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Aging is a complex and systematic biological process that involves multiple genes and biological 
pathways across different tissues. While existing studies focus on tissue-specific aging factors, the 
inter-tissue interplay between molecular pathways during aging remains insufficiently explored. 
To bridge this gap, we propose a novel computational framework to identify the effect of aging on 
the coordinated patterns of gene-expression across multiple tissues. Our framework includes (1) 
an adjusted multi-tissue weighted gene co-expression network analysis, (2) differential network 
connectivity analysis between age groups and (3) machine learning models, XGBoost and Random 
Forest (RF) fed by gene expression levels and lower-dimensional pathway score space, to identify 
unique key inter-tissue genes and biological pathways for classifying aging. We applied our approach 
to three representative tissues: Adipose-Subcutaneous, Muscle-Skeletal and Brain-Cortex. The RF 
model demonstrated the best performance in predicting age group (AUC < 88%) highlighting key 
genes involved in inter-tissue coordination processes in aging. We also identified the inter-tissue 
involvement of lipid metabolism, immune system, and cell communication pathways during aging and 
detected distinct aging pathways manifested between tissues. The proposed framework highlights the 
importance of inter-tissue coordination processes underlying aging and provides valuable insights into 
aging mechanisms which can further assist in the development of therapeutic strategies promoting 
healthy aging.

Aging in humans is one of the most complex biological processes and is a known risk factor for many diseases in 
human such as cardiovascular disease, cancer, Type 2 Diabetes (T2D), Alzheimer’s Disease (AD), and Parkinson’s 
Disease (PD). It is a process in which multiple organs and tissues gradually lose physiological integrity, followed 
by functional impairment and eventually death of the individual1. While chronological age is a significant risk 
factor, there is considerable heterogeneity in health outcomes among individuals of the same age2.

Tissues in multicellular organisms do not operate in isolation but interact with other tissues and organ 
systems. Several factors can cause Inter-tissue interactions: (1) Biological signaling between tissues (e.g., ligands 
and hormones) regulate the transcription of genes within tissues (e.g. gene i in one tissue signals to another 
tissue and regulates expression of another gene j). (2) Different tissues are regulated independently by the 
same genetic locus, or (3) they respond independently to the same environmental cues3,4. Good health and 
whole-body homeostasis arise from the harmonious interplay of organs and tissues within our body, driven by 
the inter-tissue (tissue–to-tissue) communication and co-regulation of genes, proteins, and biomolecules that 
collaboratively underlie essential functions5.

Numerous age-related transcriptomic studies focused on single tissue marker genes, profiled aging-related 
gene expression changes in human tissues, such as muscle, kidney, brain, skin and liver6–10. However, complex 
processes, like aging, are systematic and involves many different genes and molecular processes across multiple 
tissues which interact with each other, leading to inter-organ or tissue crosstalk3. Inter-organ or tissue crosstalk 
has a significant contribution to many age-related degenerative disorders. For example, T2D, is characterized by 
a systemic disruption of glucose and insulin balance in multiple tissues, such as the pancreas, liver, muscles, and 
adipose tissue, among others. Insulin and insulin-like growth factor (IGF) signaling (IIS) pathway plays a pivotal 
roles in regulation of aging and longevity11. Another example is cholesterol metabolism which is regulated by the 
liver (synthesis and uptake), adipose tissue and skeletal muscle (lipolysis). Disorders of cholesterol homeostasis 
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are associated with different neurological age-related diseases, such as Alzheimer’s and Parkinson’s diseases12. 
In addition, signaling molecules from organs like the liver (hepatokines), muscle (myokines), and adipose 
tissue (adipokines/batokines) are involved in the regulation of metabolic homeostasis and play crucial roles in 
interorgan communication. They influence physiological functions and contribute to the development of age-
related diseases such as obesity, T2D, cholesterol metabolism as well as neurological age-related diseases, such 
as Alzheimer and Parkinson11–15.

Understanding the disruptions in this interorgan communication are essential for comprehending and 
treating these multiorgan diseases.

Several recent studies indicate that age-related alterations are more intricately linked to multiple tissues, or 
the relations of diversified transcriptional regulations rather than just changes in single tissue gene expression 
alone16–18. Research on brain aging indicates that brain aging is regulated by the interaction of multiple brain 
regions19–21.

Recent advancements in genomic datasets and algorithms enable us now to perform an inter-tissue 
interaction analysis of age-associated gene expression changes. Specifically, the Genotype-Tissue Expression 
(GTEx) project22 is one of the largest multi-tissue data sets for studying the genetics and genomics of human 
tissue gene expression across individual’s lifespan. It provides RNA-Seq based transcriptome profiles, enables us 
now to study inter-tissue connectivity.

One approach to studying relationships between genes across the genome is to create gene co-expression 
networks, summarizing relationships between genes based on their coordinated expression across samples23. 
Chronological age predictors or classifying age-related diseases, using a variety of Machine learning (ML) 
models, provide another framework to interpret RNA gene expression patterns and relationships in the context 
of ageing.

A few studies investigated age-related changes in more than one tissue in humans, from post-mortem 
samples24, mice and rats25,26. Palmer et al.25 conducted a meta-analysis combining 127 microarray and RNA-
Seq datasets from mice, rats and humans, revealing functional similarities between aging transcriptomes of 
brain, heart, and muscle. The AGEMAP project26 profiled gene expression in 16 tissues in mice using multiple 
regression model, also identified tissue-specific aging patterns through a meta-analysis approach. In27, tissue-
specific aging genes in 16 mouse tissues were identified, highlighting coordinated aging patterns across different 
tissues, using cross-tissue co-expression networks on both the gene and pathway levels. Izgi et al.28 investigates 
age-dependent gene expression changes across four tissues (cortex, liver, lung, and muscle) using RNA-seq data 
from mice to analyze patterns of divergence and convergence in gene expression over time. Their methods 
include principal component analysis (PCA) to track inter-tissue expression patterns, revealing that while 
gene expression diverges among tissues during development, it converges in aging, suggesting a loss of tissue-
specific identity as tissues age. Yang et al.24 used the GTEx consortium and dimensionality reduction (principal 
components) of aging gene expression levels in each tissue separately, to show that tissue aging is potentially 
synchronized between human tissues like lung, heart and whole blood, which exhibit a co-aging pattern. Wang 
et al.29 proposed a quantitative model, based on the elastic net algorithm, to predict human age by using gene 
expression profiles from a single or two tissues. Ren X et al.30 introduced a versatile across-tissue and tissue-
specific transcriptional age calculator using the GTEx database with the most highly correlated tissue specific 
genes with chronological age by Pearson correlation. These multi-tissue aging studies were based on analyzing 
the signatures of aging genes in each specific tissue, i.e., focused on identifying changes in expression levels 
of genes with aging in specific tissues or leveraging information from multiple tissues (tissue-pair) that share 
similar aging-related signals. Although these studies were successful in predicting age using these tissue-specific 
aging-marker levels, they ignored the changes in interactions between genes and between tissues which may 
underline commonly altered pathways and age-related regulatory mechanisms.

