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A genome-wide association study identified 10 novel genomic loci 1 

associated with intrinsic capacity 2 

Melkamu Bedimo Beyene, Renuka Visvanathan, Robel Alemu, Beben Benyamin, Rudrarup 3 

Bhattacharjee, Habtamu B. Beyene, Olga Theou, Matteo Cesari, John R. Beard, Azmeraw T. 4 

Amare* 5 

Abstract  6 

In 2015, the World Health Organization introduced the concept of intrinsic capacity (IC), a 7 

composite of all the physical and mental attributes that contribute to healthy aging. While 8 

substantial evidence supports the biological basis of IC and its subdomains, the extent of 9 

genetic influence on IC remains largely unexplored, with no studies currently available. 10 

Understanding the genetic basis of IC is crucial to advancing our knowledge and identifying 11 

interventions that promote healthy aging. To investigate the genetic basis of IC, we used data 12 

from the UK Biobank (UKB; N=44,631) and the Canadian longitudinal study on aging (CLSA; 13 

N=13,085).  We estimated SNP-based heritability (h2
SNP) at 25.2% in UKB and 19.5% in 14 

CLSA.  A Genome-Wide Association Study (GWAS) identified 38 independent SNPs for IC 15 

across 10 genomic loci and 4,289 candidate SNPs, mapped to 197 genes. Post-GWAS analysis 16 

revealed the role of these genes on cellular processes such as cell proliferation, immune 17 

function, metabolism, and neurodegeneration, with high expressions in muscle, heart, brain, 18 

adipose, and tibial nerve tissues. Of the 52 traits tested, 23 showed significant genetic 19 

correlations with IC, and a higher genetic loading for IC was associated with higher IC scores. 20 

This study is the first to identify genetic variants and pathways associated with IC, providing a 21 

foundation for future research on healthy aging. 22 

Main  23 

Aging is a complex biological process characterized by a gradual decline in biological 24 

functions, ultimately impacting health and well-being. These changes increase the risk of 25 

chronic conditions, but declines in functioning occur even in the absence of disease. This 26 

process is driven by the interplay between genetic, environmental, and lifestyle factors and 27 

their interactions, resulting in considerable variability in healthy aging trajectories among 28 

individuals. As the global population is aging rapidly, a better understanding of the 29 

determinants of healthy aging is becoming increasingly important and could lead to novel and 30 

personalized health promotion interventions [1, 2].  31 
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In 2015, the World Health Organization proposed a framework for healthy aging focused on 32 

building and maintaining the functional ability of older adults. Central to this framework was 33 

the concept of intrinsic capacity (IC), which refers to the composite of all the physical and 34 

mental capacities an individual can draw upon across the lifespan [3]. Unlike disease and 35 

disability, which are relatively late and dichotomous measures of poor health in older adults, 36 

IC provides a holistic and continuous framing of health that mirrors recent work on the complex 37 

and dynamic biological changes that drive aging. IC is operationalized through five key 38 

domains: cognitive, psychological, sensory, locomotor, and vitality capacities [3-8]. IC has been 39 

identified as a powerful predictor of many subsequent outcomes, including mortality, care 40 

dependence, and a range of chronic diseases, even after accounting for personal characteristics 41 

and multimorbidity.    42 

While research on IC has expanded significantly since it was conceptualized, most studies have 43 

primarily focused on defining its operational framework and examining associations with 44 

different health outcomes, sociodemographic, behavioral, and lifestyle choices, and selected 45 

biological markers [9]. To date, no study has specifically explored the genetic basis of IC across 46 

the genome, with only one candidate gene study documenting an association with the APOE4 47 

genotype [10]. This represents a paucity of evidence about the genetics of IC, particularly given 48 

the potential for biological factors to inform targeted interventions for maintaining IC and 49 

promoting healthy aging. The identification of genetic variants associated with IC has the 50 

potential to provide valuable insight into the biological pathways underlying aging and 51 

functional ability and for planning personalized interventions targeted to promote healthy 52 

aging.   53 

In this study, we address the critical gap in understanding the genetic basis of IC by leveraging 54 

data from the United Kingdom Biobank (UKB) and the Canadian Longitudinal Study on Aging 55 

