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Background: Atherosclerosis, one of the main threats to human life and health, is driven by abnormal inflammation (i.e., chronic inflammation or oxidative stress) during accelerated aging. Many studies have shown that inflamm-aging exerts a significant impact on the occurrence of atherosclerosis, particularly by inducing an immune homeostasis imbalance. However, the potential mechanism by which inflamm-aging induces atherosclerosis needs to be studied more thoroughly, and there is currently a lack of powerful prediction models.
Methods: First, an improved inflamm-aging prediction model was constructed by integrating aging, inflammation, and disease markers with the help of machine learning methods; then, inflamm-aging scores were calculated. In addition, the causal relationship between aging and disease was identified using Mendelian randomization. A series of risk factors were also identified by causal analysis, sensitivity analysis, and network analysis.
Results: Our results revealed an accelerated inflamm-aging pattern in atherosclerosis and suggested a causal relationship between inflamm-aging and atherosclerosis. Mechanisms involving inflammation, nutritional balance, vascular homeostasis, and oxidative stress were found to be driving factors of atherosclerosis in the context of inflamm-aging.
Conclusion: In summary, we developed a model integrating crucial risk factors in inflamm-aging and atherosclerosis. Our computation pipeline could be used to explore potential mechanisms of related diseases.
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INTRODUCTION
The burden of cardiovascular disease (CVD) has increased, leading to it being considered one of the most expensive diseases (i.e., seriously costing the economic burden) (Lopez et al., 2021). CVD is becoming an increasingly serious problem, with a high incidence rate and accounting for nearly one-third of total deaths (Stewart et al., 2017). Atherosclerosis is considered to be the major cause of CVD (Pahwa and Jialal, 2021). A chronic disease, atherosclerosis, involves the accumulation of plaques, and its major traditional risk factors (i.e., blood lipid proteasemia, diabetes, smoking, hypertension, and genetic abnormalities) have been reported by many epidemiological studies (Bergheanu et al., 2017; Pahwa and Jialal, 2021). However, atherosclerosis is a complex disease, and there are multiple cellular and molecular interactions involved in the progression of atherosclerosis that need to be further investigated and integrated (Lusis, 2000). Moreover, treatment is often difficult, expensive, invasive, and risky, and there is still no effective means of preventing atherosclerosis (Fogoros and Ali, 2020).
An increasing number of reports show that aging is a driving factor of atherosclerosis (El Assar et al., 2012; Wang and Bennett, 2012). Aging is closely related to endothelial dysfunction and arterial stiffness, which are considered to be early events leading to CVD. The aging process involves promotion of a series of risk factors (i.e., oxidative stress, endothelial dysfunction, and pro-inflammatory cytokines), leading to endothelial dysfunction and vascular system damage. In addition, cellular aging induces the release of microbubbles, further contributing to the development and calcification of atherosclerotic plaques (Alique et al., 2018). Therefore, the incidence of atherosclerosis increases with chronological age, and accelerated aging is the main risk factor for the development of atherosclerotic plaques (Kahn, 2021). Furthermore, atherosclerotic plaques represent a key index of cellular aging, which is characterized by reduced cell proliferation, increased DNA damage, and telomere shortening. In summary, a growing body of evidence indicates that atherosclerosis is promoted by cellular aging (Wang and Bennett, 2012).
Atherosclerosis is closely related to inflamm-aging, along with oxidative stress, endothelial dysfunction, and inflammation (Alique et al., 2018). Inflamm-aging is defined as a chronic inflammatory process during aging and mainly characterized by chronic progressive strengthening of the pro-inflammatory response (Xia et al., 2016). In other words, inflamm-aging promotes the body’s pro-inflammatory status with advancing aging, which is closely related to many aging diseases (Xia et al., 2016). A series of studies have shown that aging can promote atherosclerosis by damaging the connection between mitochondrial function and the intravascular inflammatory pathway (Tyrrell and Goldstein, 2020). For example, chronic inflammation is the main cause of age-related atherosclerosis, possibly exerting its effect through the IL-6 signaling pathway (Tyrrell and Goldstein, 2020). Furthermore, inflammatory factors released by senescent cells result in a senescence-associated secretory phenotype and even atherosclerosis (Childs et al., 2017). Selective targeting and elimination of these senescent cells (called heterolysis) has been shown to slow the growth of atherosclerotic lesions by reducing the release of inflammatory and adhesion factors (Childs et al., 2017).
Inflamm-aging induces an immune homeostasis imbalance during atherosclerosis development. As a chronic inflammatory disease, atherosclerosis is characterized by endothelial dysfunction and abnormal immune responses; immune cells and lipids are also involved (Karunakaran et al., 2015). The normal function of the adaptive immune system appears to decline with chronological age, and an advanced inflammatory response is promoted, leading to the imbalance of immune homeostasis (Sadighi Akha, 2018). Both innate and adaptive immune responses have been identified in atherosclerosis, and components of cholesterol-carrying low-density lipoprotein can further trigger abnormal inflammation (Keesey and Powley, 2008). Unsaturated fatty acids can also regulate both the differentiation and activation of T cells and then induce inflammation and oxidative stress (Hubler and Kennedy, 2016), and accumulation of dysregulated proteins can damage the normal function of the endoplasmic reticulum, which has an important role in oxidative stress and the immune response (So, 2018). In short, the nutritional balance is critical to immune homeostasis (Chandra, 1997). Chronic oxidative stress is also vital to immune/inflammatory cells during the inflamm-aging process (Fuente and Miquel, 2009). However, further and more systematic investigation is required to fully elucidate how atherosclerosis is triggered by inflamm-aging in the context of immune homeostasis imbalance. In order to study the potential mechanisms involved in inflamm-aging, immune homeostasis imbalance, and atherosclerosis, we hypothesized that the progression of atherosclerosis would be promoted by accelerated chronic inflammation during the aging process when immune homeostasis was disrupted (Figure 1A).
[image: Figure 1]FIGURE 1 | (A) Diagram of the hypothetical mechanism of atherosclerosis. (B) Workflow of our study.
At present, there are many omics profiles to be further analyzed; thus, proper prediction models need to be developed (Munger et al., 2021). Machine learning (ML), which is regarded as an extension of classical statistical modeling, can digest large amounts of data to identify high-order correlations and generate predictions (Alber et al., 2019; Zhavoronkov et al., 2019). For example, the supervised ML method can be used to understand the aging process (Fabris et al., 2017). Recently, an ML-derived score has been reported to show satisfactory performance in the prediction of cardiovascular events (Sánchez-Cabo et al., 2020). Some studies have also shown that ML can predict CVD and identify key markers related to inflamm-aging and CVD (Alalawi and Alsuwat, 2021; Munger et al., 2021; Sayed et al., 2021). Network analysis can also be used to find clusters of highly related genes and to associate modules with each other and with external sample traits (Deshpande et al., 2016). Recently, causality analysis was applied to CVD and found to be informative, using Mendelian randomization (MR) to integrate genomic and phenotypic information (Yazdani et al., 2016). Although many studies have identified CVD-related risk markers (Shadrina et al., 2020), the inflamm-aging mechanism in atherosclerosis (thus the casual relationship between inflamm-aging and atherosclerosis as well as relative potential risk factors) needs to be explored more thoroughly. Therefore, there is an urgent need to model atherosclerosis progression based on the inflamm-aging process, integrating the potential mechanisms related to immune homeostasis imbalance at a system level.