Inter-tissue gene connectivity was addressed in the research of Dobrin et al.31  that integrated genes from 3 
tissues, the hypothalamus, liver, and adipose, of healthy and obese mice and constructed co-expressed modules 
to show connectivity between interesting genes and co-expressed modules. The networks were constructed 
between tissue pairs reflect subnetworks that are not represented in tissue-specific networks, highlighting the 
importance of considering interactions among molecular states in entire systems to fully characterize complex 
traits like obesity. Long et al.3 calculated pairwise inter-tissue gene-to-pathway connections in humans using the 
Genotype-Tissue Expression project (GTEx) across nine human tissues to uncover biological signal exchanges 
between tissues, revealing key inter-tissue communication pathways such as protein synthesis. The study 
highlights DPP4 in heart-to-blood signaling. Although these are robust efforts, most of them consider only two 
tissues at a time and do not account for interactions beyond that pair. Moreover, the general understanding of 
human tissues co-regulation and changes in inter-tissue interactions during aging remains very limited.

Here, we suggest a new framework that includes several steps and algorithms to provide a distinctive 
perspective on aging-related inter-tissue changes. We aim to define the age-related coordination changes between 
tissues by analyzing the age-related changes in the interactions between genes in different tissues to reveal altered 
pathways across tissues and age-related inter-tissue regulatory mechanisms. In contrast to previous studies, our 
approach identifies marker genes whose inter-tissue co-expression patterns is altered with aging while their 
individual expression levels may or may not explicitly change with age (see supplemental Figures S8-S10 for 
demonstrative genes). Utilization of multi-tissue data and comparing co-expression networks across tissues, can 
improve the account for detecting differences in these relations and allowing to characterize network topology 
across different tissues simultaneously32. A multi-tissue network can be represented as a 3D matrix, with an 
additional dimension (layer) in the matrix, representing the different tissues (see Fig. 1). Each layer corresponds 
to a tissue and nodes (genes) can have within-layer (intra-tissue) and across-layer (inter-tissue / cross-tissue) 
connections (gene-gene interactions)33. This structure enables the detection of gene-gene interactions not only 
between tissue pairs but across multiple tissues at once, offering a more comprehensive view of inter-tissue 
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relationships and network topology. Several multi-tissue network studies have been conducted to identify 
complex disease such as Alzheimer’s Disease (AD)34 and Coronary Artery Diseases (CAD)35, in mice and 
human, for exploration of the molecular interplay highlighting the importance of interactions among molecular 
states. Koplev et al.35 generated cross-tissue super network and compared 224 paired inter-tissue gene-regulatory 
co-expression networks acting within and across seven tissues including metabolic organs, blood and the arterial 
wall and comparing between coronary artery disease development conditions. Their approach was based on the 
Weighted Gene Co-expression Network Analysis (WGCNA) algorithm36 defining distinct β values for cross-
tissue and tissue-specific correlations to achieve scale-free networks.

However, to our knowledge there are no multi-tissue network studies focusing on aging in healthy humans.
Predictive models using gene expression levels can be combined with pathway analysis and be constructed 

instead in a ‘pathway space’. Pathway-level analysis is considered more robust than a gene level analysis prone to 
noise in the gene expression levels37 and enables to identify pathways enriched under a specific condition (e.g., 
disease vs. healthy). Such prediction models which are based on pathway scores have been demonstrated to 
improve classification performance in prediction of complex disease states38,39.

We propose a new comprehensive computational methodology to uncover the inter-tissue coordination 
patterns and their changes with the aging process. Our methodology, illustrated in Fig.  2 combines several 
approaches including (1) multi-tissue (layer) co-expression network analysis, (2) differential multi-tissue 
connectivity analysis, (3) pathway enrichment analysis methods and (4) machine learning models fed by the 
new age-related inter-tissue gene sets and their lower-dimensional pathway score. The methodology integrates 
data from multiple tissues, while accounting for differences in these relations across tissues in human healthy 
aging, focusing on genes and pathways involved in inter-tissue communication.

Such a global view of transcriptional changes can provide insights into the aging process, aiding in the 
identification of molecular biomarkers and understanding factors contributing to a biologically younger age 
compared to the chronological age. This knowledge is pivotal for evaluating therapeutic interventions in complex 
multi-tissue age-related diseases, facilitating healthy aging strategies.

Results
We leveraged the GTEx v8 dataset to generate a multi-tissue co-expression network which we applied to three 
representative human tissues: Adipose- subcutaneous, Muscle-skeletal and Brain-cortex. We chose these 
representative tissues based on recent evidence suggesting that the communication pathways linking the brain 
and highly active endocrine organs, such as adipose and muscle-skeletal, are facilitated by secretory proteins40,41. 
These proteins, including cytokines and peptides mediating energy metabolism, might be promising intervention 
for addressing age-related diseases such as cardiovascular disease, cognitive decline, and metabolic disorders. 
We derived a total of 82 samples of relatively healthy individuals (see Methods) and divided the dataset into two 
relatively balanced age groups representing old (age > = 60) and young (age < 60) cohorts. The choice to make a 
comparison, considering two age groups based on the cutoff of 60 is also defined in the literature42,43 and by the 
UN which defines older persons as those aged 60 year or over44.

Figure 2 presents a schematic view of our analytic workflow.

