
Vascular Aging: The MCAS Model

Abstract

Aging is a multifactorial process that is shaped by interconnected alterations in
energy metabolism, epigenomic regulation, and chronic low-grade
inflammation. Here, a multilayered computational model is described to
integrate microbiome-derived metabolites with vascular aging-related
biological features using a systems biology approach. A composite index that
combines microbial, metabolic, and epigenomic components was constructed
and analyzed based on publicly available datasets. An L2-regularized logistic
regression model implemented with in a nested cross-validation scheme was
employed to evaluate overall model behavior. The integrated model
demonstrated consistently stable performance, with amean AUC of 0.893 (95%
CI: 0.787-0.959), a PR-AUC of 0.913, and a Brier score of 0.147. Ablation
analyses further showed that microbial features contributed most strongly to
model discrimination, while metabolic and epigenomic components mainly
contributed to model stability. Taken together, this model provides an
integrative computational approach for interpreting microbiota-associated
biological patterns in relation to vascular aging.

Keywords: Gut microbiota, Vascular Aging, Systems Biology,
Trimethylamine N-Oxide, Short-Chain Fatty Acids
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Vaskiiler Yaslanmada Bagirsak Mikrobiyotasi
Kaynakl1 Metabolitlerin Entegrasyonu i¢in Sistem
Biyolojisi Temelli Hesaplamali Bir Cerceve: MCAS

Modeli
0z

Yaslanma, enerji metabolizmasindaki, epigenomik diizenlemedeki ve kronik
diisiik dereceli inflamasyondaki birbiriyle baglantili degisiklikler tarafindan
sekillendirilen ¢ok faktorlii bir siirectir. Burada, mikrobiyom kaynakl
metabolitleri vaskiiler yaslanma ile iliskili biyolojik o6zelliklerle sistem
biyolojisi yaklasimini kullanarak biitiinlestirmek icin ¢ok katmanh bir
hesaplamali model tanimlanmaktadir. Mikrobiyal, metabolik ve epigenomik
bilesenleri birlestiren bilesik bir indeks olusturulmus ve herkese acik veri
kiimelerine dayanarak analiz edilmistir. i¢ ice gecmis capraz dogrulama semasi
icinde uygulanan L2-diizenlilestirilmis bir lojistik regresyon modeli, genel
model davranisini degerlendirmek icin kullanilmistir. Entegre model, ortalama
AUC degeri 0.893 (95% GA: 0.787-0.959), PR-AUC degeri 0.913 ve Brier skoru
0.147 olmak {izere tutarh bigcimde kararli bir performans gostermistir.
Ablasyon analizleri ayrica mikrobiyal 6zelliklerin model ayrim giiciine en gii¢lii
katkiy1 sagladigini, metabolik ve epigenomik bilesenlerin ise esas olarak model
kararlihigina katkida bulundugunu gostermistir. Tiim bunlar birlikte ele
alindiginda, bu model mikrobiyota ile iliskili biyolojik ortintiilerin vaskiiler


http://www.orcid.org/0000-0002-8781-3877
http://www.orcid.org/0000-0001-9905-2908
http://www.orcid.org/0000-0003-4602-1061
http://www.orcid.org/0000-0001-6531-886X
http://www.orcid.org/0000-0001-8753-8302
https://creativecommons.org/policies/#license
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://fontawesome.com/

Erciyes University Journal of
Institue Of Science and

Technnlnov

=y
©
»

Erkan OZBAY, Serkan ORUCU, Sami KARAGOZ, Sait Ramazan GULBAY & Biilent ISIK

yaslanma ile iligkili olarak yorumlanmasi i¢in biitiinlestirici bir hesaplamali yaklasim sunmaktadir.

Anahtar kelimeler: Bagirsak Mikrobiyotasi, Vaskiiler Yaslanma, Sistem Biyolojisi, Trimetilamin N-Oksit,
Kisa Zincirli Yag Asitleri

O S

1. Introduction

Aging is a multifaceted process that is commonly characterized by progressive alterations in
bioenergetic pathways, gradual epigenomic remodeling, and persistent low-grade inflammatory
signaling [1, 2]. Over time, these interconnected mechanisms influence tissue homeostasis and
progressively reshape the biological characteristics of senescence. Among organ systems, the
circulatory network appears particularly sensitive to systemic perturbations, where sustained
hemodynamic load and chronic inflammatory cues are thought to contribute to reduced vascular
compliance, diminished nitric oxide bioavailability, and increased arterial stiffness. At the same time,
vascular aging retains a degree of biological plasticity, particularly in relation to regulatory and
metabolic adaptation, suggesting that its progression may not be fully explained by hemodynamic
factors alone [3-5]. Recent evidence further suggests that systemic biological regulators, including
host-microbiota interactions and microbiota-derived metabolites, may contribute to vascular aging-
associated molecular processes.