In order to further explore the inflamm-aging mechanism in atherosclerosis, we present a computational pipeline using ML and systems biology methods (Figure 1B), comprising the following steps (Lopez et al., 2021): we developed an improved model of inflamm-aging-related predictors (the inflamm-aging model) of atherosclerosis and identified relative risk markers (Stewart et al., 2017). An inflamm-aging score was calculated by integrating both aging and inflammatory markers (Pahwa and Jialal, 2021). MR was carried out to explore the causal relationship between inflamm-aging and atherosclerosis (Bergheanu et al., 2017). An inflamm-aging differential network was constructed by summarizing the (partial) correlation between each pair of genes based on the inflamm-aging score (Lusis, 2000). The Markov chain Monte Carlo (MCMC) method was used to further explore a sensitivity index for inflamm-aging, immune homeostasis imbalance, and atherosclerosis (Fogoros and Ali, 2020). Enrichment analysis and network analysis were carried out to study potential risk factors in atherosclerosis. As a result, the casual relationship between inflamm-aging and atherosclerosis was identified, and potential mechanisms related to nutritional balance, oxidative stress, and vessel homeostasis were integrated based on our computational pipeline.
RESULTS
Modeling Inflamm-Aging Predictors and Identifying Relative Risk Markers
Gene expression data were downloaded from the Gene Expression Omnibus (GEO) database, including 926 samples and 11,313 genes (Supplementary Tables S1, S2). The RelifF algorithm was used to sort relative genes, and the k-nearest neighbors (kNN; k = 5 with the cosine distance) algorithm was selected to mode aging predictors and disease predictors (determined by 10-fold cross-validation; results in Supplementary Tables S3–S7). Other classification results are shown in Supplementary Tables S8–S10 based on the support vector machine (SVM), naive Bayes (NB), and ensemble learning (integrating 100 decision tree models) algorithms (Supplementary Tables S8–S10). The accuracy of the models was then validated using test data (Figure 2; Supplementary Figure S1; Table 1) including 126 atherosclerosis samples and 170 controls, where the aging/inflammatory/disease as well as relative parameters (selected by the cross-validation based on the training set, in Supplementary Tables S5) were also used in the test set. Furthermore, top-ranked aging, inflammatory, and disease markers were used in the improved inflamm-aging predictor (Supplementary Tables S5). The aging predictor accuracy was 0.7017, and 441 aging markers were identified; the prediction accuracy of the improved inflamm-aging model was 0.7037, with 186 inflammatory markers and 316 disease markers identified (see Materials and Methods; relative parameters in Supplementary Tables S5). The area under the receiver operating characteristic (ROC) curve values were 0.85682 and 0.74206 for the aging predictor and the improved inflamm-aging predictor, respectively. These results showed that our predictors were reliable and able to identify healthy young and old samples as well as distinguish between normal and disease samples with sufficient accuracy (Figure 2; Table 1).
[image: Figure 2]FIGURE 2 | Machine learning results. (A,B) Aging predictor from our previous study, selecting the number of aging markers. (C,D) Improved inflamm-aging predictor, selecting the number of disease markers. (A,C) Learning curve for the training dataset. (B,D) ROC curve for the test dataset.
TABLE 1 | Accuracy of the predictor on the training and test datasets.
[image: Table 1]Various biomarkers of aging/disease have been associated with biological functions (Supplementary Table S5). For example, MMP8, the top aging marker, is a collagenase with proteolytic activity against matrix proteins and is an important participant in the function of the vascular system and the development of atherosclerosis (Laxton et al., 2009; Toba et al., 2017; Yu et al., 2019). Its expression in the heart increases with chronological age, enabling it to regulate signal transduction during the aging process by regulating the expression and activity of cytokines, chemokines, growth factors, hormones, and angiogenic factors (Mota et al., 2018). The top disease marker is KIR3DL1. Killer immunoglobulin-like receptors (KIR) encode receptors expressed on some subsets of natural killer cells and T lymphocytes (Niepiekło-Miniewska et al., 2014), which can regulate inflammatory response (Ross, 2014; Pugh et al., 2019). Among the 186 inflammatory markers identified, HSPA6 had the lowest false discovery rate (FDR = 4.38e-9). HSPA6 participates in cell protection (Noonan et al., 2007) and cell proliferation and affects the receptor binding affinity of IgG (Takai, 2002; Wang et al., 2020a). HSPA6 is also a putative target of endothelial nitric oxide synthase and is involved in the highly clinically relevant inhibition of vascular smooth muscle cell (VSMC) proliferation, which can repair vessels in human atherosclerosis (McCullagh et al., 2016). Thus, it could be speculated that VSMCs in the vascular system are closely related to atherosclerosis development in the context of inflamm-aging, consistent with previous research results (Bennett et al., 2016).
Comparison of Inflamm-Aging Scores Between Normal and Disease Samples
In order to investigate the accelerated inflamm-aging pattern in atherosclerosis, an inflamm-aging score was constructed by integrating 186 inflammatory markers and 441 aging markers based on the training data (details are given in the “Materials and Methods” section); the results are shown in Table 2. Both the median and mean of the inflamm-aging scores of atherosclerosis samples were greater than those of control samples. These results indicated an accelerated inflamm-aging pattern in atherosclerosis, consistent with previous findings (Lavin Plaza et al., 2020). To further verify this conclusion, the Kruskal–Wallis test (Figure 3A) was used to validate the significance of inflamm-aging in atherosclerosis. The results confirmed that atherosclerosis samples showed a significantly accelerated inflamm-aging pattern compared with normal samples (p = 1.6856e-05). In addition, when inflamm-aging scores were adjusted by chronological age (see Materials and Methods), the accelerated inflamm-aging pattern remained significant (p = 0.0024; Figure 3B; Table 2). A principal component analysis (PCA) plot is also shown in Supplementary Figure S2.
TABLE 2 | Inflamm-aging scores of the disease and control groups.
[image: Table 2][image: Figure 3]FIGURE 3 | Accelerated inflamm-aging pattern using the Kruskal–Wallis test. (A) Original inflamm-aging score. (B) Adjusted inflamm-aging score.