Multi-tissue weighted gene co-expression network
For simultaneously capturing the intra and inter tissue gene-gene interactions in the two-age groups representing 
old (age > = 60) and young (age < 60) cohorts, we refined the Weighted Gene Co-expression Network Analysis 
(WGCNA) algorithm23 to generate multi-tissue co-expression networks (See Methods and Fig. 1) across three 
representative tissues derived from the Gene–Tissue Expression (GTEx) RNA-seq dataset22. Since Cross-tissue 
correlations tend to be weaker than tissue specific correlations, we determined different β-values (adjacency 
function parameter) to represent gene-gene interactions within and between tissues ensuring scale-free 
properties for both tissue-specific (TS) and cross-tissue (CT) data (see Methods, supplementary Figure S6 
presenting the optimization plots of scale-free properties of co-expression networks across tissues). To explore 

Fig. 1.  A schematic view of a multilayer gene co-expression network. The solid lines represent intra- tissue 
edges (correlated gene expression within a tissue); The dashed lines represent the inter- tissue edges, gene 
connection across layers (tissues).
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the modular structures of a co-expression network, the corresponding adjacency matrix is transformed into a 
topological overlap matrix (TOM) which reflects not only genes exhibiting direct interactions but also those of 
indirect interactions through all the other genes in the network. To identify modules of highly coregulated genes, 
hierarchical clustering is used to group genes based on the topological overlap of their connectivity, followed by a 
dynamic cut-tree algorithm. Each resulting module was assigned a unique color identifier. See in Fig. 3 where the 

Fig. 3.  Young/old multi-tissue weighted gene co-expression networks. Topological Overlap Matrix (TOM) 
heatmap plot consisting of the 5000 most variable genes across three chosen tissues (Brain, Muscle, Adipose 
Subcutaneous). The different shades of color signify the strength of the connections between the nodes: Light 
yellow color represents low overlap and progressively darker red color represents higher overlap. The diagonal 
indicates the modules. The gene dendrograms are also shown along the top and left and the color-coded bars 
indicate individual modules. (a) Young cohort (18 > = age < 60). (b) Old cohort 60 < = age < 80.

 

Fig. 2.  Schematic view and steps of the methodology.
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upper panel is the hierarchical clustering of the network while the color bar below represents the gene modules. 
The color intensity in the heatmap represents the interaction strength between genes.

90 modules were identified in the young multi-tissue network, each containing between 30 and 679 gene 
members, while the network generated from old samples has 111 modules ranging in size from 30 to 306 genes. 
The connectivity map in Fig. 3 shows that the interconnectivity in the young group (Fig. 3a) is higher than in the 
old group (Fig. 3b). Figure 3a highlights how genes in the young multi-tissue network are highly interconnected 
with each other (more red blocks along the off-diagonal of the matrix), where genes in the old multi-tissue 
network (Fig. 3b) fall into more distinct network modules (the genes are more interconnected within the module 
then with genes in other modules).

Following modules generation, we defined a module to be either Tissue specific (TS) or Cross tissue (CT) 
by using a percentage cutoff for cross tissue genes for each module (see Methods and supplementary Figure S1 
presenting the trend for different cutoffs). We utilized a threshold of 0.95 to define the CT modules, i.e., modules 
containing more than 5% of genes from more than one tissue were categorized as cross-tissue, while those with 
smaller percentage of genes from other tissues were considered tissue-specific. This 0.95 threshold was effectively 
set as default for previous cross-tissue co-expression network analysis based on microarray data35. Out of the 111 
modules generated for the old cohort, only 26 modules (23%) were CT modules and a vast majority (77%) were 
TS. Out of the 90 modules generated for the young cohort, 41 modules (45.5%) were CT, suggesting stronger 
cross-tissue interactions. These findings demonstrate that the young cohort includes a higher proportion of CT 
modules than the old cohort and suggest an age-related decrease in inter-tissue coordinated signatures for the 
old cohort. Supplemental figure S1 presents a similar trend using various cutoffs to show that the multilayer 
networks effectively captured both cross-tissue (CT) and tissue-specific (TS) modules, regardless of the cut-off 
used.

We further compared the general network connectivity between young/old age cohorts and observed an 
inter-tissue gene-to-gene connectivity loss with aging both across TS modules, from a total connectivity of 
67.5 in the young network to 58.8 in the old network and CT modules, from 130.5 in the young network to 
106.7 in the old network (supplementary Figure S2). This indicates that the young network is more robust than 
the old network. Interestingly, the CT Muscle-Brain axis drives the general connectivity loss with age (from 
connectivity of 63.5 to 35.7). These observations suggest that intra-tissue and inter-tissue molecular interactions 
are important mediators in the aging process.

To further validate our cross-tissue modules, we identified a statistically significant overlap of 124 genes 
(p-value = 3.79e-08, odds ratio = 1.90, Fisher’s exact test) between suggested 374 endocrine inter-tissue markers 
suggested by Koplev et al.35 which were generated from 224 inter-tissue co-expression modules across pairs of 7 
tissues35 and the 4,195 inter-tissue genes derived from our CT young cohort modules.

Modular differential connectivity (MDC)
We quantified the difference between the connectivity across the set of genes in the young network with respect 
to the same genes constructing an old network, using the Module Differential Connectivity (MDC) algorithm45 
which calculates the ratio of total module connectivity (sum of adjacency values between all pairs of module 
genes) in the young network to that among the same gene set in old network (see Methods). The MDC metric 
quantifies changes in gene connectivity within a co-expression module across two conditions (e.g., old versus 
young age groups). It is calculated by determining the ratio of aggregated WGCNA connectivity scores for each 
gene pair in the module between the two conditions. For example, an MDC value greater than 1 indicates higher 
gene connectivity in the younger group compared to the older group, whereas an MDC value less than 1 suggests 
lower connectivity in the younger group.

MDC scores are computed for all modules in the networks, and tests of statistical significance are performed 
to identify modules that will be further investigated. For the analysis we mapped the gene sets of the young 
cohort modules to generate modules for the old cohort.

Among the 90 modules in the young multi-tissue network, 45 modules exhibit significant differences in 
their gene connectivity at FDR < 0.05. 29 modules out of the 45 modules in the young network with significant 
MDC have a gain of connectivity (GOC, MDC > 1) in the young cohort when compared to the old which might 
reflect a more robust gene coordination present in younger tissues. Four modules were of particular interest 
as they are cross-tissue (CT) modules which showed a significant GOC (MDC between 1.8 and 3.26 GOC 
at FDR < 0.05). These modules are involved in diverse functional categories, including “metabolic process” 
(p = 3.0 × 10−23, module 1 ; p = 8.7 × 10−7, module 13), “cell cycle” (p = 1.3 × 10−38, module 66) and “response to 
stimulus” (p = 2.0 × 10−3, module 47). Interestingly, the CT module which is enriched with immune system and 
response to virus (p = 3.4 × 10−21, module 77) genes showed a significant loss of connectivity (LOC) in the young 
network compared to the old, which may indicate disruptions in gene coordination in this module, with aging.

Figure 4, shows individual topological overlap matrix (TOM) plots of 8 representative differentially connected 
modules corresponding to the young (the upper off-diagonal panel of each module) and old (the lower off-
diagonal panel of each module) multi-tissue co-expression networks. The rows and columns represent the same 
set of the most variably expressed genes in each of the three tissues and age groups, expressed in a symmetric 
fashion and sorted by the hierarchical clustering tree of the young network. For each module, the differential 
connectivity measure (MDC) and FDR estimate are specified in each panel in parenthesis (MDC, FDR). In 
addition, the module’s Gene Ontology (GO) enrichment pathway, module type (CT/TS) included tissues are 
specified.