(CLSA). We performed a comprehensive analysis that included estimating h2
SNP and 56 

conducting GWAS and post-GWAS functional characterization to identify genetic variants 57 

associated with IC. The other analyses included pathway analysis, gene-based and gene set 58 

analysis, genetic correlation, and polygenic score analyses.  59 
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Results  60 

Sample characteristics 61 

After applying quality control (QC) filtering, data from 57,716 individuals were analyzed, 62 

comprising 44,631 participants from the UKB with a mean (SD) age of 56 (7.6) years and 63 

13,085 participants from the CLSA with a mean (SD) age of 61 (9.5) years. Just over half of 64 

the participants from the UKB (N=24,142; 54.1%) and CLSA (N=6,645; 50.8%) were female. 65 

Most participants (94.6% of UKB and 92.1% of CLSA) were of European ancestry. The IC 66 

scores in both cohorts have an approximate normal distribution with a mean (SD) of 0.000014 67 

(0.64) in the UK biobank and 0.0005 (0.60) in CLSA. A total of ~8.9 million SNPs, including 68 

5.8 million common SNPs across both cohorts, were included in the final analysis.  69 

Heritability (h2
SNP) 70 

The h2
SNP of IC was estimated at 25.2% (95% CI: 23.2 - 27.2%) in the UKB and 19.5% (95% 71 

CI: 14.2 - 24.8%) in the CLSA. These estimates reflect the proportion of total phenotypic 72 

variance in IC attributable to additive genetic effects. The breakdown of the total phenotypic 73 

variance (VIC) into genetic (VG) and environmental components (Ve) is provided in 74 

Supplementary Table 1. 75 

Genome-wide Wide Association Study (GWAS) 76 

Initially conducting GWAS in both cohorts using a mixed linear model method 77 

(fastGWA_mlm), we performed an inverse variance weighted fixed effects GWAS Meta-78 

analysis. The Meta GWAS has identified 38 independent genome-wide significant signals (P < 79 

5x10-8) across 10 genomic loci on chromosomes 1, 4, 10, 13, 17, and 20, near or within the 80 

PTP4A2, PRPF3, LCORL, RN7SL89P, ANAPC10, HK1, DLEU1, MAPT, SCN4A, and STAU1 81 

genes, respectively (Figure 1). The loci with the strongest association, rs9891103, P=6.50x10-
82 

14, located near the MAPT gene, contains 18 of the 38 independent significant SNPs. Details of 83 

the 10 genomic loci, lead SNPs, and nearest genes are presented in Table 1 and Figure 1. 84 

Regional plots of the 10 loci, illustrating the genomic context and patterns of association, are 85 

provided in Supplementary Figure 1.  86 

The LD-based annotation of independent significant SNPs identified 4,289 candidate SNPs 87 

mapped to 197 genes. Among the candidate SNPs, 813 SNPs have been reported for their 88 

association with phenotypes related to IC domains and ageing. These include certain 89 
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biomarkers, cognitive and psychological traits, heart and lung function measures, grip strength, 90 

mobility and physical activity, body composition traits, neurodegenerative diseases (e.g., 91 

Alzheimer’s and Parkinson’s disease), and cancer. These findings suggest potential pleiotropy, 92 

highlighting shared genetic pathways underlying IC and related traits. The full details of the 93 

candidate SNPs associated traits are provided in Supplementary Table 2. 94 

95 

Figure 1: Manhattan plot for the meta-analysis of GWAS summary statistics for IC from the 96 

UKB and CLSA GWAS analyses on IC. Each data point represents a SNP, with their positions 97 

along the chromosomes (x-axis) plotted against their respective -log10 transformed P-values 98 

(y-axis). The plot highlights significant genomic loci associated with IC, with notable peaks 99 

surpassing the genome-wide significance threshold cutoff (P < 5x10-8) (horizontal blue line). 100 

Table 1: Ten genomic loci associated with IC, lead SNPs, and nearest genes.  101 

Locus Lead SNPs Chr Start  End A1 A2 MAF 
(%) 