Exploring the Causal Relationship Between Inflamm-Aging and Atherosclerosis by MR
In order to study the inflamm-aging mechanisms in atherosclerosis more thoroughly, the MR method was used to distinguish causal relationships among aging, inflammation, and atherosclerosis, and partial correlation coefficients were calculated (see Materials and Methods for details). Crucial causal relationships related to inflamm-aging were identified in this way (Table 3, Supplementary Table S1, S2). For example, RPRM was the top aging marker in MR, related to the most (Takai, 2002) inflamm-aging markers. RPRM is a highly glycosylated cytoplasmic protein encoded by a p53-dependent putative tumor suppressor gene (Ohki et al., 2000). Its overexpression decreases cell proliferation, migration, and invasion and increases apoptosis (Figueroa et al., 2017). PECAM1 was the top disease marker, related to the maximum number (Merl-Pham et al., 2019) of aging markers. The expression of PECAM1 is associated with the response of various immune cell types (i.e., CD4 + T cells, B cells, CD8 + T cells, neutrophils, macrophages, and dendritic cells) as well as endothelial cells (Harry et al., 2008; Ye et al., 2021). The activation of endothelial PECAM1 has been shown to lead to nuclear translocation of nuclear factor κB (NF-κB) and expression of inflammatory and adhesion mediators, which promoted atherosclerosis (Harry et al., 2008). Polymorphism of PECAM1 is associated with the incidence rate of coronary atherosclerosis (Harry et al., 2008), indicating that inflamm-aging could accelerate atherosclerosis progression.
TABLE 3 | Top 10 pairs with the largest absolute difference in correlation and partial correlation between “inflammation+ atherosclerosis−” and “inflammation+ atherosclerosis+”.
[image: Table 3]BIRC2–PLOD1 was the top aging–atherosclerosis pair (with the maximum differential K-S value of 0.06498; Table 3). BIRC2 is an E3 ubiquitin-protein ligase that regulates NF-κB signaling to maintain endothelial cell survival and blood vessel homeostasis during vascular development (Santoro et al., 2007; Samanta et al., 2020). PLOD1 can promote cell growth and the aerobic glycolysis process (Zhang et al., 2021). It also plays vital roles in atherosclerosis, including enhancing collagen fibril deposition (Yuan et al., 2021), modifying collagen (Wågsäter et al., 2013), and regulating the expression of extracellular matrix (ECM) (Merl-Pham et al., 2019). Thus, we conjectured that the vascular system would have an effect on atherosclerosis. In summary, key causal relationships between inflamm-aging and atherosclerosis were identified using MR.
The Inflamm-Aging Differential Network Revealed Key Inflamm-Aging Mechanisms in Atherosclerosis
In order to explore potential inflamm-aging mechanisms in atherosclerosis at a system level, an inflamm-aging differential network was constructed by calculating the (partial) correlation coefficient for each pair of genes in the training data and test data, respectively (details shown in Materials and Methods). The Pearson correlation coefficient of degree and degree frequency after logarithmic transformation was -0.8827 (p = 2.7871e-30; Supplementary Figure S3), with a small ratio of genes having a large degree. That is, the network had the scale-free characteristic. Furthermore, when the network was verified on the test set, the p-value was close to 0 using Fisher’s exact test. All these results indicate the reliability of the network.
The network markers indicated that endothelium, oxidative stress, and inflammation have important roles in atherosclerosis; the top-ranked genes (by degree) and their corresponding functions are shown in Table 4 (Yang et al., 2000; Zhang, 2013; Schisler et al., 2015; Mezzadra et al., 2017; Zheng et al., 2017; Guan et al., 2018; Lan et al., 2020; Nie et al., 2020; Zheng et al., 2020; Chen et al., 2021a; Cao et al., 2021; Covarrubias et al., 2021; Liu et al., 2021; Wang et al., 2021; Zheng et al., 2021). For example, the gene with the largest degree was PXN, which encodes a cytoskeleton protein. PXN is related to the attachment of actin membrane to ECM, tissue remodeling, and cell proliferation and survival. PXN also has important roles in focal adhesion, endothelial dysfunction, inflammation, and oxidative stress (Chen et al., 2021a).
TABLE 4 | Top 10 markers with the highest degrees.
[image: Table 4]Sensitivity Analysis Further Highlighted the Immune Homeostasis Imbalance in Atherosclerosis
In order to further investigate the mechanisms underlying inflamm-aging, immune homeostasis imbalances, and atherosclerosis, the MCMC method was used to develop a sensitivity index for the relationship between inflamm-aging and atherosclerosis (based on the results obtained by MR). A bipartite graph of aging–disease pairs was constructed (see Materials and Methods, and Supplementary Figure S4).
The top 10 most sensitive pairs are shown in Table 5 (based on absolute differential frequencies). The relationship pair with the greatest difference (0.08172) was CRBN–MRPL40 (Table 5). CRBN functions as a potential regulator of cell homeostasis by mediating the ubiquitination of target substrates involved in processes including ion transport, the AMP-activated protein kinase (AMPK) signaling pathway, and cellular metabolisms (Shi and Chen, 2017; Jeon et al., 2021). It also protects cells from fat metabolism disorders (induced by high-fat levels) and negatively regulates CD4+ T cell activation (Shi and Chen, 2017), and has been implicated in a variety of diseases including CVD, obesity, and fatty liver (Shi and Chen, 2017). MRPL40 is related to mitochondrial functions (Li et al., 2019) and is crucial to ensuring ribosome translational fidelity and subsequent assembly of the oxidative phosphorylation complex (Jia et al., 2009). In short, these results indicate that oxidative stress plays an important part in the development of atherosclerosis.
TABLE 5 | Top 10 pairs with the largest absolute difference between the frequency of disease inflammation and the frequency of the healthy inflammation in the relationship pairs with the shortest paths.
[image: Table 5]The aging marker related to the most (Keesey and Powley, 2008) disease markers (Supplementary Tables S13) was HEY2, the main sensor of Notch signal transduction. HEY2 has a key role in cardiac development; for example, it protects the heart from age-induced hypertrophic changes (Röning et al., 2022). It also regulates the proliferation of VASCs (Shirvani et al., 2007). PECAM1 was the inflamm-aging marker related to the maximum number (Alber et al., 2019) of aging markers (Supplementary Tables S14) in both the sensitivity analysis and MR (Harry et al., 2008; Ye et al., 2021). These results highlighted the critical role of the immune homeostasis imbalance in atherosclerosis progression.
Underlying Inflamm-Aging Mechanisms Based on Enrichment Analysis
In order to further explore the potential mechanism linking inflamm-aging and atherosclerosis, the shortest path of each aging–disease pair (as identified by MR or MCMC) in the inflamm-aging differential network was determined using the Dijkstra algorithm; then, the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis and gene ontology (GO) enrichment analysis with respect to biological process (BP) was performed on these shortest paths.
The top 10 KEGG pathways (those enriched in the shortest paths) are shown in Table 6 (Turi et al., 2019; Jia et al., 2021; Chothani et al., 2019; Yin et al., 2021; Manhas and Rath, 2020; Li et al., 2018; Nakajima et al., 2019; Hosseini et al., 2021; Critchley et al., 2018; Lathe et al., 2014; Margiotta, 2021; Nickel et al., 2002; Chen et al., 2020; Luo et al., 2020; Miller et al., 2021; Stadtman et al., 2005; Bonifácio et al., 2021; Blachier et al., 2020; Kumar et al., 2017; Récher, 2021; Klemm and Ruland, 2006). The most frequently enriched KEGG pathway was “ribosome” (enriched in eight shortest paths; Figure 4A). The rate of ribosome biogenesis has an important role in cell cycle progression and proliferation, which are closely related to coronary restenosis and atherosclerosis (Turi et al., 2019; Jia et al., 2021). Further, RNA translation and RNA transcription in the ribosome participate in fibration, which is vital to the development of atherosclerosis (Chothani et al., 2019). Advanced inflamm-aging impairs ribosome biogenesis, leading to autoantibody production against ribosomal proteins (Yin et al., 2021). Increased oxidative stress may also damage ribosomal RNA (Manhas and Rath, 2020). In short, the ribosome has an important role in the development of atherosclerosis.