Supplementary Figure S3 and Table S4 show MDC distribution and MDC of all modules in the young 
network versus the old network with their enrichment.

By applying multi-tissue weighted gene co-expression network analysis and MDC, we identified cross-tissues 
key modules with a significant differential connectivity between the two age cohorts (young and old) across all 
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pairs of genes in a module. To gain further insight into the effects of inter-tissue marker genes, we established 
an inter-tissue marker gene list derived from the following key modules: 1, 66, 13 and 47. We chose modules 
considered as CT modules, involving genes from all three tissues, with at least 50 genes, and with a significant 
GOC– resulting in a total of 1003 genes (see full list divided by modules and tissue origin in supplementary Table 
S5) across 82 samples (48 young and 34 old).

Identification of key inter-tissue aging genes using machine learning
We used machine learning models to identify which inter-tissue marker genes, i.e., gene involved in inter-
tissue communication changes with the aging process, also exhibit expression levels changes with age. The gene 
expression levels (TPM) of the 1003 inter-tissue marker gene list presented before, were fed into LASSO, to 
generate feature selection prior to executing the Random Forest (RF) / XGBoost (XGB) classification algorithms. 
Inter-tissue genes, in the context of this study, are genes assumed to contribute to potential inter-tissue 
coordination, based on their association within a cross-tissue module. These genes may participate in signaling 
pathways, regulatory networks, or molecular processes enabling the communication between tissues.

Table 1 presents the results for using all features (1003 genes) and the key features chosen during feature 
selection with the LASSO technique (a total of 56 genes selected, see Methods) as input into both RF and XGB 
classification algorithms. We chose two decision tree-based algorithms that suit the relatively small sample size 
with larger feature size. The LASSO-RF combined model had the best classification result, with accuracy recall, 
precision, F1 and AUC values of 0.817, 0.980, ,0.779, 0.865 and 0.888 respectively. RF outperformed XGB model 
also when using all 1003 features with AUC of 0.790 (see Table 1).

The top most important inter-tissue genes for predicting age include: Phosphorylase Kinase Catalytic 
Subunit Gamma 1 (PHKG1; Fumarylacetoacetate Hydrolase Domain Containing 2B (FAHD2B); Single Ig And 

Algorithm name

Accuracy (%) Recall (%) Precision (%) F1 Score (%) AUC (%)

All Features Lasso All Features Lasso All Features Lasso All Features Lasso All Features Lasso

RF 65.9 81.7 87.8 98.0 65.9 77.9 73.9 86.5 70.9 88.8

XGB 55.0 70.8 72.9 80.8 60.5 71.7 64.5 75.9 60.1 74.3

Table 1.  Performance of RF and XGB classifiers for predicting age using a feature space of inter-tissue marker 
genes.

 

Fig. 4.  Differential Connectivity (MDC) of 8 selected modules. The topological overlap matrix (TOM) plots 
correspond to young modules (the upper off-diagonal panel) and the old modules (the lower off-diagonal 
panel). The rows and columns represent the same set of the most variably expressed genes in each of the three 
tissues and states. In each panel MDC and FDR estimate are specified in parenthesis as well as the enriched GO 
biological process. Six modules (four cross-tissue (CT) modules) have a gain of connectivity (GOC) and two 
modules (one cross-tissue (CT) module) have a loss of connectivity (LOC) between the young and old cohorts.
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TIR Domain Containing (SIGIRR); Insulin-like growth factor-binding protein like protein 1 (IGFBPL1); Solute 
Carrier Family 26 Member 10 (SLC26A10); Aminoacylase 1 (ACY1) (Fig. 5).

Identification of key inter-tissue aging pathways using single-sample enrichment analysis 
and machine learning
Prediction models which are based on pathway scores have been demonstrated to improve classification 
performance in prediction of complex disease states38,39. To quantify concordance between the detected inter-
tissue gene lists and molecular signatures, we calculated separate enrichment scores for each pairing of a sample 
and Reactome gene set (release 85 (2023)) using the single-sample Gene Set Enrichment Analysis (ssGSEA) 
method46 that was fed with the selected 1003 inter-tissue key gene list described above. Each enrichment score 
represents the degree in which our detected cross-tissue genes are coordinately up- or down-regulated within a 
sample, in a particular gene set. The ssGSEA projection transforms a single sample’s gene expression profile to 
a gene set enrichment profile (a higher-level space), which allows to characterize the activity levels of biological 
processes and pathways in tissues rather than the expression levels of individual genes46. Using this approach 
across tissues allows a broader perspective on the functional co-regulative aspects of biological systems since it 
considers the coordinated activity of multiple genes across tissues involved in specific biological processes and 
can identify pathways that span across tissues and are associated with specific physiological states such as aging.

T-tests were performed on the ssGSEA scores for each pathway (testing for a difference between mean scores 
in young and old groups) and the resulting p-values were used to rank them in an ascending order. We note that 
we chose Reactome pathway database release 85 (2023) as the main source of pathways throughout this section 
in order to cross-reference the previous GO-based enrichment results and to further validate our findings.

Two tree-based methods, Random forest (RF) and XGBoost (XGB), were separately applied to establish 
a classifier on the top 50 inter-tissue pathways scores data. The performance of the model was evaluated by 
5-fold stratified nested cross-validation and the performance of the model was assessed using the average area 
under the curve (AUC) values. The RF and XGB AUC was 0.825 and 0.836 respectively (see Table 2; Fig. 6b), 
indicating the reliability of using pathway level analysis in distinguishing old from young samples. The pathway 
importance was calculated by permuting each of the features individually and ranked by the mean decrease in 
AUC. The top 20 important pathways related to cross-tissue aging, can be summarized into the following general 
Reactome pathway groups: metabolism and specifically lipid metabolism (including The citric acid (TCA) cycle 
and respiratory electron transport, Synthesis of bile acids and bile salts, HDL remodeling, Plasma lipoprotein 
remodeling), immune system (I.e., Interleukin-37 signaling, Interleukin-1 family signaling) and Cell-Cell 
communication (Fig. 6a). The top 50 pathways scores were also fed into a non-linear kernel principal component 
analysis (kPCA), as proposed in47, to demonstrate visually that these cross-tissue pathways scores can identify 
clusters that discriminate between the two age classes (see heatmap in supplementary Figure S4).