Against this biological backdrop, the gut microbiome is increasingly recognized as an active
regulatory ecosystem rather than a passive microbial reservoir [6]. Age-associated shifts in microbial
composition, including changes in the Firmicutes-Bacteroidetes ratio, have been described across
multiple studies. Although these alterations often appear modest at the compositional level, reductions
in butyrate-producing taxa have been associated with patterns of enhanced proinflammatory
molecular activity [7-11]. Such compositional shifts are not limited to taxonomic variation but are also
accompanied by measurable changes in microbial metabolic output. Alterations in microbial
community structure directly influence the spectrum of metabolites released into the host circulation,
thereby linking microbial population dynamics with host molecular signaling processes. Concurrently,
such microbial reorganization has also been linked to decreased short-chain fatty acid (SCFA)
production and increased levels of trimethylamine N-oxide (TMAO) [8,10,12-16]. These metabolite
fluctuations represent a functional interface through which microbial activity can influence vascular
physiology and inflammatory signaling within the host. Taken together, these coordinated changes
support the view that microbial metabolism may play a modulatory role in shaping epigenomic
regulation and vascular-associated biological processes.

Specific microbiota-derived metabolites have been linked to distinct molecular pathways
relevant to vascular aging and increasingly appear to function as biologically active signaling
molecules capable of influencing host vascular gene expression patterns. Rather than acting solely as
metabolic by-products, metabolites such as short-chain fatty acids (including butyrate) and
trimethylamine N-oxide (TMAO) participate in molecular signaling processes that modulate
transcriptional regulation, inflammatory responses, and endothelial cellular behavior [13,17,18].
Through these signaling processes, microbial metabolites serve as molecular intermediaries that
translate microbial activity into host cellular responses, including modifications in transcriptional
activity and chromatin-associated regulation. TMAO has been reported to be associated with activation
of the ROS-TXNIP-NLRP3 signaling cascade, a pathway that has been shown to contribute to
endothelial dysfunction and cellular senescence. In contrast, phenylacetic acid (PAA) has been
connected to accelerated endothelial deterioration, whereas butyrate is generally considered to exert
protective effects, in part through histone deacetylase (HDAC) inhibition [16,17,19-21]. These
mechanisms illustrate how metabolite signaling can propagate from microbial metabolic activity to
intracellular regulatory pathways that influence vascular cellular behavior. Epigenomic regulatory
mechanisms (including processes such as histone acetylation, methylation, and noncoding RNA-
mediated modulation) play central roles in shaping vascular gene expression patterns during aging.
Within lipid metabolism, the ABCA1-miR-27a/b axis has also been implicated in cholesterol handling
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and the maintenance of vascular elasticity [14,22]. Overall, these observations indicate that
microbiota-derived metabolites exert condition-specific biological effects rather than acting as
uniformly beneficial or deleterious agents.

Whether aging can be attributed primarily to microbial imbalance or instead reflects a broader
adaptive interplay between host biology and time remains unresolved. Analyses focused solely on
microbial composition tend to capture only a limited portion of this complexity, as metabolic dynamics
and epigenomic responses are tightly interconnected. Microbial composition determines the
repertoire of metabolites produced within the gut ecosystem, while these metabolites can
subsequently influence host regulatory pathways through signaling processes that affect gene
expression and cellular behavior. Consequently, microbial population structure, metabolite
production, and epigenomic regulation represent sequentially interacting biological layers rather than
independent analytical domains. Addressing this multidimensional structure therefore requires
integrative approaches capable of jointly representing microbial, metabolic, and epigenomic layers
[23]. Data-driven systems biology and computational modeling provide a structured approach for such
integration [23, 24].