TABLE 6 | Top 10 KEGG with the most numerous enriched paths.
[image: Table 6][image: Figure 4]FIGURE 4 | Shortest paths for enrichment analysis. (A)a Maximum number of enriched paths for the KEGG pathway (“ribosome”); (B)KEGG pathway with the minimum FDR (“SNARE interactions in vesicular transport”); (C) maximum number of enriched paths for BP terms (“aminoglycoside antibiotic metabolic process” (GO:0030647)); (D) BP term with the minimum FDR (“vesicle-mediated transport between endosomal compartments” (GO:009,892)); (E) KEGG pathway with the minimum FDR based on sensitivity analysis (“cytosolic DNA-sensing pathway”); (F) BP term with the minimum FDR based on sensitivity analysis (“positive regulation of reactive oxygen species biosynthetic process” (GO:1903428)). Orange nodes, aging biomarkers; blue nodes, genes connecting aging biomarkers and atherosclerosis biomarkers; green nodes, atherosclerosis biomarkers; genes in the red square frames, genes with enriched functions.
The top enriched KEGG pathway (with the minimum FDR) was “SNARE interactions in vesicular transport” (p = 4.6346 and FDR = 0.0086; Figure 4B). The SNARE protein is an essential component in the regulation of vesicle fusion and plays a key part in maintaining cell homeostasis (Margiotta, 2021). Vesicle transport is the main mechanism of protein and lipid exchange between membrane-bound organelles in eukaryotic cells (Nickel et al., 2002); vesicle transport in mitochondria also affects mitochondrial function, which is one of the key characteristics of aging (Chen et al., 2020). Extracellular vesicles are involved in various processes including inflammation, coagulation, vascular dysfunction, angiogenesis, and aging, which contribute to the occurrence and progression of atherosclerotic thrombotic diseases (Konkoth et al., 2021).
The top 10 BP terms (those enriched in the most paths) are shown in Table 7 (Krause et al., 2016; Sainlos et al., 2003; Gonzalez and Spencer, 1998; Swirski and Nahrendorf, 2014; Meng et al., 2022; De Stefano et al., 2021; Kurek et al., 2021; Kiechl et al., 1998; Tokarev et al., 2009; Hu et al., 2015; Van-Assche et al., 2011; Shimizu et al., 1997; Moore et al., 2013; Patel et al., 2000). “Aminoglycoside antibiotic metabolic process” (GO:0030647) was the most enriched BP term (enriched in two shortest paths; Figure 4C). Aminoglycosides provide a favorable scaffold for the synthesis of various cationic lipids (Krause et al., 2016; Sainlos et al., 2003), and are used to treat and prevent endocarditis (Gonzalez and Spencer, 1998). “Vesicle-mediated transport between endosomal compartments” (GO:0098927) was the BP term with minimum FDR (p = 9.0282e-08, FDR = 6.7540e-04; Figure 4D). The main communication process between a cell and its environment is vesicle transport, through bidirectional trafficking among the Golgi, endosomes, and lysosomes (Tokarev et al., 2009). The endosomal–lysosomal system and endomembrane system are also closely related to both lipid and protein metabolism (Hu et al., 2015).
TABLE 7 | Top 10 BP with the most numerous enriched paths.
[image: Table 7]Enrichment analysis was also performed based on the results of the sensitivity analysis. “Cytosolic DNA-sensing pathway” was the KEGG pathway with the minimum FDR in the sensitivity analysis (p = 8.4266e-05, FDR = 0.0157; Figure 4E); this can promote the expression of immune markers (Luo et al., 2020). Cytoplasmic DNA and cytoplasmic DNA-sensing adapter STING play key parts in aortic degeneration by promoting smooth muscle cell damage, matrix metalloproteinase (MMP) production in macrophages, and ECM degeneration (Luo et al., 2020). Endogenous cytoplasmic DNA is also a contributing factor to inflammation in the absence of pathogenic infection and is associated with many chronic age-related diseases, including CVD and neurodegenerative diseases (Miller et al., 2021). “Positive regulation of reactive oxygen species biosynthetic process” was the BP term with minimum FDR (GO:1903428, p = 4.3964e-07, FDR = 0.0016; Figure 4F). Reactive oxygen species (ROS) play a critical part in the regulation of the expression of multiple promoters and anti-inflammatory genes involved in atherosclerosis, via inducing low-density lipoprotein (LDL) oxidation, foam cell formation, and activation of many redox-sensitive transcription factors including NF-κB and activating protein 1 (Van-Assche et al., 2011).
In summary, a series of risk factors in atherosclerosis were identified, including inflammation, nutritional metabolism, energy metabolism, and the vascular system.
Network Markers Revealed Crucial Mechanisms Between Aging and Atherosclerosis
Network markers were also identified by calculating the betweenness of each aging–disease shortest path; the top 10 markers are shown in Table 8. The network marker with the greatest betweenness (Munger et al., 2021) was RPL35 (Figure 5A; Table 8). RPL35 is an important component of the 60S ribosomal subunit, with a key role in mRNA translation and protein synthesis (Wu et al., 2021). Gene betweenness was also calculated according to the sensitivity analysis. The top markers and their betweenness values are shown in Table 9. According to this analysis, IRAK1 and VAMP8 were the top network markers (betweenness = 8; Figures 5B, C; Table 9). IRAK1 is a threonine/serine kinase that is related to the pathogenesis of atherosclerosis (Rana et al., 2016). It regulates lipid accumulation and prevents the formation of macrophage foam cells (Rana et al., 2016), as well as participating in multiple IL-1- and Toll-like receptors (TLR) driven signaling processes and in the regulation of levels of immune pro-inflammatory cytokines (Singer et al., 2018). VAMP8 is relevant to macrophage degranulation and secretion of TNF-α (Pushparaj et al., 2009), and regulates lysosome–autophagosome interaction and exocytosis (Jones et al., 2012; Chen et al., 2021b). Its phosphorylation regulates lipid metabolism in the liver (Huang et al., 2021). VAMP8 recruits NOX2 into phagosomes, causing lipid oxidation and membrane damage, and also mediates the transport of NOX2 to endosomes and phagosomes, thereby promoting the induction of the cytolytic T cell immune response (Dingjan et al., 2017). In short, the identification of network markers showed that the occurrence of atherosclerosis was closely related to inflammation and immunity homeostasis imbalance.
TABLE 8 | Top 10 genes with the highest betweenness in the aging acceleration network.