Figure 6c presents a further differential pathways analysis between the young and old age cohorts. Plasma 
lipoprotein remodeling (P < 0.001, FDR = 0.018), HDL remodeling (P < 0.001, FDR = 0.018), and Respiratory 
electron transport (P = 0.001, FDR = 0.031) pathways showed significant differences between young and old. 

Algorithm name Accuracy (%) Recall (%) Precision (%) F1 Score (%) AUC (%)

RF 76.8 83.3 78.7 80.4 82.5

XGB 74.2 81.3 77.9 78.9 83.6

Table 2.  Performance of RF and XGB classification models with cross-tissue pathway scores as features.

 

Fig. 5.  Random Forest feature importance scores of top 10 inter-tissue genes for predicting age.
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Fig. 6.  Age classification using pathway scores. (a) Comparison of top 10 differential pathway scores between 
age groups. (b) ROC curve for Random Forest (RF) and XGBoost (XGB) models for predicting age. 82 samples 
were used for the prediction of age using ssGSEA scores named pathway level (RF: green ; XGB: cyan) and 
gene expression levels, named molecular-level (RF: blue ; XGB: yellow) of 1003 genes extracted from significant 
GOC cross-tissue modules as features. Prediction accuracy was measured by the Area under the curve (AUC). 
(c) The relative importance of pathway-level features for the random forest classification model.
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However, other pathways were unstable after Benjamini-Hochberg correction, and no significant differences 
could be observed (FDR > 0.05). A box plot showing the top ten differential pathway ssGSEA scores between the 
younger and older groups (mean fold change) is presented.

Discussion
Aging is a complex and systemic biological process that involves many different genes and biological pathways 
across multiple tissues. To maintain homeostasis in complex organisms such as mammals, multiple organs 
and cell types need to communicate with each other like a well-coordinated orchestra. Dysregulation of this 
communication has been associated with aging and aging-related diseases such as cardiovascular disease, cancer, 
Type 2 diabetes (T2D), Alzheimer’s disease (AD), and Parkinson’s disease (PD). Studying age-associated changes 
in inter-tissue gene-expression synchronization patterns provides critical insights into the underlying biological 
mechanism of aging. Here, we investigated the comprehensive age-related systems-level modulations of the 
coordinated patterns of gene-expression between different tissues. We focused on three different tissue types: 
Adipose-subcutaneous, Muscle-skeletal and Brain-cortex and characterized the cross-tissue differential network 
connectivity, i.e., gain and loss of connectivity, between the old/young age groups and inter-tissue related 
pathways enrichment. Finally, genes from cross-tissue modules with significant gain of connectivity and their 
ssGSEA scores, to represent inter-tissue related pathways enrichment, were fed into machine learning classifiers 
for aging.

We validated 124 inter-tissue genes from our cross-tissue modules, significantly overlapping with 374 
endocrine inter-tissue marker genes identified in an external reference35. For instance, the FCN3 (ficolin 3) 
gene, one of our adipose-derived inter-tissue marker genes (see Table S5), has been recognized as an endocrine 
inter-tissue marker for adipose-to-liver signaling in humans35.

Our study finds a significant difference in inter-tissue transcriptomes coordination with age. We detected 
age-related decrease in inter-tissue coordinated signatures and a general connectivity loss with age. In addition, 
we detected cross-tissue (CT) gene modules which exhibit significant differences in their connectivity in the 
young with respect to the old. We show that significant gain of connectivity (GOC) modules in the young 
group (FDR < 0.05) are involved in diverse functional categories, including “metabolic process”, “cell cycle” and 
“response to stimulus” while significant loss of connectivity (LOC) modules in the young group are enriched with 
immune system and response to virus. Moreover, we detect distinct molecular mechanisms showing inter-tissue 
connectivity changes with age as opposed to intra-tissue changes such as “cell cycle” and “cellular senescence” 
which were significantly enriched in the CT modules but not in the TS modules (see supplemental Table S4). 
Specifically, Cellular senescence has been implicated as a major cause of age-related disease as reviewed in48. 
These findings may pinpoint the manifestation of inter-tissue cellular senescence coordination changes with 
aging. Further experimental validation can now test these predictions regarding the changes in inter-tissue 
coordination in aging.

Our findings are consistent with previous studies demonstrating that inter-tissue dysfunction plays an 
important role in the pathogenesis of aging. The communication pathways connecting the brain with key 
metabolic tissues, such as adipose and skeletal muscle, present potential intervention points for age-related 
diseases40. Adipose tissue which is an active metabolic and endocrine organ, releases bioactive factors like 
leptin and cytokines, mediating inter-tissue crosstalk with the brain and influencing cognitive functions49–53. 
Similarly, skeletal muscle, central in regulating overall energy balance, releases myokines that contribute to cell 
communication and metabolic homeostasis54,55. These mechanisms highlight the intricate interplay between 
metabolic tissues and the brain, with age as a common factor influencing cognitive function and age-related 
cognitive disorders.

Utilizing Machine-Learning classifiers and feature importance, we identified novel age-associated key 
genes involved in inter-tissue communication, such as PhKG1, IGFBPL1, ACY1 and SLC26A. Interestingly, 
the source tissue detected for all these pivotal inter-tissue genes is the brain, suggesting a main role for the 
brain for modulating cross-tissue regulation and its alteration with age. PhKG1, is a protein kinase involved in 
metabolic processes and has been shown to be upregulated in several human tumor samples, also involved in 
tumor progression, angiogenesis and tumor metabolism56. An increase in PhKG1 is also connected to metabolic 
dysregulation associated with aging and increased risk of obesity and stroke57. Insulin-like growth-factor binding 
protein like protein 1 (IGFBPL1) is involved in neurodegeneration and neuroinflammatory modulations58. 
ACY1 is involved in maintaining amino acid homeostasis and is reported as blood-based biomarker associated 
with Parkinson’s disease (PD)59. SLC26A which is a member of the solute carrier (SLC) superfamily is known 
to play vital and different roles in neurodegenerative disorders such as Alzheimer disease, Huntington disease, 
Parkinson’s diseases, and dementia60. In specific, our results highlight the significance of brain-derived genes, 
which not only demonstrated gain of connectivity with cross tissues’ genes in the young network when compared 
to the old network, but also exhibited good performance (AUC > 0.8 for both RF and XGBoost classifiers) 
distinguishing between the age classes. These genes may play a crucial role in the coordination of tissues during 
aging and age-related diseases and further investigation is necessary to elucidate their system-level functions and 
underlying tissues co-regulation mechanisms.