P-value Genes near to 
lead SNPs 

1 rs72666714 1 32327685 32437775 C G 8.5 7.9x10-10 PTP4A2 

2 rs11581793 1 150292561 151047648 C T 0.3 8.7 x10-9 PRPF3 

3 rs2707450 4 17792869 18025484 C T 28.6 2.9 x10-8 LCORL 

4 rs200768290 4 106073735 106217588 C T 44.4 1.3 x10-10 RN7SL89P 

5 rs200457388 4 145523071 146177583 C CA 28.9 2.4 x10-11 ANAPC10 

6 rs72805692 10 71094504 71099109 A G 3.6 6.9 x10-9 HK1 

7 rs182234180 13 50760125 50993083 C T 0.8 4.3 x10-10 DLEU1 

8 rs9891103 17 43463493 44874453 C T 17.7 6.5 x10-14 MAPT 

9 rs2532111 17 61781331 62017421 A G 40.4 4.9 x10-8 SCN4A 

10 rs34841991 20 47432799 47930866 C T 15.5 1.4 x10-9 STAU1 

IC = intrinsic capacity, GWAS = genome-wide association study, UKB = UK biobank,  102 

CLSA =Canadian longitudinal study on aging. 103 
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Gene-based tests and gene set analysis 104 

Using MAGMA gene annotation, the 8.9 million GWAS SNPs were mapped to 19,327 protein-105 

coding genes. Of these, 18 genes were significantly associated with IC after Bonferroni 106 

correction (P-value cut off ≤ 2.6 x 10-6). The gene-based Manhattan plot (Supplementary Figure 107 

2) highlights the 18 genes significantly associated with IC, and the full list of the gene-based 108 

associations can be found in Supplementary Table 3.  109 

A gene expression analysis of each of the 197 prioritized genes identified varying expression 110 

patterns across 54 tissue types in the GTEx v8 dataset, with seven genes (MCL1, JTB, COX6B1, 111 

DDX5, PSMC5, PSMD4, and PTP4A2) showing consistently high expression in all 54 tissues 112 

(Figure 2). Notably, in the heatmap, some of the genes have high expression in tissues relevant 113 

to IC domains, including MAPT, SEMA6C, and SUCLA2 in muscle, MAPT, PREX1, and 114 

CRHR1 in the brain, RAB34, PFKM, and SLC25A4 in the heart, and ICAM2 and CTSK in 115 

adipose and nerve tissues (Figure 2). The tissue specificity analysis showed a significant over-116 

representation of our prioritized genes set in DEGs for pancreas, skeletal muscle, left ventricle, 117 

liver, whole blood, and two brain regions—the Putamen basal ganglia and Hippocampus 118 

(Figure 3) and the gene set enrichment analysis (GSEA) in GWAS catalog gene sets found 119 

a statistically significant over-representation of our prioritized genes in 38 curated gene sets 120 

from previous GWAS studies for different phenotypes and diseases (Figure 4). 121 
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 122 

Figure 2: Heatmap showing gene expression pattern – average log 2(RPKM) per tissue for 123 

prioritized genes. The color intensity represents the level of gene expression (red shows the 124 

highest expression and blue are least expression). RPKM = Read Per Kilobase per Million 125 
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126 

Figure 3: Bar diagram of tissue specificity analysis for our prioritized genes set in differentially 127 

expressed gene sets (DEGs) for 30 general tissue types in the GTEx v8 database. Each bar 128 

shows the DEGs for the tissues, and the height of the bars shows the number of overlaps. The 129 

DEG sets in which our prioritized gene set has a significant over-representation (Bonferroni-130 

corrected P-value < 0.05) are highlighted in red. 131 
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132 