Although numerous studies have examined associations between gut microbiota composition
and aging-related phenotypes, several methodological limitations remain. A substantial proportion of
existing analyses rely primarily on taxonomic profiling or other single-layer analytical strategies
centered on microbial composition. While these approaches have provided important descriptive
insights, microbial composition alone may not sufficiently represent downstream metabolic activity
or the regulatory processes through which microbial signals influence host physiology. In particular,
microbiota-derived metabolites participate in molecular pathways that can affect transcriptional
regulation, inflammatory signaling, and cellular homeostasis. Evaluations restricted to compositional
variation may therefore capture only a limited portion of the biological processes associated with
vascular aging. Recent developments in systems biology indicate that age-associated phenotypes are
shaped by coordinated interactions among microbial communities, metabolite-related activity, and
host regulatory mechanisms [23,25]. Analytical strategies capable of jointly representing these
interacting biological layers may therefore provide a more comprehensive interpretation of
microbiota-associated patterns observed during vascular aging. In this context, the Microbial
Cardiovascular Aging Signature (MCAS) model integrates microbial composition, metabolite-
associated indicators, and epigenomic surrogate variables within a unified analytical structure
designed to examine vascular aging-related biological variation.

The MCAS model was conceptually developed based on systems biology principles, microbiome-
derived metabolite signaling models, and composite aging signature methodologies [1,23,26,27]. MCAS
integrates three interrelated dimensions: microbial composition (M), metabolite-associated dynamics
(K), and epigenomic indicators (E). In this formulation, M(t) represents microbial aging-related
features, K(t) captures metabolite-associated variation, and E(t) reflects epigenomic regulatory
responses. The composite outcome variable, V(t), is intended to analytically represent vascular aging-
related biological characteristics, including arterial stiffness and endothelial alteration [28,29]. Given
the broad biological relevance of vascular aging processes, application of integrative models such as
MCAS provides a structured approach for examining multi-layer biological interactions in population-
level datasets [30].

The MCAS model was developed to address methodological limitations observed in current
microbiome-based aging studies by linking microbial composition, metabolite-associated activity, and
host regulatory responses within a single analytical representation. In this approach, microbial
community structure can be considered an upstream biological layer that influences the spectrum of
metabolites produced within the gut ecosystem. These metabolites may subsequently act as signaling
intermediaries capable of modulating vascular cellular processes through inflammatory signaling
pathways, transcriptional regulation, and chromatin-associated modifications. Epigenomic responses
can therefore reflect downstream regulatory processes through which metabolite-associated signals
may influence vascular gene expression patterns and endothelial cellular behavior. By analytically
relating these sequential biological layers, the MCAS model allows microbial population dynamics,
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metabolite-associated signaling, and regulatory responses to be examined together rather than as
independent analytical variables. This integrative analytical strategy may support a more
comprehensive interpretation of microbiota-associated biological variation beyond taxonomic
profiling alone and may facilitate the investigation of how microbial metabolic activity and host
regulatory processes could jointly relate to vascular aging-associated biological patterns.

2. Materials and Methods

This study utilized anonymized, publicly available human microbiome datasets reported by
Yatsunenko et al. (2012) [7]. The datasets were obtained from the MG-RAST server using the accession
identifiers qiime:850 for 16S rRNA sequencing data and qiime:621 for shotgun metagenomic data,
from which raw sequencing datasets were downloaded and subsequently processed within the
analytical pipeline developed in the present study (Figure 1).

,
MG-RAST . Feature construction
Raw Microbiom Data Datzfl);eil.; ;(;flisslng Microbial layer (M) Feature
quiime:850-16S rRNA extraction Metabolite-related indikators (K) scaling
quiime:621-shotgun Epigenomic proxies (E)
\
[ . .
Model evaluation MCAS predictive model Principal Component
Integrated feature si
ROC-AUC, PR-AUC, Nested cross-validation s matrix Analysis (PCA)
Brier score, Calibration, Logistic regression (two PCs per layer)

Ablation analysis

\

Figure 1. Analytical pipeline of the MCAS model. Raw microbiome sequencing datasets were obtained
from the MG-RAST repository (accessions gqiime:850 and giime:621). Microbial composition features
were used to construct the microbial layer (M), while metabolite-associated indicators (K) and
epigenomic surrogate indicators (E) were derived from literature-informed biological associations.
Each layer was standardized and subjected to principal component analysis (PCA), and the first two
components per layer were integrated into a feature matrix used for the MCAS predictive model based
on L2-regularized logistic regression evaluated using nested cross-validation (outer folds = 5, inner
folds = 3). Model performance was assessed using ROC-AUC, PR-AUC, and Brier score metrics

2.1. Data Source and Preprocessing

All analyses were performed using Python 3.10 and relied on publicly available microbiome
datasets obtained from open-access repositories (MG-RAST; MG-RAST accessions qiime:850 for 16S
rRNA sequencing and qiime:621 for shotgun metagenomic data) [7]. The analytical structure was
organized into three analytical modules. At the microbial layer (M), taxonomic profiles and age-
associated pathway characteristics were examined. The metabolic layer (K) focused on indices
associated with microbiota-derived metabolites frequently linked to vascular physiology, including
short-chain fatty acids (SCFAs), trimethylamine-N-oxide (TMAO), and phenylacetic acid (PAA). The
epigenomic layer (E) incorporated literature-informed surrogate indicators derived from known
biological associations between these metabolites and host regulatory processes. Specifically, this
layer represented pathways associated with SCFA-related histone deacetylase (HDAC) inhibition and
Nuclear Factor kappa B (NF-kB)-associated transcriptional and chromatin-related regulatory signals
linked to TMAO and PAA.