[image: Table 8][image: Figure 5]FIGURE 5 | Network marker with the highest betweenness. (A) Based on MR; (B,C) based on MCMC.
TABLE 9 | Top 10 genes with the highest betweenness in the aging acceleration network based on sensitivity analysis.
[image: Table 9]DISCUSSION
CVD has become a serious health problem, the incidence of which increases with age. It is well known that both aging and inflammation have vital roles in atherosclerosis, which is one of the key risk factors for CVD. However, the exact relationships between inflamm-aging and atherosclerosis and the role of immune homeostasis have to be studied more systematically. It is particularly important to elucidate the causal relationship between inflamm-aging and atherosclerosis, in order to determine the mechanisms underlying atherosclerosis and identify potential therapeutic targets. A causal analysis was used to identify the relationship between aging and atherosclerosis using MR. An ML approach was used owing to its great advantages in processing large amounts of data and generating prediction models with appropriate accuracies. Network analysis and sensitivity analysis were also performed to integrate multiple factors and identify relative risk markers, which will be conducive to more systematic study of atherosclerosis.
Our results showed that immune homeostasis is vital for the development of atherosclerosis. Disorders of the immune system can lead to atherosclerosis, and several characteristics related to immune homeostasis imbalance were identified in our study. For example, “myeloid leukocyte activation” (GO:0002274) and “regulation macrophage activation” (GO:0043030) involve the effects of inflammation on atherosclerosis. Several risk markers related to the immune response that have key roles in atherosclerosis were identified, including the top aging marker MMP8, disease markers KIR3DL1 and MAGEA6, network markers based on degree (RBM10, PJA2, and CMTM6; Table 4), and network markers based on betweenness (IRAK1 and VAMP8). Other potential markers including HEY2 (identified by sensitivity analysis) and PECAM1 (identified by MR and sensitivity analysis) and the top causal pairs BIRC2–PLOD1 and CRBN–MRPL40 also suggested a role of immunity in atherosclerosis. In brief, the abnormal immune response is a key characteristic of atherosclerosis (Karunakaran et al., 2015); our results further confirmed that immune homeostasis imbalance is crucial in atherosclerosis in the context of inflamm-aging.
Vascular homeostasis imbalance was also identified as a factor in atherosclerosis progression. It has been reported that dysfunction of endothelium and VSMCs, an early marker of atherosclerosis, can disrupt the balance between vasoconstriction and vasodilation, thereby promoting the inflammatory response and exacerbating atherosclerosis (Nkoenig et al., 2022; Alberts et al., 2002; Davignon and Ganz, 2004). The top inflammation marker (HSPA6) and the top network markers according to a degree (PXN and MAP3K3) in our results indicated an effect of endothelial cells and VSMCs. Dysfunction of endothelium contributes to the recruitment of inflammatory cells, and VASC proliferation is related to upregulation of pro-inflammatory cytokines (Alique et al., 2018). Consequently, there is a key link between inflammation and vascular homeostasis. The top enriched KEGG pathway was the “cytosolic DNA-sensing pathway” (Figure 4E), indicating the potential relevance of inflammation and vascular homeostasis. In addition, PECAM1 enables endothelial cells to respond to fluid shear stress and regulates inflammatory signaling pathways (Privratsky and Newman, 2014). In the causal pair BIRC2–PLOD1, BIRC2 promotes endothelial cell survival and blood vascular homeostasis via regulation of inflammatory/immune signaling pathways (Santoro et al., 2007; Samanta et al., 2020). PLOD1 encodes lysyl hydroxylase-1, which is essential for ECM maturation. ECM proteolytic fragments affect a variety of functions and properties of inflammatory and immune cells (Adairkirk and Senior, 2008); ECM was also relevant to the integrity and stability of VSMCs (Nkoenig et al., 2022). It has been reported that inflamm-aging can lead to changes in vascular structure and aging of VSMCs (Chi et al., 2019). In short, vascular homeostasis has a key role in atherosclerosis and inflamm-aging.
The role of oxidative stress was further investigated. Oxidative stress increases ROS generation and/or reduces the imbalance of the body’s innate antioxidant defense system and is thus a key influence on atherosclerosis (Kattoor et al., 2017). Our results provided further evidence of the association of oxidative stress with atherosclerosis, for instance, the top enriched BPs were “positive regulation of reactive oxygen species biosynthetic process” (GO:190,342) and “oxidative phosphorylation” (Table 4). Oxidative stress caused by excessive production of ROS has become the driven risk factor in atherosclerosis (Kattoor et al., 2017). The network marker (based on degree; Table 4) NADK is related to the production of NADPH. NADPH oxidase is the main source of ROS (Ganguly et al., 2021). ROS also has important roles in inflammatory response, apoptosis, cell growth, and changes in vascular tone as well as in the oxidation of LDL cholesterol (Kattoor et al., 2017). For example, ROS can cause physical damage to plaques via stimulating smooth muscle cell migration and collagen deposition, leading to endothelial dysfunction (Ganguly et al., 2021). In summary, the interaction between oxidative stress and vascular homeostasis is vital to atherosclerosis. The relationship between oxidative stress and aging was also explored. Oxidative stress is well known to have an important influence on aging. One of the aging markers identified by our MR approach was RPRM, a p53-inducible gene (Xu et al., 2012). TP53 regulates the expression of various genes involved in the maintenance of homeostasis, including cell cycle regulation and redox homeostasis (i.e., production of antioxidant enzymes) (Gambino et al., 2013; Beyfuss and Hood, 2018). Overall, these findings indicate that oxidative stress is a key factor in atherosclerosis in the context of inflamm-aging.
Nutritional imbalance (i.e., lipid and protein imbalance) has a vital role in atherosclerosis. Abnormal nutrient metabolism can affect the occurrence and development of atherosclerosis, and it has been suggested that atherosclerosis could be prevented and treated by adjusting the proportion of nutrients in the diet (Wei et al., 2021). For example, vesicles represent the main transport pathway for nutritional macromolecules (i.e., lipids and protein) and thus have a vital role in the establishment of the nutritional imbalance that is related to the development of atherosclerosis. The terms identified in our enrichment analyses, including “vesicle-mediated transport between endosomal compartments” (GO:0098927; Table 7) and “SNARE interactions in vesicular transport” (Table 6), confirmed this viewpoint. Furthermore, lipids have an important role in maintaining nutritional balance. Atherosclerosis is considered to be an inflammatory disease with chronic lipid accumulations and poor adaptability of arterial intima (So, 2018). Our sensitivity analysis identified CRBN, a negative regulator of AMPK in vivo, which is related to the metabolism of glucose and fat and is considered to be a regulator of body metabolism and energy homeostasis (Lee et al., 2013). We also identified IRAK1 and VAMP8 (using betweenness), which are related to the metabolism of lipids (Pushparaj et al., 2009; Singer et al., 2018). There is substantial evidence that lipids are related to atherosclerosis progression, as a high cholesterol level is a major risk factor in atherosclerosis and CVD, and fatty acid metabolism is closely related to endothelial function and protein homeostasis (Malekmohammad et al., 2021; Graham et al., 2021; Hasan and Fischer, 2021). Protein homeostasis is also relevant to macrophages in atherosclerosis (Koga et al., 2011). Our results demonstrated the role of protein as a nutrient in atherosclerosis. For instance, the top network marker (based on betweenness), RPL35, has a role in protein translation and endoplasmic reticulum docking (Wu et al., 2021). In addition, “aminoglycoside antibiotic metabolic process” (GO:0030647; Table 7) and “glycoside metabolic process” (GO:0016137; Table 7) further indicated a key role related to both lipids and proteins in atherosclerosis progression. As a result, the nutritional imbalance was identified as one of the driving factors behind atherosclerosis.