Figure 4: Lollipop plot for GSEA results shows the overlap of our 197 prioritized genes set 133 

with gene sets associated with different traits or diseases from the GWAS catalog. On the x-134 
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axis are the -log10 adjusted P-values, while the y-axis represents the gene sets ranked by level 135 

of significance, with stronger associations at the bottom. The length of the grey horizontal line 136 

indicates the -log10 adjusted P-value, with longer lines signifying greater enrichment 137 

significance. Circle sizes in the legend reflect the number of overlapping genes between our 138 

prioritized genes and the GWAS Catalog gene sets. 139 

Pathways Analysis 140 

Pathway enrichment analysis performed on 197 prioritized genes identified 88 suggestive 141 

pathways (6 from Panther pathways and 82 from reactome pathways) at a nominal significance 142 

threshold (P < 0.05), although they were not significant after correction for multiple testing. 143 

Among these nominally significant pathways include the cell cycle, synaptic vesicle 144 

trafficking, mRNA splicing, Alzheimer's disease-presenilin pathway, coenzyme A biosynthesis, 145 

ubiquitin-proteasome pathway, transcriptional regulation by RUNX1, programmed cell 146 

death/apoptosis, class B/2 (secretin family receptors), TCF-dependent signaling in response to 147 

WNT, C-type lectin receptors (CLRs), DC42 GTPase cycle, and RAC1 GTPase cycle (Figure 148 

5, supplementary Table 4).  149 
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 150 

Figure 5: Sankey diagram for selected pathways (left) related to IC-associated genes (right) 151 

that showed significant overrepresentation at nominal P-value threshold (P<0.05).  152 
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The polygenic score (PGS) for IC was significantly associated with the IC score (P < 9.75x10-
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16). A decile-based comparison revealed a linear trend of association, indicating that individuals 155 

with greater genetic loading for IC variants are more likely to have a higher IC score. For 156 
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those in the tenth decile (with a higher genetic loading) had on average 0.19 increased IC score 158 

(95%CI: 0.13-0.25) (Supplementary figure 3). 159 

Genetic correlation analysis  160 

A genetic correlation analysis was performed for 52 selected phenotypic traits related to 161 

physical, cognitive, and metabolic functions and selected for their potential relevance to IC. Of 162 

these, 23 traits demonstrated statistically significant genetic correlations with IC, indicating 163 

shared genetic architectures (Figure 6). Notably, the strongest genetic correlations were 164 

observed with traits associated with vitality, including forced vital capacity (FVC), forced 165 

expiratory volume in 1 second (FEV1), and hand grip strength.  166 



12 

 

 167 

Figure 6: Box plots showing the results of the genetic correlation analyses and 95% confidence 168 

intervals between IC and 23 traits with statistically significant associations. The horizontal axis 169 

represents genetic correlations (r) ranging from zero (at the centre) to negative correlations on 170 

the left, and positive correlations on the right. The vertical axis lists the traits that significantly 171 

correlate with IC, organized by categories based on the domains they define. BP: blood 172 

pressure, FVC: Forced vital capacity, FEV1: Forced expiratory volume in one second, CRP: 173 

C-reactive protein, BMI: Body mass index, ADHD: Attention deficit/hyperreactivity disorder.  174 
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Discussion 175 

This study presents the first GWAS for intrinsic capacity, providing novel insights into the 176 

genetic architecture of this complex trait, with key findings that genetic factors accounted for 177 

about a quarter of the total phenotypic variability in IC. We identified 38 independent SNPs 178 

across 10 genomic loci, which map to 197 genes expressed in tissues relevant to IC and are 179 

significantly overrepresented in gene sets and biological pathways related to IC. The PGS 180 

analysis revealed a significant association between PGS for IC and IC scores, implying the 181 

polygenic nature of this trait, and genetic correlation analyses found a strong genetic overlap 182 

between IC and 23 traits related to IC subdomains and associated phenotypes, highlighting 183 

potential pleiotropy. 184 

Our findings indicated that common genetic factors accounted for about a quarter of the total 185 

phenotypic variability in IC (h2
SNP estimates ranging from 19.6% to 25.2%), with the remaining 186 

(three-quarters) variability related to environmental factors, gene-to-environment interaction 187 

effects, rare genetic variants’ effects, and stochastic variations.  These estimates are comparable 188 

to previously reported heritability estimates for traits related to IC domains, including 11%-189 