Using cross-tissue pathway-level enrichment scores, we identified that the most importantly enriched inter-
tissue aging related pathways are lipid metabolism (including the citric acid (TCA) cycle and respiratory electron 
transport, synthesis of bile acids and bile salts, HDL remodeling, Plasma lipoprotein remodeling), immune 
system (I.e., Interleukin-37 signaling, Interleukin-1 family signaling) and Cell-Cell communication. Our results 
are supported by recent works which show that systemic lipid metabolism plays an essential role in regulating 
the aging process and that lipid metabolism is changed during aging, including the content of lipids in the organs 
and their transport between major organs54. Lipid-related interventions can modulate age-related diseases and 
aging such as PD and AD pathogenesis, especially at the vessel wall which causes comorbid conditions such 
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as cardiovascular disease, T2D mellitus, or hypertension61. Furthermore, abnormal cholesterol metabolism is 
linked to multiple neurodegenerative disorders such as AD, PD, Huntington’s disease (HD), and amyotrophic 
lateral sclerosis (ALS). Studies in genetically obese mice, have demonstrated that bile acid signaling also affects 
plasma lipid levels decrease blood glucose levels and increase insulin sensitivity62. Other recent studies show 
that chronic, sterile, low-grade inflammation aggravating with aging process, named “Inflammaging”, is an 
important driving force of aging and age-associated diseases and is associated with dysregulated immune system 
and increased secretion of pro-inflammatory factors such as IL-1, IL-6, and TNF63. In addition, in age-associated 
diseases such as neurodegeneration, cardiovascular diseases or cancer, a gradual reduction in immune cells, 
inmate and adaptive immune functions with aging is demonstrated. This process decreases the response to 
vaccinations and enhances the susceptibility to virus infection, malignancy, or autoimmunity64,65.

We note that there is a possibility of information leakage during covariate correction and batch effect 
adjustment when using combined datasets for preprocessing, which can lead to overestimated performance 
due to information transfer from test data to the training process. However, a comparison analysis to assess its 
impact on the classification performance (see supplementary Figure S12) as well as previous studies, such as66, 
have shown that the overestimation from such leakage is generally minor and does not significantly impact the 
biological conclusions drawn from the analysis. While the performance measures might be slightly inflated, the 
improvements after batch correction justify its use.

We note that the inter-tissue changes we observed may partially arise from both direct and indirect lifestyle 
factors associated with aging, such as reduced mobility and physiological and cognitive decline. However, 
human aging is a fundamental platform for these environmental changes, which are an inherent part of the aging 
process. Regarding non-age-related lifestyle and genetic factors, we assume that, given the high heterogeneity 
of GTEx donors, these effects are similarly distributed across both young and old cohorts, and therefore do not 
significantly influence the differences in inter-tissue connectivity between the age cohorts.

As future work we plan to extend this analysis to a larger number of tissues and to evaluate weather 
coordination-based approaches are more sensitive and better able to detect subtle changes in expression of 
more complex regulatory networks which co-occur in different tissues. A limitation of this study is that we only 
analyzed transcriptomics data. Future work can include genotype and clinical phenotype as well as proteomics, 
metabolomics, and other omics data for a complement systems approach.

In summary, our work establishes a first step in evaluating the existence of changes in inter-tissue coordination 
with aging. While it is well known that gene–gene interactions across tissues may be explained by inter-tissue 
signaling, we showed that latent responses, such as metabolic, systemic inflammation or cell cycle biological 
processes, also play a critical role in the aging process. A better understanding of these latent pathways may pave 
the way for the development of effective therapeutic targets and strategies to improve physiological functions 
for example by modulating inflammation and eventually increasing longevity and prevente age-related diseases.

Methods
Data preprocessing
The publicly available gene expression data from the public Genotype-Tissue Expression (GTEx) project was 
downloaded from https://gtexportal.org/home/22. GTEx is a large-scale heterogeneous human tissue dataset of 
RNA-seq data. The GTEx V8 release includes 54 tissue types from ~ 1000 post-mortem donors representing ages 
ranging from 20 to 79 years range and is partitioned into 10-years intervals (embedded in the GTEx dataset). We 
analyzed 3 representative tissues: Adipose- subcutaneous, Muscle-skeletal and Brain-cortex. Each tissue dataset 
was divided into older group (age > = 60) and younger group (age < 60) based on the median age (55 years old) 
and as suggested in the literature42,43 and by the UN44. Given that age intervals were originally partitioned into 
10-year segments, we opted for 60 as the threshold for demarcating between the older and younger groups. 
supplementary Table S1 & Table S2 show the numbers of sample overlap between each pair of tissues for the old 
and young groups.

As GTEx data is highly heterogenous and known to be subject to multiple confounding factors and biological 
noise67, prior to analyzing the data several preprocessing steps were performed to correct and filter the data and 
the transcript per million (TPM) values were log2-transformed. Genes with zero variance or missing samples 
are excluded as well as genes that have value less than 0.1 transcripts per million (TPM) in more than 80% of 
the samples. As the focus of the research is on relatively healthy individuals at the time of death we retained 
samples with death classification (DTHHRDY) values of 1, “violent and fast death” and 2, ”fast death due to 
natural causes” .Finally, all samples that with RNA Integrity Number (RIN) score value of 5.7 or lower were 
filtered68. To detect sample outliers, we utilized the Mahalanobis distances method69 which is suitable for a 
multidimensional dataset. We used the SVD dimension reduction technique to reduce the number of features to 
20 and selected an outlier cutoff of approximately 2% (i.e. roughly 2% of samples were excluded for each tissue). 
Quantile normalization was used per tissue dataset to remove background and technical variability effects in 
RNA-seq data70.

To correct for known confounding factors, we used a multiple linear regression model67. As some of the 
covariates were correlated with age (such as death type, supplementary Figure S5), we regressed out only the 
non-age-related covariates including batch, sex and ischemic time (SMTSISCH) while retaining age related 
variation.

The dependent variable is the gene’s expression value, and the factors are the confounders. The residual of 
gene i in sample j was computed as follows:

	
Residualj

i = Expj
i −

N∑
n=1

Coef i,nConfounderj
n
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Expj
i  is the expression level of gene i in sample j, Confounderj

n is the n-th confounder in sample j, N  is 
the number of confounders considered, Coef i,n is the regression coefficient of gene i on confounder n. For 
further analysis, the residuals from the regression calculation were retained and treated as the expression level 
of each gene.

Batch correction was undertaken on both train and validation datasets together to transform the datasets to 
allow biological signals to be identified, given the large technical variance.