In the theory of inflamm-aging, the aging process leads to a chronic progressive inflammatory state, involving both the activation of innate immunity and accelerated pro-inflammatory response. As a result, the dynamic balance between pro- and anti-inflammatory cytokines is disrupted, and atherosclerosis was induced by the resulting immune homeostasis imbalance (Kahn, 2021). Our results further confirmed the key role of inflamm-aging in atherosclerosis and also identified dysfunction of endothelium and vessels, oxidative stress, and nutritional imbalance as risk factors. Studies have shown interactions among inflammation, nutrition, and endothelial and vascular homeostasis as well as oxidative stress. For instance, lipid accumulation is involved in the production of pro-inflammatory cytokines (Malekmohammad et al., 2021) and inflammation can affect lipid metabolism in macrophages (Osada et al., 2017). Moreover, oxidized LDL (ox-LDL) can remain in blood vessels, inducing dysfunction of the endothelium, which further responds to inflammatory signals, with a crucial role in atherosclerosis development (Malekmohammad et al., 2021). In addition, increased ROS production promotes endothelial dysfunction, leading to remodeling, platelet aggregation, loss of vasodilation, inflammation, and smooth muscle cell growth (Higashi et al., 2014). In our analysis, the “ribosome” pathway was identified as the most enriched KEGG pathway (Figure 4A), which highlighted the interactions among nutrition, vessels, and oxidative stress during the aging process (Stein et al., 2022). In summary, our work integrated potential mechanisms involving the inflammatory response, nutrition imbalance, and vascular homeostasis imbalance as well as oxidative stress, consistent with and contributing further to the inflamm-aging theory (Figure 6).
[image: Figure 6]FIGURE 6 | Mechanism of atherosclerosis induced by inflamm-aging. Gray genes, aging makers; blue genes, disease markers; green genes, inflammation markers; purple genes, markers with high degrees; orange genes, network nodes with high betweenness. Green arrow, inflammation; blue arrow, immune homeostasis; orange arrow, oxidative stress; gray arrow, vascular homeostasis; yellow arrow, nutritional balance.
CONCLUSION
In this study, an ML method was used to model predictors of aging and disease and identify relative risk markers. The accelerated inflammatory pattern in atherosclerosis was verified by comparing inflamm-aging scores. The causal relationship between inflamm-aging and atherosclerosis was explored through MR, and then through sensitivity analysis, enrichment analysis, and network analysis; the results indicated that disorders of lipid homeostasis and dysfunction of endothelial cells and vascular homeostasis could promote the development of atherosclerosis. The role of oxidative stress was also confirmed. In summary, our work revealed that in the context of inflamm-aging, nutrition imbalance and vascular homeostasis, as well as oxidative stress, are risk factors that promote the development of atherosclerosis in a coordinated manner.
MATERIALS AND METHODS
Data and Pre-Processing
All gene expression data were downloaded from the GEO database (https://www.ncbi.nlm.nih.gov/geo/) in NCBI, including the GSE7638, GSE9820, GSE12288, GSE20681, GSE22253, GSE37171, and GSE123696 datasets. These datasets were from seven different platforms: GPL571, GPL6255, GPL96, GPL4133, GPL6244, GPL570, and GPL15207. The pre-processing steps for obtaining gene expression profiles were as follows:
1) Age and disease information of each sample (disease was encoded as 1, healthy as 0) was obtained, and samples without age were deleted.
2) The gene expression matrix for each dataset was integrated by summarizing the probe number within the gene symbol.
3) The total data matrix was integrated, and the missing gene expression values were filled with values of 0.
4) Genes with zero expression values ≥ 30% were deleted.
5) Gene expression profiles were transformed by the logarithmic transformation method in containing outliers (>3 times of standard deviation or <−3 times of standard deviation).
6) Based on the mean and the standard deviation of gene expression for healthy aged individuals, z-score normalization was performed for both normal aged samples and atherosclerosis samples.
7) The singular value decomposition method was used to eliminate inter-sample variation based on the top three principal components in healthy aged individuals.
8) The z-score was then used to normalize all individuals based on the mean and standard deviation of healthy aged individuals.
As a result, a total of 926 samples were obtained, including 313 samples from healthy aged individuals (age >50 years, 210 training datasets +103 test datasets), 207 samples from healthy young individuals (age ≤50, 140 + 67), 340 samples from aged atherosclerosis patients (age >50, 235 + 105), and 66 samples from young atherosclerosis patients (age ≤50, 45 + 21), with a total of 11,313 gene symbols.
Modeling the Improved Inflamm-Aging Predictor of Atherosclerosis
Gene expression profiles were divided into a training dataset and test dataset at a ratio close to 2:1, and the inflamm-aging prediction model was established by integrating aging, inflammation, and disease (atherosclerosis) markers. Aging and disease models were first constructed, respectively; then, an improved inflamm-aging model was developed by including inflamm-aging markers and adjusting the disease predictor (Supplementary Figure S5). The following steps were performed for the inflamm-aging model:
1) To summarize the interactions among key markers according to aging/disease, the gene expression profiles were transformed (or replaced) based on the results of our previous study (Wang et al., 2020b). The Pearson correlation coefficient was used to evaluate relevance and redundancy:
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where the phenotype was set as 0 (control) versus 1 (disease) in the disease model, or as the transformation of the age in the aging model:
[image: image]
The interaction is summarized as follows:
[image: image]
where only the first log2 (n+1) interactions for each gene were included.
2) The 11,313 gene profiles (training dataset) were sorted by the ReliefF algorithm.
3) The kNN (k = 5 with the cosine distance), SVM, NB, and ensemble learning (established 100 decision tree models) algorithms were used to select key markers (in the aging or disease model) based on the training dataset and to evaluate the performance on the test dataset, with the help of 10-fold cross-validation. The kNN (k = 5 with the cosine distance) algorithm was selected, and 441 aging markers and 390 candidate disease markers were identified in this step (Supplementary Tables S3, S4).
4) The inflamm-aging model was constructed by integrating the aging, inflammation, and disease markers as follows:
① 568 candidate inflammatory markers were obtained based on the GO BPs using the gene set enrichment analysis (GSEA) platform (http://software.broadinstitute.org/gsea/downloads.jsp, version 7.4, keyword “INFLAMMATORY”); then, aging markers or candidate disease markers overlapping with candidate inflammatory markers were removed.
② Aging markers and candidate disease markers were further filtered using the Kruskal–Wallis test (p < 0.05 and FDR < 0.2).