31% for cognitive function measures, 23.9% for grip strength [11], 9%-16% for functional 190 

decline [12], 22%-37% for depression [13], 25%-29% for unilateral hearing difficulty [14], and 191 

32%-36% for FEV1 [15].  192 

Our analysis of genes near the lead variants of IC loci and significant genes from the gene-193 

based test revealed a plausible list of genes involved in biological processes with potential 194 

implications for IC, aligning with previous studies. For instance, several genes have been 195 

implicated in physiological processes and metabolism, such as PTP4A2 (near rs72666714), and 196 

other Protein tyrosine phosphatases (PTPs) play roles in a wide range of fundamental 197 

physiological processes [16], while HK1(near rs72805692) is central to glucose metabolism and 198 

energy production [17]. Similarly, LCORL and GPX1 are metabolic regulators [18, 19] and 199 

MAPT is linked to glucose metabolism and mitochondrial function [20]. Other genes, such as 200 

RNF123 and SCARF2, are associated with lung function (e.g., FEV1 and FVC) and 201 

inflammatory markers (e.g., Glycan), with SCARF2 emerging as a potential therapeutic target 202 

for chronic obstructive pulmonary disease [21, 22]. Our findings, together with these supporting 203 

evidence, highlight the relevance of the identified genes for vitality capacity-related processes, 204 

which in turn suggests a central role that vitality capacity may have for IC - supporting a 205 

working definition of vitality as an underlying physiological determinant of IC [23]. 206 
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Intriguingly, some of the genes are also implicated in psychological and cognitive functioning 207 

and neurodegenerative disease phenotypes, such as gene STAU1 - critical for synaptic function 208 

and neuronal plasticity [24], and MAPT, ARFGEF2, SCN4A, and GOSR2 are involved in vesicle 209 

trafficking, neuronal functions, and neurological conditions such as epilepsy and seizures [25-210 

28]. Specifically, MAPT (which encodes tau protein), the nearest gene to the top hit intron 211 

variant rs9891103 in this study, has been implicated in more than 26 tauopathies, 212 

neurodegenerative diseases, psychiatric traits, cognitive and brain structure phenotypes [25, 29-213 

32] and ARHGAP27 has been implicated in various neuropsychiatric conditions [33].  Studies 214 

also showed that mutations in PRPF3 have been discovered to cause visual impairment during 215 

old age [34] and Tauopathies (related to the MAPT gene) have been studied to have associations 216 

with hearing impairment [35] which implies that some of the genes associated with IC in this 217 

study may be because of their role in the sensory function. Furthermore, genes such as MAPT 218 

[29, 36] and SCN4A [37, 38] have roles in muscle, bone (osteoblast and osteoclast), and motor 219 

functions.  As such, their association with IC, supported by previous findings, may imply the 220 

role of these genes in locomotive capacity. Taken together, our findings, consistent with 221 

previous studies, suggest that the genes identified in this study and implicated in 222 

neuropsychological and cognitive functions may have critical roles in the biology of IC. 223 

Additionally, several genes are involved in programmed cell death (apoptosis) and cellular 224 

senescence – hallmarks of biological aging. PTP4A2 (generally PTPs) have been reported as 225 

emerging regulators of apoptosis [39], HK1 encodes a protein that inhibits TNF-induced 226 

apoptosis at the mitochondria [40] and STAU1 is involved in amplifying pro-apoptotic 227 

activation during the unfolded protein response [41]. Genes such as AL136115.1 and CDHR4 228 

are directly implicated in cellular senescence [42, 43]. These findings suggest a potential 229 

common biological mechanism underlying IC and the aging process, further supporting the 230 

role of these pathways in maintaining functional capacity across the lifespan.  231 

The gene expression and tissue specificity findings also support the top-hit results discussed 232 

above. This is implied by the expression of the prioritized genes in tissues related to IC domains 233 

and their involvement in aging-related processes such as apoptosis, cellular senescence, 234 

telomere shortening, metabolism, and motor and cognitive functions. Seven of the prioritized 235 

genes (MCL1, JTB, COX6B1, DDX5, PSMC5, PSMD4, and PTP4A2) showed consistently high 236 

expression across all 54 tissues. Of these, MCL1, JTB, PSMC5, and PSMD4 are involved in 237 

apoptosis [44-46]; DDX5 slows telomere shortening and has anti-aging roles [47, 48]; JTB and 238 