Each module was normalized independently within the training partitions of the nested cross-
validation procedure. Dimensionality reduction was then carried out using principal component
analysis (PCA), from which the first two principal components were retained per module (meta_PC1/2,
metabo_PC1/2, epi_PC1/2), resulting in a total of six integrated features. The first two principal
components were retained because they capture the dominant variance structure of the feature space
while maintaining a compact representation suitable for predictive modeling. The aggregated feature
matrix is reported in sheet integrated_matrix of $S8-integrated_matrix and labels file. To prevent data
leakage and ensure reproducibility, PCA fitting was limited to training subsets and subsequently
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applied to the corresponding test data. Detailed preprocessing workflows, directory structures, and
execution pipelines are described in the S1-Supplementary Notes, and all analysis scripts are provided
in S6-Code Description.

To improve the transparency and navigability of the supplementary datasets, a structured Data
Dictionary defining all analytical variables used in the integrated matrix and model inputs is provided
in S2-Data Dictionary. In addition, a summarized representation of the biological content of the
microbial (M), metabolic (K), and epigenomic (E) modules is presented in Supplementary Table S13
(Table_S13) to facilitate interpretation of the module-specific analytical variables used in the MCAS
model.

2.2. Formulation of MCAS Model
The MCAS model was formulated as follows:
V(t) =aM((t) + BK(t) + yE(t) + S[M(t) - K(t) - E(t)] (D

In this formulation, V(t) represents a vascular aging-related composite index. The coefficients of
the predictive model were estimated during the nested cross-validation training procedure using
logistic regression. The coefficients «, 5, and y denote empirically derived weights assigned to each
layer, while é represents a conceptual interaction component describing the joint contribution of the
three biological layers and is not estimated as a parameter in the predictive model. Equation (1)
therefore represents a conceptual formulation of the MCAS model rather than the explicit
mathematical structure used in the predictive analysis. This interaction component is not
implemented as an explicit interaction term within the logistic regression model used in the predictive
analysis.

The microbial layer M(t) includes features related to microbial community composition and
pathway-level microbial activity. The metabolic layer K(t) reflects metabolite-associated variation
derived from the processed feature space. The epigenomic layer E(t) encodes surrogate indicators of
transcriptional regulatory responses influenced by microbial metabolites. In the predictive modeling
workflow, these biological layers are represented by principal component-derived features
(meta_PC1/2, metabo_PC1/2, epi_PC1/2) obtained during the preprocessing stage.

2.3. Machine Learning and Evaluation

Model training and validation were carried out using a nested cross-validation design, consisting
of five outer folds and three inner folds. Feature standardization and PCA fitting were applied solely
within the training folds, and the resulting transformation parameters were then applied to the
corresponding test data to prevent data leakage. Classification was performed using an L2-regularized
logistic regression model with class-weight balancing to account for class imbalance [24]. Logistic
regression was selected as the primary classifier because its relatively low model complexity reduces
overfitting risk and improves interpretability in datasets with limited sample sizes and biologically
structured feature sets.

Model performance was evaluated using three complementary metrics: the area under the
receiver operating characteristic curve (AUC), the precision-recall area under the curve (PR-AUC), and
the Brier score. Ninety-five percent confidence intervals for AUC estimates were obtained through
non-parametric bootstrapping with 500 resampling iterations [31]. Detailed data-processing
workflows, validation procedures, and executable scripts are provided in S1-Supplementary Notes and
S6-Code Description. Given the relatively limited sample size, the nested cross-validation design
combined with bootstrap confidence interval estimation was used to provide a conservative and
robust assessment of model performance.