③ Inflamm-aging markers were identified by transforming selected inflammatory markers combined with the aging markers [also based on a previous study (Wang et al., 2020b) as in step (Lopez et al., 2021)], where an interaction was retained if p < 0.05 and FDR < 0.2 using the Kruskal–Wallis test.
④ Disease markers were also transformed based on the inflammatory markers.
⑤ The kNN method, ReliefF algorithm, and 10-fold cross-validation were used to reselect the optimized integrative disease markers, where some of the top candidate 500 disease markers were replaced by disease markers related to inflamm-aging in step ④. Therefore, the improved inflamm-aging predictor contained 116 aging markers, 186 inflammatory markers, and 316 disease markers (Supplementary Table S5).
5) The traditional aging or disease predictor using original gene datasets was used as a comparator to evaluate the prediction ability of the improved inflamm-aging model (also using kNN, ReliefF, and 10-fold cross-validation with the same details; results in Supplementary Table S6, S7).
6) Other classifiers including SVM, NB, and the ensemble algorithm were also used for comparison of their prediction abilities.
Calculating the Inflamm-Aging Score
The steps to calculate the inflamm-aging score for each sample were as follows:
1) The distance between healthy young and old neighbors was calculated using the original inflamm-aging score based on the inflammatory markers in the inflamm-aging model; the cosine distance was also used:
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2) The original score was adjusted by age:
[image: image]
where b is the regression coefficient for an aging score, and the transformed age is calculated as follows:
[image: image]
3) Both the original and adjusted inflamm-aging scores were used to test the accelerated pattern in atherosclerosis based on the Kruskal–Wallis test.
4) The atherosclerosis (disease) score was calculated based on the identified disease markers (with the same details as for the inflamm-aging score) in the improved inflamm-aging model for further (sensitivity/network) analysis.
Causality Analysis Based on MR
MR is a statistical method used to evaluate the causal relationship between risk factors and results based on observed data (Burgess et al., 2019; Burgess et al., 2020). The causal relationships among the instrumental variable, the risk factor, and the outcome variable were evaluated as follows.
1) There was a correlation between the instrumental variable and the risk factor.
2) There was no correlation between the instrumental variable and the confounding factor.
3) There was no correlation between the instrumental variable and the outcome variable after deleting the effect from the risk factor.
In this work, aging markers were used as instrumental variables, inflammatory markers were used as risk factors, and inflamm-aging markers were used as outcome variables to explore the causal relationship between inflamm-aging and atherosclerosis. The steps were as follows:
1) The training dataset was divided into three groups: low inflammation in health (“inflammation− atherosclerosis-”), high inflammation in health (“inflammation+ atherosclerosis−“), and low inflammation in disease (“inflammation+ atherosclerosis+”).
2) For each group, the Pearson correlation coefficient between each aging marker and the inflamm-aging score was calculated to evaluate the correlation between the instrument variable and the risk factor. The relationship was retained if the correlation for “inflammation− atherosclerosis− was between those of “inflammation+ atherosclerosis−” and “inflammation+ atherosclerosis+” (meaning that the atherosclerosis was triggered by the inflammation).
3) To filter out the correlation between the instrumental variable and confounding factors, a permutation test was performed by generating the simulated inflamm-aging score from the same number of randomly selected markers; this process was repeated 1,000 times, then the p-value was calculated as the proportion of occurrence times (larger than the real difference) of the absolute difference between “inflammation+ atherosclerosis−” and “inflammation+ atherosclerosis+” in 1,000 permutations. The relationship between each aging marker and the inflamm-aging score was retained if the permutation p < 0.05.
4) If the gene was within both the aging marker set and the disease marker set, then it was removed.
5) For each group, the Pearson correlation coefficient between each aging marker and disease marker was calculated to evaluate the correlation between the instrument variable and the outcome variable; and the partial Pearson correlation coefficient between each aging marker and disease marker based on the inflamm-aging score was calculated to evaluate the correlation between the instrument variable and the outcome variable without the background of the risk factor. The causal relationship between each aging marker and disease marker was retained if the difference between the correlation and the partial correlation for “inflammation− atherosclerosis− was between those for “inflammation+ atherosclerosis−” and “inflammation+ atherosclerosis+” (meaning that the atherosclerosis was triggered by the inflammation).
6) To filter out the potential correlation between confounding factors and the outcome variable, a permutation test was performed by generating the simulated aging marker and disease marker from the same number of randomly selected markers, repeated 1,000 times; then, the permutation P-value was calculated using the same details as in step (Pahwa and Jialal, 2021).
7) To filter out potential weak instrumental variables, the aging markers were further analyzed by evaluating the correlation between the inflamm-aging score and each aging marker, using the result of the point multiplication between the inflamm-aging score and each aging marker; then, the residual of the inflamm-aging score was tested between the atherosclerosis and control subgroup, using the Kruskal–Wallis test (p < 0.05 and FDR < 0.2).
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where b is the regression coefficient.
8) To filter out the effect of horizontal pleiotropy, the aging–disease causal relationship was further examined by comparing the correlation between each aging and disease marker, through the inflamm-aging score or otherwise. Steps ①–③ were used to calculate the correlations between instrumental variables and outcome variables without the background of the risk factor, and step ④ was used to calculate the correlations between instrumental variables and outcome variables without the context of the risk factor.
① The residual of each disease marker (“residual A”) is calculated based on the inflamm-aging score:
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where b1 is the regression coefficient.
② The residual of each aging marker (“residual B”) is calculated based on the inflamm-aging score:
[image: image]
where b2 is the regression coefficient.
③ The aforementioned two residuals were further compared, and the residual of the disease marker is calculated (as “residual C”):
[image: image]
where b3 is the regression coefficient.
④ The residual of the disease marker (“residual D”) was calculated based on the aging marker.
⑤ The difference (between “residual C” and “residual D”) was tested between the atherosclerosis and control subgroups, using the Kruskal–Wallis test (P < 0.05 and FDR<0.2).
Finally, the causal relationship between the aging marker and disease marker (through the inflamm-aging score) was retained. Thus, 1,340 aging–disease pairs were identified as causal relationships, including 116 aging markers and 312 inflamm-aging markers.
Constructing the Inflamm-Aging Differential Network
In order to further reveal the relationship between inflamm-aging and atherosclerosis, an inflamm-aging differential network was constructed by the following steps:
1) To compare the relationship of each gene pair in the context of inflamm-aging, both the Pearson correlation coefficient for each pair of genes and the partial correlation coefficient based on the inflamm-aging score were calculated based on the atherosclerosis and control groups, respectively.
2) The Benjamini–Hochberg FDR method was used to adjust the P-values of the correlation coefficient and the partial correlation coefficient.
3) The differences in the correlations and partial correlations between the atherosclerosis and control groups were calculated.
4) The edge between each gene pair was retained if the signs of the difference in values for the correlation and partial correlation were different, and values of p < 0.05 and FDR<0.1 were obtained in step (Pahwa and Jialal, 2021).
5) The scale-free characteristics of the inflamm-aging acceleration differential networks were verified by the power-law distribution.