COX6B1 support metabolism and energy production [45, 49] with potential implications for 239 
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vitality capacity. The NSF and STX1B are key for vesicular transport and neurotransmitter 240 

release [50, 51], PSMC5 is related to cognitive deficits and motor impairments [52], and 241 

SEMA6C supports neuronal development and synaptic plasticity [53] - all of which are critical 242 

for cognitive functioning.  243 

Specifically, some of the prioritized genes were expressed in tissues relevant to IC domains 244 

such as muscle (MAPT, SEMA6C, and SUCLA2), brain (MAPT, PREX1, SEMA6C, and 245 

CRHR1), heart (RAB34, PFKM, and SLC25A4), adipose tissue (ICAM2, CTSK), and nerve 246 

tissue (IFI44, PTPDC1, and CTSK). MAPT and SEMA6C have been discussed above for 247 

having roles in neuronal development and synaptic plasticity. Their expression in muscle and 248 

brain tissues emphasizes their involvement in motor and cognitive function aspects of IC. The 249 

CTSK, expressed in the nerve tissue, has been linked to neuronal plasticity and cognitive 250 

function [54].  251 

Similarly, SUCLA2 has roles in muscle function and energy metabolism – and hence expression 252 

in muscle here [55] and PREX1 is involved in processes such as axon guidance, synaptic 253 

plasticity, and neuronal migration [56], which aligns with our finding that it is expressed in 254 

brain tissues. CRHR1 has been reported for its associations with cognitive functioning and 255 

mental health [57].  256 

PFKM enhances glycolysis and oxidative phosphorylation [58], and SLC25A4 maintains 257 

mitochondrial energy balance [59] with mutations linked to cardiomyopathy and exercise 258 

intolerance [60]. The ICAM2 and CTSK genes, expressed in adipose tissues, have in previous 259 

studies been linked to inflammation, adipocyte differentiation, and obesity [61-63]. The 260 

expression of these genes in heart and adipose tissues in our study is consistent with these 261 

findings, and it may imply their potential roles in vitality capacity.  262 

Tissue specificity analyses also supported the findings from tissue expression analysis that 263 

a significant over-representation of our prioritized genes was found in tissues potentially 264 

relevant to IC – pancreas, muscle, heart, blood, liver, and brain, and the GSEA of our prioritized 265 

genes set in the GWAS catalog gene sets showed significant enrichment in various curated gene 266 

sets for traits related to IC domains [5, 9] both highlighting the relevance of the genetic variants 267 

we identified for IC. 268 

The pathways identified in this study, with suggestive enrichment, have been implicated in 269 

biological aging and likely provide important insight into the biological processes underlying 270 
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IC. For example, enriched pathways such as cell cycle (PSMD4, ANAPC10), TCF-dependent 271 

signaling in response to the WNT pathway (PSMC5, WNT3, PSMD4, FZD2), ubiquitin-272 

proteasome pathway (PSMC5, PSMD4), programmed cell death/apoptosis (PSMC5, PSMD4, 273 

MAPT, NMT1) modulate cell proliferation, cellular turnover, and immune function, all of which 274 

play key roles in the biology of aging [64-67]. Other enriched pathways, such as coenzyme A 275 

biosynthesis (DCAKD), class B/2 secretin family receptors (CRHR1, WNT3, FZD2), and C-276 

type lectin receptors pathway (ICAM2, PSMC5, MAP3K14, PSMD4) are involved in 277 

metabolism and immune response functions [68-70] with potential implications for IC domains, 278 

mainly the vitality capacity. Likewise, the synaptic vesicle trafficking pathway (NSF, STX1B), 279 

the cornerstone of learning and memory function [71], and Alzheimer's disease-presenilin 280 

pathway (ERN1, WNT3, FZD2), a key part of the molecular mechanism of Alzheimer's disease 281 