2.4. Predictive Modeling and Ablation Analyses

Classification analyses were conducted using the same L2-regularized logistic regression model
within the nested cross-validation design described above.
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Ablation analyses were performed in order to examine the relative contribution of each feature
layer. Seven model configurations were evaluated, including microbial-only (M), metabolic-only (K),
epigenomic-only (E), pairwise combinations (M+K, M+E, K+E), and the fully integrated model (M+K+E).
Comparative assessments were primarily based on AUC values to evaluate differences in
discriminative performance among configurations. Machine-readable summaries of all evaluation
results are provided in $4-Model Metrics and S5-Ablation Results.

2.5. Network Representation

Tables summarizing the literature-supported associations used to construct the network
representation are provided in Supplementary Table S12 (Table_S12) and Supplementary Table S13
(Table_S13). The network representation depicts literature-supported associations between gut
microbiota-derived metabolites, including SCFAs, TMAO, and PAA, and biological processes related to
vascular aging, such as endothelial dysfunction, oxidative stress (0S), arterial stiffness, and myocardial
remodeling. This network is intended as a descriptive conceptual summary rather than an empirically
inferred interaction map, and serves to synthesize biological relationships that have been previously
reported in the literature [26].

2.6. Ethical Approval

This study received approval from the Karamanoglu Mehmetbey University Medicine Faculty
Scientific Ethics Committee (date: 09 December 2025; approval no: 26-2025/23). The study was
conducted in accordance with applicable ethical standards and the principles of the Declaration of
Helsinki. As the analyses were based solely on previously collected, anonymized, and publicly available
datasets, no direct participant involvement occurred and informed consent was therefore not
required.

3. Results
3.1. Features Extracted via Principal Component Analysis (PCA)

The processed dataset contained two PCA-derived components (meta_PC1/2, metabo_PC1/2,
epi_PC1/2) for each analytical module-microbial, metabolic, and epigenomic. These six components
were subsequently combined to form an integrated feature matrix used for downstream analyses. A
summary of the variables included in each module and their biological interpretation is provided in
Supplementary Table S13 (Table_S13), while complete variable definitions are documented in the 52-
Data Dictionary.

3.2. Receiver Operating Characteristic (ROC), Precision-Recall Area Under the Curve (PR-
AUC), and Calibration Analyses

In the fully integrated MCAS configuration (M+K+E), the mean ROC-AUC was calculated as 0.893
(95% CI: 0.787-0.959), with a corresponding PR-AUC of 0.913 and a Brier score of 0.147. The receiver
operating characteristic (ROC) curve is illustrated in S7-Figures and Supplementary Figures
(Supplementary Figure S1). Calibration analyses comparing predicted and observed outcome
probabilities are illustrated in S7-Figures and Supplementary Figures (Supplementary Figure S2) and
summarized in S4-Model Metrics. External validation across independent populations was not
undertaken in this study.

3.3. Ablation Analyses

The contribution of individual MCAS components was examined through ablation analyses
[23,27,32]. The microbial-only configuration (M) yielded an AUC of 0.847, whereas the metabolic-only
(K) and epigenomic-only (E) configurations produced AUC values of 0.640 and 0.570, respectively. For
paired combinations, the M+K model achieved an AUC of 0.893, the M+E model reached 0.842, and the
K+E model resulted in an AUC of 0.656. A graphical comparison of model configurations is presented
in S7-Figures and Supplementary Figures (Supplementary Figure S3).
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The fully integrated M+K+E configuration produced an AUC value (0.893) identical to the M+K
model. Complete ablation results for all model configurations are provided in S5-Ablation Results.

3.4. Schematic Network and Biological Interpretation

SCFAs have been associated with endothelial stability, whereas TMAO and PAA have been linked
to inflammatory processes and age-related cellular deterioration. These associations reflect
relationships previously reported in the literature rather than representing novel empirical findings
[9,12,13,21,26,33]. The network representation summarizes literature-supported interactions
between microbiome composition, metabolite-associated signals, and epigenomic regulatory features
included in the MCAS model.

4., Discussion and Conclusion

In this study, the MCAS model is best interpreted as a biologically informed vascular aging
signature derived from microbial, metabolic, and epigenomic analyses, rather than as a standalone
predictive algorithm. The analytical approach was designed to combine microbial, metabolic, and
epigenomic features within a systems biology perspective, without implying direct clinical prediction
or diagnostic utility.