6) The shortest path between each pair of aging and inflamm-aging markers was selected based on each aging acceleration differential network using the Djikstra algorithm.
7) The network constructed based on the training data was used for further analysis (identifying shortest paths, exploring biological functions between aging and atherosclerosis, etc.), and the network constructed based on the test data was used to validate the training network.
Global Sensitivity Analysis Using the MCMC Method
In order to further explore the immune homeostasis imbalance in atherosclerosis in the context of inflamm-aging, an overall sensitivity analysis based on the MCMC method was carried out, where the aging–disease pairs identified by MR were used as candidate relationships to be further evaluated. The MCMC method is used for sampling from certain posterior distributions following a given probabilistic background in high-dimensional space. The key step in MCMC is to construct a Markov chain whose equilibrium distribution equals the target probability distribution. The steps are as follows.
1) Construct a transition kernel of an ergodic Markov chain. In this study, the prior distribution for each parameter was the normal distribution based on all the identified aging inflammation and inflamm-aging markers for each group (“inflammation− atherosclerosis−”, “inflammation+ atherosclerosis−, and “inflammation+ atherosclerosis+”).
2) Simulate the chain until it reaches equilibrium. The Metropolis–Hastings sampling method is used to determine whether the new sample (θ*) is acceptable based on the α value:
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where p(θn|X) and p(θ*|X) are the posterior probabilities of the nth accepted sample and the new sample, q(θn→θ*) is the transition probability from the nth accepted sample to the new sample, and q(θ*→θn) is the transition probability from the new sample to the nth accepted sample.
In this work, the inflamm-aging score and disease score were used to evaluate the simulated samples, with 1,000 random samples used as candidate samples for each group.
3) Perform global sensitivity analysis. In this study, the distribution (ratio) of each aging–disease pair is calculated as follows:
[image: image]
In addition, if the value for “inflammation− atherosclerosis− was between those of “inflammation+ atherosclerosis− and “inflammation+ atherosclerosis+”, then the aging–disease pair was identified as a sensitive relationship for further network analysis. As a result, 442 aging–disease pairs were identified as causal relationships, including 93 aging markers and 81 disease markers.
Enrichment Analysis
Gene functions with significant correlations were further explored through enrichment analysis of the shortest paths. GO terms and KEGG pathways were identified using the GSEA platform (http://software.broadinstitute.org/gsea/downloads.jsp, version 7.4). The hypergeometric distribution was used to test the enrichment of GO BP terms and KEGG pathways using the following formula:
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where N is the total number of genes in the gene set, M is the number of known genes (KEGG pathways or BP terms), n is the number of genes identified in each shortest path, and k is the number of common genes between known genes and candidate genes identified in each aging–disease shortest path. The p-value for each path was controlled using the Benjamini–Hochberg method. Finally, the paths with p < 0.05 and FDR<01 were retained. The enrichment score is calculated as follows:
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Identifying Network Markers
The subnetwork with the shortest pathways among the selected aging–disease pairs was constructed (after MR or MCMC), and genes in the subnetwork were sorted by their betweenness in descending order. To test whether the top betweenness genes were hubs in the background network, we ran a permutation to count the occurrences of the top genes in the shortest paths between randomly selected genes (containing the same numbers of aging–disease pairs, 1,340 in MR or 442 in MCMC) when they had greater betweennesses than those in our study. We repeated this process 1,000 times, and the p-value was calculated as the proportion of occurrences of the top betweenness genes in 1,000 permutations.
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Supplementary Figure S1 | ML results for control methods. (A, B) Traditional aging predictor. (C,D) Traditional atherosclerosis predictor. (C,D) Disease predictor from our previous study. (A,C,E) Learning curve for the training dataset. (B,D,F) ROC curve for the test dataset.
Supplementary Figure S2 | PCA plots of the inflamm-aging model based on (A) the inflamm-aging score and disease risk score; and (B) the first two principal components. Blue circle, normal test set; blue ‘+’, normal training set; red circle, atherosclerosis test set; red ‘+’, atherosclerosis training set.
Supplementary Figure S3 | Degree distribution of the inflamm-aging differential network.
Supplementary Figure S4 | Heatmap of the bipartite graph between aging markers and disease markers based on MCMC. The x-axis represents disease markers; the Y-axis represents aging markers.
Supplementary Figure S5 | Workflow of the improved inflamm-aging model.
Supplementary Table S1 | Detailed datasets used in this work.
Supplementary Table S2 | Gene symbols used in this work.
Supplementary Table S3 | Selected aging markers from our previous study, with their ReliefF weights.
Supplementary Table S4 | Selected disease markers from our previous study, with their ReliefF weights.
Supplementary Table S5 | Selected aging, inflammatory, and disease markers in the improved inflamm-aging model, with their P-values, FDRs, and ReliefF weights.
Supplementary Table S6 | Selected aging markers obtained by the traditional method, with their ReliefF weights.
Supplementary Table S7 | Selected disease markers obtained by the traditional method, with their ReliefF weights.
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AUC, area under the ROC curve; BP, biological process; CVD, cardiovascular disease; ECM, extracellular matrix; FDR, false discovery rate; GEO, Gene Expression Omnibus; GO, Gene Ontology; GSEA, gene set enrichment analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes; KIR, killer immunoglobulin-like receptors; kNN, k-nearest neighbors; MCMC, Markov chain Monte Carlo; ML, machine learning; MMP, matrix metalloproteinase; MR, Mendelian randomization; NB, naive Bayes; OXPHOS, oxidative phosphorylation; PCA, principal components analysis; ROC, receiver operating characteristic; ROS, reactive oxygen species; SVM, support vector machine; TLR, toll-like receptors; VSMC, vascular smooth muscle cells.
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1) Important role in cell cycle progression and proliferation,
closely related to coronary restenosis and atherosclerosis

2) Regulates fibrosis, which is an important factor in the
occurrence of atherosclerosis

3) With increasing age, abnormality of the immune system will
affectthe biogenesis of ribosomes and lead to the production of
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4) Increases oxidative stress during aging, eventually causing
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Cardiovascular disease and Parkinson'’s disease share
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1) Regulates adiponectin secretion in epicardial adipose tissue
and has anti-atherosclerotic and anti-inflammatory effects on
blood vessels

2) Triggers atherosclerosis by affecting mitochondrial functions
Myocardial dysfunction and vasoconstrictor dysfunction are
involved in Huntington's disease progression

Both atherosclerosis and Alzheimer's disease are involved in
inflammation, macrophage infilration, and vascular system
obstruction

1) SNARE protein is an essential component that allows
membrane fusion and can regulate vesicle fusion

2) SNARE has a key role in cell homeostasis. Vesidle transportis
the main mechanism of protein and lipid exchange between
membrane-bound organelles in eukaryotic cells

3) Vesice transport in mitochondria affects mitochondial
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1) Promotes the expression of immune genes
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1) The accumulation of oxidized methionine residues of protein
is related to aging

2) Hyperhomocysteinemia and increased circulating levels of
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