Multi-tissue weighted gene co-expression network
To capture gene activities and modular relationships both within and between tissues in different age groups 
we developed a multi-tissue weighted gene co-expression network analysis method, which is relied on the 
weighted gene co-expression network analysis (WGCNA) algorithm36. WGCNA is a systems biology method 
for describing the correlation patterns among gene transcripts and can be used for finding clusters (modules) 
of highly correlated genes and is based on the pairwise correlations between genes expression levels. Using 
correlation coefficients, the method created a similarity co-expression matrix for all genes. The soft thresholding 
power beta is used to mimic a scale-free network and to increase the co-expression similarity. The resulting co-
expression network is presented by an adjacency matrix.

Our multi tissue network takes as input a set of normalized gene expression matrices, for each tissue, where 
rows indicate samples and columns indicate genes. For each tissue, the most variant genes are selected based 
on their standard deviation across the samples in each tissue to a maximum 5000 genes for each tissue. Then, 
an adjacency matrix A is calculated across all selected expression traits (i.e., gene tissue pairs) using absolute 
Pearson’s correlation coefficients cor(i, j) for all genes. The co-expression matrix is transformed into an adjacency 
matrix by using the soft thresholding power β, to which co-expression similarity is raised.

Inter-tissue correlation coefficients tend to be weaker than intra-tissue correlations. Therefore, we refined the 
WGCNA algorithm to use a different soft thresholding power β parameter for the inter-tissue and intra-tissue 
gene-to-gene co-expression calculation (instead of a β single value in the WGCNA) (see supplemental Figure 
S6).

The resulting co-expression network is presented by an adjacency matrix as:

	
aim,jk=

{
|cor( xim xjk )|β1 if m = k
|cor( xim xjk )|β2 if m ̸= k

Where aim,jk  represents a cell in the resulting adjacency matrix A of dimension N × N. The total number of 
genes in matrix A is N = n × T where n is the number of genes in each set of tissues T (i.e., number of layers in 
the multi-layer network). For simplicity we assume that n is constant in each tissue. The set of genes in tissue m 
is represented by { xm

1 , xm
2 , . . . ., xm

n }. xim , xjk represent the expression levels of genes i and j in tissues m and 
k, respectively. m, k є T. In case that genes i and j are from the same tissue (i.e., m = k) β1 value is used while in 
case that genes i and j are from different tissues (i.e., m ̸= k ) a different β2 value is used.

The parameters β1 and β2 are determined independently to obtain scale-free properties across tissues. 
We evaluated the scale-free distribution fit R2 for connectivity (k) versus log (pk), where k is the number of 
connections (degree) and P(k) is the frequency distribution of k.

To achieve scale-free properties, we determined different β-values of β1 = 6 and β2 = 3 for gene-gene 
correlations within and between tissues, respectively. The β-values were determined using the topology overlap 
matrix-adjusted scale-free properties (supplementary Figure S6). This approach essentially defaults to the values 
previously utilized in cross-tissue co-expression network analysis based on microarray data35,71.

Then the topological overlap matrix (TOM) for A is used to calculate the topological similarity between 
every two neighbours in the network and hierarchical clustering is coupled with the topological overlap 
dissimilarity measure. Based on the resulting cluster tree, we define modules as branches of the dendrogram and 
use the dynamic tree cutting method to define clusters. The resulting modules contain genes that are densely 
interconnected, to construct co-expression networks (modules).

Following modules generation we defined the cross tissues (CT) and tissue specific (TS) modules. We tested 
various cutoffs to show a similar trend splitting the modules into CT and TS (see supplemental Figure S1). 
Finally, we used a 95% threshold to define a CT module (if the module includes two or more tissues, each 
represented by > 5% of module genes) and TS module otherwise.

Differential network analysis
To quantify the difference between the connectivity among the same set of genes (or module) in the young 
versus the old cohorts, we used a metric known as modular differential connectivity (MDC)45. Given a set of N 
genes and two co-expression networks x and y, MDC is the ratio of the average connectivity among the N genes 
in the network x (i.e. the young network) to that among the same gene set in network y (i.e. the old network) 
and defined as:

	
MDC (x, y) =

∑N−1
i=1

∑N

j=i+1 Kx
ij∑N−1

i=1

∑N

j=i+1 Ky
ij

Where, kij is the connectivity (adjacency (correlation) value) between two genes i and j, in a given network.
The significance of the statistic MDC is achieved by permuting the data (i.e. shuffled gene labels) underlying 

the two networks and yielding a false discovery rate (FDR) while an empirical p-value of 0.05 is used. We 
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defined each module as exhibiting a characteristic of (1) gain of connectivity (GOC) for MDC > 1 and (2) loss of 
connectivity (LOC) for MDC < 1.

Enrichment analysis
In enrichment analysis a list of differentially expressed genes between conditions is ranked in terms of a metric 
associated to the observed expression change. This method identifies biological pathways that are enriched in 
a gene list more than would be expected by chance. The pathway enrichment analysis algorithm uses statistical 
techniques, such as a hypergeometric test, to discover the statistical significance of the enrichment of a selected 
group of genes72. To assess the enrichment of modules in molecular functions, biological processes, and cellular 
components, we used Gene Ontology (GO)73. Additionally, we utilized the Kyoto Encyclopedia of Genes and 
Genomes (KEGG) to annotate genes to cellular biological pathways74. Both GO and KEGG analyses were 
performed using the “clusterprofiler” R package75.

Machine learning applications for age classification
We designed an in-silico workflow for biomarker discovery to predict aging as a binary outcome using ML 
(young and old). The samples were grouped into old and young age classes as the target label for classification 
and two different approaches of ML applications were executed on genes in the significant cross-tissue GOC 
modules to identify the key cross-tissue coordinated genes and pathways as described in "Experimental Design: 
Age Groups Classification" section.

After data processing, data was split into train and validation data and a fivefold stratified nested cross 
validation was performed to evaluate the ML models. A grid search was used for the hyperparameter search. 
Preprocessing was carried with and without batch correction, to assess the impact of these procedures 
on classification performance (see supplementary Figure S12). Our analyses demonstrate that the overall 
classification performance remained consistent, confirming that batch effect correction did not introduce bias 
or affect the biological conclusions.

All models were relied on the scikit-learn python library implementation.

Feature selection using minimum absolute shrinkage and selection operator (LASSO)
Minimum Absolute Shrinkage and Selection Operator (LASSO)76 is a regression method for variable selection 
and regularization to improve the predictive accuracy and comprehensibility of a statistical model. It applies 
a regularization (shrinking) process where it penalizes the coefficients of the regression variables and shrinks 
these to zero. This way the variables that still have a non-zero coefficient are selected as the top features. The 
tuning parameter   λ controls the strength of the penalty. The larger the parameter λ , the more the number 
of coefficients shrunk to zero, the fewer features are selected. Therefore, it can automatically select a set of 
informative variables through the regression coefficients in the linear regression model shrinking to zero77. 
Suppose that the data (xi, yi), i = 1,2,…,n, where xi = (xi1, xi2, .xip)T are the predictor variables, and yi is the 
response variables. Letting regression coefficients β = (β1, β2, .βp), the LASSO estimate is defined as follows:

	
β̂ lasso = argminβ

{
n∑

i=1

(
yi − α −

p∑
j

xijβj

)2

+ λ

p∑
j

|βj |

}

where λ  is the penalty parameter that determines the shrinkage proportion. The LASSO method assigns an 
importance score to each feature based on the feature’s ability to predict the correct label.