Across the analysis, patterns suggesting potential coordinated relationships between
epigenomic regulatory signals and SCFA-related metabolic activity were identified in relation to
vascular aging processes. Previous experimental and observational studies report that butyrate is
associated with vascular stability. The reported mechanisms include endothelial nitric oxide synthase
(eNOS) activity, mitochondrial biogenesis, and HDAC inhibition [8,16,17,20]. In parallel, epigenomic
processes such as histone acetylation, methylation, and non-coding RNA-mediated regulation have
been described as modulators of SCFA-related responses, whereas pro-inflammatory signals
associated with TMAO and PAA have been connected to transcriptional alterations in vascular tissues.
Associations between TMAO, PAA, ROS generation, NF-kB activation, and broader epigenomic
processes indicate that these effects may depend on biological conditions and metabolite
concentration [21]. Accordingly, prior studies have emphasized that the systemic biological effects of
SCFAs, TMAO, and PAA vary substantially and should be interpreted cautiously, particularly in
therapeutic or translational settings [18,19]. Comparable observations have also been reported in
multi-omic investigations across different analytical platforms [15,25,34].

In the ablation analyses, the addition of the epigenomic module did not produce an increase in
discriminative performance compared with the M+K configuration. However, the integrated model
showed acceptable calibration characteristics and a relatively low Brier score, indicating stable
predicted probability estimates. These observations suggest that the epigenomic layer may primarily
contribute to capturing regulatory signals associated with microbial metabolite activity rather than to
improving classification performance. Although a two-layer (M+K) configuration may be sufficient for
discrimination in this dataset, the inclusion of the E module may be justified when the objective
includes probability calibration and biological interpretability.

Within the MCAS model, epigenomic surrogate indicators E(t) are used to represent regulatory
responses associated with microbial metabolite signals. SCFA-associated features were linked to
mechanisms such as HDAC inhibition and increased histone acetylation [9, 34], whereas inflammatory
cascades linked to TMAO and PAA have been associated with NF-kB activation, inflammasome
signaling, and cellular senescence markers [13,15,21,35]. These observations suggest that microbiota-
related influences extend beyond metabolic variation and are also reflected in epigenomic regulatory
layers. Future experimental validation using high-resolution approaches, such as single-cell
epigenomic profiling or targeted perturbation strategies, would be required to further clarify these
relationships.

In the analyzed dataset, the MCAS model demonstrated stable discriminative performance
broadly comparable to previously reported microbiome-based aging models [1,27]. The integrated
representation of microbial [M(t)], metabolic [K(t)], and epigenomic [E(t)] components may contribute
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to this performance, while the MCAS predictive model showed consistent performance across
validation folds. However, the absence of external validation limits the generalizability of these
findings. In addition, net reclassification improvement (NRI) and integrated discrimination
improvement (IDI) analyses were not performed in the present study, and future studies should
evaluate whether such models capture biological aging signals beyond chronological age [36,37].

The MCAS model integrates microbial, metabolic, and epigenomic information to capture
vascular aging-related biological patterns. Unlike taxonomy-focused microbiome clocks [1], it adopts
a multi-layer analytical model that is conceptually related to approaches used in multi-view learning
and multi-omic data integration [27]. In this respect, MCAS is aligned with emerging multi-omic
modeling strategies that emphasize integrated analysis of heterogeneous biological data rather than
reliance on single-domain predictors [25].

From a translational perspective, the MCAS model highlights epigenomic and metabolite-related
mechanisms that have been discussed in prior literature as potential modulators of vascular aging,
including SCFA-associated regulation and pathways linked to TMAO and PAA [38-40]. Nevertheless,
any therapeutic or prognostic implications remain speculative and require careful evaluation, given
that the biological effects of these metabolites can vary depending on physiological and environmental
conditions [18,19,41]. Earlier studies describing microbiota-based modulation of SCFA and TMAO
profiles further illustrate both the potential and the complexity of such approaches [8,16,29,42].

Several limitations of this study should be acknowledged. The analyses were based on publicly
available, cross-sectional microbiome datasets [7], which restrict the ability to assess temporal
dynamics of vascular aging. Metabolomic and epigenomic features were represented using surrogate
indicators rather than direct molecular profiling [7, 43]. Additionally, the relatively modest cohort size
may have constrained the statistical stability and generalizability of the model. Although precautions
were taken to minimize data leakage during model preprocessing and validation procedures, some
residual overfitting may still be present. Information on dietary patterns, medication use, and
comorbid conditions was only partially available, and therefore causal interpretations should be
avoided.

Future studies incorporating longitudinal designs, direct multi-omic measurements, and
validation across diverse populations will be essential for further evaluation of the robustness and
applicability of the MCAS model. MCAS should therefore be interpreted as an integrative analytical
approach rather than a clinical decision-making tool. From a clinical standpoint, it is not intended to
replace established cardiovascular risk assessment models but may complement them by capturing
microbiota-associated metabolic signals and epigenomic proxy indicators related to vascular aging
that are not reflected in conventional clinical parameters.