[72] – have roles for cognitive function, and neuronal health, and are linked to 282 

neurodegeneration [73, 74]. 283 

The PGS analysis findings implied polygenicity of IC, revealing a significant association 284 

between IC and PGS for IC, with PGS explaining a small (0.3%) but statistically significant 285 

variability in IC. This is not special for IC as existing evidence suggests that for complex traits, 286 

the PGS explains only a small amount of variability in the phenotype [75]. It is consistent with 287 

findings for some complex traits – such as 0.7-2.1% for major depression and anxiety[76], and 288 

0.4% - 2.1% for frailty in the ELSA cohort [77] but lower than that for traits like educational 289 

attainment (up to 12%) or cognitive performance (7-10%) [78].  290 

The results of the genetic correlation analysis indicated how IC was interrelated with multiple 291 

traits at the genetic level, suggesting that genetic variants influencing IC also affect these other 292 

traits. The strongest genetic correlations were found between IC and traits such as FVC, FEV1, 293 

and hand-grip strength, and more than 50% of the significant correlations were with vitality-294 

related phenotypes. These findings imply the central position of the vitality domain for IC and 295 

align with the recent definition of vitality as an underlying physiological determinant of IC 296 

[23]. Positive correlations with cognitive traits (e.g., intelligence and educational attainment) 297 

underscore that genetic factors contributing to cognitive capacity may also contribute positively 298 

to maintaining IC, whereas negative correlations with frailty and cardiometabolic 299 

multimorbidity, however, may imply that genetic factors that increase the risk of frailty and 300 

cardiometabolic multimorbidity will decrease IC, supporting evidence that physical decline 301 

accelerates aging-related deterioration [9]. 302 
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The main strength of this study lies in the use of data from two big international cohort studies 303 

with detailed phenotypic and genetic data and the breadth of genetic analyses implemented, 304 

ranging from heritability testing and GWAS analyses up to various post-GWAS analyses. 305 

However, the study has certain limitations that should be considered when interpreting the 306 

findings. First, the UKB and CLSA study cohorts are of predominantly European genetic 307 

ancestry, limiting the generalizability of results to other populations. Second, IC is a complex 308 

trait encompassing multiple domains, and the genetic relationships within these domains are 309 

not well understood, complicating biological interpretation. Third, the lack of standardized IC 310 

measurement across studies may pose challenges for replication and external validity. This may 311 

be the case for our study between UKB and CLSA cohorts, but we minimized the possible 312 

difference between cohorts by using similar or closely related variables, confirming no 313 

significant differences in IC scores using appropriate tests and performing a meta-GWAS 314 

analysis. Lastly, biological interpretation from gene expression, gene set, and pathway analyses 315 

are inherently constrained by the specific databases utilized. Despite these limitations, our 316 

study provides foundational insights into the genetic architecture of IC.  317 

In conclusion, this study provides the first comprehensive genetic analysis of IC, demonstrating 318 

its heritability and identifying novel genetic variants, genes, and pathways associated with this 319 

complex trait. GWAS revealed several distinct genomic loci, many overlapping with IC 320 

domains and related traits, suggesting the validity of our findings. Gene expression analyses 321 

highlighted the involvement of GWAS-prioritized genes in tissues critical to IC, such as 322 

muscle, brain, heart, lung, and adipose, while gene set and pathway analyses implicated 323 

significant biological pathways relevant to IC. Overall, these results enhance our understanding 324 

of the genetic underpinnings of IC and offer a foundation for exploring biological mechanisms 325 

that may serve as a baseline for future research aimed at developing personalized interventions 326 

to maintain or improve IC in aging populations. Future research should validate these findings 327 

in ancestrally diverse populations and conduct functional studies to elucidate the roles of these 328 

genes and pathways. Investigating gene-environment interactions, including the influence of 329 

lifestyle, socioeconomic status, and behavioral factors, is essential to understanding how 330 

genetic variants affect IC. Additionally, Mendelian randomization studies could establish 331 

causal links between genetic variants and IC, helping to identify modifiable factors and inform 332 

strategies to mitigate aging-related declines in IC. 333 
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Methods 334 