Random Forest (RF)
Random Forest (RF) is an ensemble prediction method which is a collection of decision trees specially used 
in pattern recognition. The RF chooses the dividing features semi-randomly and can handle a large number of 
input variables and evaluate the importance of variables. RF is used to predict continuous variables and provide 
forecasts without apparent variations78.

XGBoost
XGBoost, is a boosted random forest classifier. This model uses a collection of decision trees that divide on 
subsets of features, where bootstrap aggregation is used to aggregate the final outputs of each decision tree 
into a final answer. XGBoost is successful for a small sample size and a large number of features. Furthermore, 
tree boosting machines have explainability capabilities, which can aid in evaluating the model’s correctness by 
examining the relevance of the most important features to the phenotype79,80.

Nested Cross-Validation (nested CV)
Cross-validation is a valuable technique employed in scenarios with limited annotated data. Stratified 
nested K-Fold Cross Validation (nested-CV)81 includes two cross-validation loops, namely an outer loop for 
performance estimation, and an inner loop for parameter optimization. The dataset is split into k outer folds and 
each fold is held out for testing while the remaining folds are merged and split into inner folds for training. Each 
outer training set is further split into inner folds for inner training and testing. The inner loop is responsible for 
hyperparameter tuning (the process of searching for the optimal parameters of the model), while the outer loop 
is responsible for error estimation and generalization.

First, an external K-fold cross-validation is implemented (outer loop) in which labeled samples are randomly 
split into K subsets with the same proportion of each class label (stratified cross-validation). At each step, a 
single subset is left for testing and remaining K-1 subsets are used for training. Then, the train set is further split 
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into K inner subsets that are used for the selection of classifier hyperparameters (inner loop). The model and 
hyperparameters with highest performance across the inner folds is chosen as the training outer-loop model and 
tested on the outer-loop test fold.

We used a nested cross-validation procedure, where the outer loop had 5 splits and the inner loop 3 (5 × 3).

Evaluation of the machine learning models
Receiver operating characteristic (ROC) curves were established and the area under the curve (AUC) were 
calculated to quantify their value. In addition, we used accuracy, recall, precision and F1 metrics to evaluate 
the performance of the cross-validation analysis. Table 3 provides the mathematical equations to calculate these 
parameters. The Performance metrics were computed using averages over nested 5-fold CV runs.

Single-sample enrichment methods
Single-sample enrichment method enables pathway-centric analyses of molecular data and calculates 
enrichment scores for single samples. We used Single sample Gene Set Enrichment Analysis (ssGSEA) which is 
a non-parametric method that calculates a gene set enrichment score per sample as the normalized difference 
in Empirical Cumulative Distribution Functions (ECDFs) of gene expression ranks inside and outside the gene 
set. Pathway scores are normalized, dividing them by the range of calculated values46. For a given data set of N 
genes, a signature G composed of gene set of size NG and a single sample S, the genes are replaced by their ranks 
according to their absolute expression levels ordered from the highest rank N to the lowest 1. An enrichment 
score ES(G, S) is obtained by a sum (integration) of the difference between a weighted ECDF of the genes in the 
signature P ω

G  and the ECDF of the remaining genes PNG:

	
ES (G, S) =

N∑
i=1

[P ω
G (G, S, i) − PNG (G, S, i) ]

P-values were adjusted using the Benjamini-Hochberg (BH)-FDR correction82, and an FDR < 0.05 was used to 
identify significantly enriched pathways.

The R/Bioconductor package GSVA (v1.26.0) and python package ssPA were used to perform ssGSEA 
analysis47,83,84. We used Reactome pathways database which was chosen here to cross-reference the previous 
KEGG-based enrichment results and to further validate our findings. The Reactome pathways (release 85) were 
downloaded from https://reactome.org/download-data. The Ensembl2Reactome_All_Levels.txt file was used 
and filtered for Homo sapiens pathways only.

Experimental design: age groups classification
The samples were grouped into old and young age classes as the target label for classification and two different 
approaches of ML applications were executed on genes in the significant cross-tissue GOC modules as described 
in the following.

Key Cross-tissue coordinated genes
The LASSO algorithm was used to select gene features and to find the most important and closely related 
attributes that appear to influence the target feature (i.e. age group) substantially. The key features chosen with 
the LASSO technique were the most essential features and were further used to train the RF and XGBoost 
classifiers. We applied stratified nested cross-validation as suggested for relatively small sample sized datasets85 
to reduce overfitting and bias of the resulting error rate estimate and to select the best parameters for the models.

Finally, we used the built-in feature_importances_ function to extract the genes/features the models believed 
to be most relevant to predicting age group.

Key Cross-tissue coordinated pathways
We used ssGSEA enrichment scores of pathways to conduct pathway-level analysis across tissues, generating 
scores for each pathway and individual pair. This enabled a feature space dimension reduction and yield a 
coordination score for each individual and pathway pair across the cross-tissue modules. This enables application 
of machine learning or multivariate statistical methods to pathway level data in order to classify individuals 
based on their pathway scores offering a more comprehensive and resilient approach compared to classifications 
derived from individual genomic measurements. The ssGSEA scores were fed into RF and XGBoost classifiers 

Performance metrics Formulas

Accuracy T P +T N
T P +F P +T N+F N

Recall T P
T P +F N

Precision T P
T P +F P

F1 T P

T P + 1
2 (F P +F N)

Table 3.  Performance metrics formulas. Where TP, TN, FP, and FN represent true positive, true negative, false 
positive, and false negative, respectively.
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via python sklearn package to predict which age group the samples belong to and to identify the most important 
multi-tissue pathways for age classification.

The built-in permutation_importance function was used to extract the pathways (i.e., the features) believed to 
be most relevant for predicting the age group. The permutation feature importance is defined to be the decrease 
in a model score when a single feature value is randomly shuffled78. This procedure breaks the relationship 
between the feature and the target, thus the drop in the model score is indicative of how much the model 
depends on the feature.

Data availability
The GTEx data used is freely accessible at https://gtexportal.org/home/.
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