Data Availability

This study is based on the re-analysis of publicly available datasets. The microbiome data
analyzed in this work were obtained from the study by Yatsunenko et al. (2012) [7]. No new raw
sequencing, metabolomic, or epigenomic data were generated as part of this analysis.

Processed data matrices, model predictions, summary performance metrics, and ablation
analysis results used for training and validation are provided in S$8-integrated_matrix and labels, S3-
Dataset Description, S4-Model Metrics and S5-Ablation Results, along with the corresponding S9-
Source_Data, analysis scripts, documentation, and reproducibility resources. S3-Dataset Description
describes dataset provenance and the structure of the processed MCAS input matrices. The associated
MG-RAST accession identifiers are qiime:850 for 16S rRNA sequencing data and qiime:621 for shotgun
metagenomic data. For transparency, the original public datasets corresponding to Tables S1-S12 are
also included in the supplementary materials without modification. Detailed information regarding file
organization and reproducibility procedures is provided in the SI1-Supplementary Notes. A detailed
Data Dictionary describing all analytical variables and module assignments is provided as $2-Data
Dictionary to define the variables used in the processed analytical datasets.
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Code Availability

Static versions of all scripts used for model construction and analytical evaluation, and figure
generation are provided in S6-Code Description and in the primary analysis script (MCAS_scripts).
These materials are intended to enable reproduction of all reported analyses. All software
dependencies, version information, and data file paths are explicitly documented.

Each stage of the analytical workflow, including feature preprocessing and the nested cross-
validation strategy, is described in detail in the S1-Supplementary Notes.

Supplementary Materials

Supplementary Information accompanying this article has been reorganized to improve clarity
and navigability of the supporting datasets. The supplementary materials are structured into modular
components that separately document processed data matrices, variable definitions, analytical
outputs, and reproducibility resources.

S$8-integrated_matrix and labels contains the integrated feature matrix used for model training,
including the six principal components derived from the microbial (M), metabolic (K), and epigenomic
(E) analytical modules, together with the corresponding sample identifiers. The machine-readable
class labels used for supervised model training are provided separately in sheet labels of S8-
integrated_matrix and labels file. S3-Dataset Description describes the origin and structure of the
processed datasets used in the analysis.

To ensure that readers can easily interpret all variables used in the analyses, a comprehensive
Data Dictionary is provided as S2-Data Dictionary. This document defines each variable included in the
analytical datasets, specifies its module membership (M, K, or E), describes its biological
interpretation, and identifies its source within the preprocessing pipeline.

In addition, datasets and analytical descriptions of the biological variables are provided in
Supplementary Tables §1-S13. These tables include publicly available dataset summaries and analytical
descriptions related to the variables used in the MCAS model. In particular, Supplementary Table S13
provides a concise overview of the microbial (M), metabolic (K), and epigenomic (E) modules,
including their biological interpretation and analytical roles within the MCAS model.

S§4-Model Metrics and S5-Ablation Results provide machine-readable summaries of model
evaluation metrics and ablation analyses in JSON format. S9-Source_Data files contain numerical values
underlying the ROC, PR-AUC, calibration, and ablation figures reported in the main text.

S6-Code Description materials include MCAS_scripts.txt and S6-Code Description which contain all
scripts used for model construction and analytical evaluation, model training, validation, and figure
generation. The analytical workflow, including preprocessing steps, feature preprocessing procedures,
model parameters, and directory organization required for reproducing the analyses, is described in
detail in the S1-Supplementary Notes.

Structure of the Supplementary Materials

To facilitate transparency and reproducibility, the supplementary materials accompanying this
article are organized into the following structured components.

Supplementary Documentation

S1-Supplementary Notes: Detailed description of preprocessing steps, dimensionality
reduction procedures, model parameters, directory structure, and reproducibility instructions.

S$2-Data Dictionary: Comprehensive definition of all analytical variables used in the integrated
datasets, including module assignments and biological interpretation.
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Supplementary Data
S3-Dataset Description

Dataset Provenance and Structure: Documentation describing the origin of the processed
datasets, including MG-RAST accession identifiers, dataset structure, and preprocessing context.

S4-Model Metrics

Model Performance Metrics: Machine-readable JSON file summarizing nested cross-validation
results for the MCAS model, including mean AUC, PR-AUC, Brier score, and bootstrap-derived
confidence intervals.

S5-Ablation Results

Ablation Analysis Results: Machine-readable JSON dataset reporting performance metrics for all
evaluated model configurations (M, K, E, M+K, M+E, K+E, and M+K+E).

S$8-integrated_matrix and labels

Integrated Feature Matrix (sheet integrated matrix of S8-integrated_matrix and labels file):
Processed feature matrix used for model training. The dataset contains six PCA-derived components
representing the microbial (M), metabolic (K), and epigenomic (E) modules (meta_PC1, meta_PC2,
metabo_PC1, metabo_PC2, epi_PC1, epi_PC2) together with corresponding SamplelD values.

Sample-Level Class Labels (sheet labels of S8-integrated_matrix and labels file): Machine-readable
dataset containing binary class labels used in model training (Class: 0 = healthy/younger, 1 = vascular-
aged).

Supplementary Tables

Table S1-S11: These tables correspond to publicly available datasets originally reported by
Yatsunenko et al. (2012) and are provided here unchanged to facilitate reader access to the underlying
microbiome resources. They represent original publicly available microbiome datasets and are
included for reference without modification.

Table $12 - Network Representation Data: Structured dataset supporting the schematic network
representation linking microbiota-derived metabolites with vascular aging-related biological
processes.

Table S13 - MCAS Module Definitions: Overview of the microbial (M), metabolic (K), and
epigenomic (E) modules used in the MCAS model, including variable definitions, biological
interpretation, and analytical roles within the model.

Supplementary Figures
S7-Figures and Supplementary Figures

Figure S1 - Receiver Operating Characteristic (ROC) Curves: ROC curves generated from outer-
fold predictions in the nested cross-validation procedure.

Figure S2 - Calibration Analysis: Calibration plot comparing predicted and observed outcome
probabilities, accompanied by predicted probability distribution.

Figure S3 - Ablation Analysis Comparison: Graphical comparison of model performance across
all evaluated MCAS model configurations.

Supplementary Code

S$6-Code Description
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MCAS_scripts.txt: Primary analysis script implementing preprocessing, nested cross-validation,
model training, evaluation metrics, calibration analysis, and ablation experiments.

Supplementary Code_MCAS: Executable supplementary code used to reproduce the analytical
workflow described in the manuscript.

Source Data

S9-Source_Data contains the numerical values underlying the figures reported in the
manuscript, including ROC curves, calibration analyses, and ablation performance metrics.

Supplementary Materials Checklist

To enhance transparency and reproducibility, the supplementary materials were prepared
according to widely adopted data and code availability standards commonly used by major scientific
publishers.

Data Availability

v" Public datasets used in the study are clearly identified (Yatsunenko et al., 2012 [7];
MG-RAST accessions giime:850 and giime:621).

v' Processed analytical datasets used for model development and validation are
provided.

v’ All datasets used in the analyses are included within $3-Data Description, S4-Model
Metrics, S5-Ablation Results, S8-integrated_matrix and label files.

v" Source Data underlying the reported figures are available (S9-Source_Data).
Code Availability

v All scripts used for model construction and analytical evaluation, model training,
validation, and figure generation are provided.

v’ Code file (S6-Code Description) include MCAS_scripts and Supplementary_Code_MCAS.

v Software environment and computational dependencies are documented (Python
3.10).

v The analytical workflow is described in detail in the S1-Supplementary Notes.
Reproducibility

v’ Data preprocessing workflow is documented.
Procedures used for generating the analytical variables are documented.
Nested cross-validation design is specified (outer folds = 5; inner folds = 3).
Hyperparameter tuning procedures are documented.
Evaluation metrics are reported (ROC-AUC, PR-AUC, and Brier score).

v Bootstrap-based confidence interval estimation is described.
Supplementary Files

v All supplementary files referenced in the main text are provided.

v" File numbering follows a consistent format (S3-Data Description, S4-Model Metrics, S5-
Ablation Results, S8-integrated_matrix and label, Tables $1-513, S7-Figures and Supplementary
Figures).

v' Machine-readable datasets are included (CSV and JSON formats).
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v" Variable definitions and metadata are documented in the S2-Data Dictionary.
Figures and Numerical Data

v" Numerical values underlying the figures are provided as S9-Source_Datu file.

v ROC, calibration, and ablation outputs are reproducible using the provided scripts.

v Machine-readable summaries of model evaluation results are provided in JSON format.
Transparency and Documentation

v’ Dataset provenance is documented.

v’ The analytical pipeline is described in detail.

v’ Variable definitions are provided.

v’ Biological interpretation of model modules is documented.
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