Study Sample  335 

We analysed data from two large international cohort studies, the UKB (N~500,000) and the 336 

CLSA (N~50,000). The UKB recruited adults aged 40-69 years from 22 centers across the 337 

United Kingdom (UK) between 2006 and 2010, with 94.6% of participants self-identifying as 338 

having European genetic ancestry [79, 80]. The CLSA  recruited adults aged 45-85 years from 339 

all 10 provinces in Canada between 2011 and 2015, with 92.09% self-identified as being of 340 

European genetic ancestry [81-83]. Both studies collected comprehensive phenotypic data, 341 

including questionnaires, physical assessments, and biomarkers, along with genetic data. The 342 

CLSA data has genetic information for the comprehensive cohort only, and we included only 343 

the comprehensive cohort participants in this study. For the comprehensive cohort, the 344 

participants were recruited from within 25-50 kms of 11 data centres located in 7 provinces. 345 

Development of IC score  346 

The IC score was developed and validated separately for each of the two cohorts. For UKB 347 

participants (N=44,631), it was previously reported [5] and using the same methodology, IC 348 

scores were computed for the CLSA participants (N = 13,112) – which were participants with 349 

full responses to 14 question items used to measure IC. A detailed description of the approach 350 

used to generate the IC score in CLSA is presented in Supplementary File 1. Briefly, these IC 351 

scores were derived using factor analysis, specifically through a bifactor model within a 352 

structural equation model framework. This approach was chosen due to its superior goodness-353 

of-fit statistics compared to conventional methods [9].  354 

Genetic data quality control  355 

Quality control was performed separately on the imputed genetic dataset of the UKB (released 356 

in July 2017) [79] and the CLSA (released in September 2018) [81] using consistent SNP and 357 

individual-based filtering criteria. First, SNPs with an imputation information score below 0.3, 358 

missing call rates exceeding 5%, minor allele frequencies below 1%, and Hardy-Weinberg 359 

equilibrium P < 1x10-7 were removed. Then, individuals with SNP missing rates exceeding 5%, 360 

sex mismatches between reported and genetically inferred sex, chromosome aneuploidy 361 

(ambiguous genetically imputed sex), and heterozygous/homozygous rate deviating 362 

significantly from the mean (>3SD) were excluded.  363 
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After applying these QC filters, the UKB dataset retained 6.4 million SNPs and 44,631 364 

individuals, while the CLSA dataset retained 8.3 million SNPs and 13,085 individuals, all of 365 

whom had IC scores and were included in the genetic analysis. Full details of the QC 366 

parameters and pipeline are available in Supplementary File 2. 367 

Genetic data analyses  368 

We performed a comprehensive suite of genetic data analyses to explore the genetic 369 

architecture of IC, encompassing SNP-based heritability estimation (h2
SNP), GWAS, post-370 

GWAS analyses such as functional mapping and annotation, gene-based and gene set analyses, 371 

pathway analysis, polygenic score (PGS) calculation, and genetic correlation analyses (Figure 372 

6). Each analytical method is detailed below: 373 

SNP-based heritability (h2SNP): The SNP-based heritability of IC was estimated for both 374 

cohorts using the restricted maximum likelihood (REML) method implemented in GCTA 375 

software [84]. This approach partitions the total phenotypic variance into genetic and 376 

environmental components, specifically quantifying the proportion attributable to additive 377 

genetic effects of SNPs across the genome [84]. The REML framework leverages genome-wide 378 

SNP data to provide robust heritability estimates [84, 85]. The statistical significance of h2SNP 379 

was evaluated using a likelihood ratio test (LRT), contrasting the null hypothesis (h2SNP =0) 380 

with the alternative hypothesis (h2SNP ≠0). 381 

Genome-Wide Association Study (GWAS): We conducted GWAS using a linear mixed model 382 

(fastGWA-mlm) implemented in the GCTA software to identify genetic variants associated 383 

with IC. This approach adjusts for fixed effects (age, sex, batch effect, and the first ten principal 384 

components) and incorporates random effects to account for relatedness among individuals 385 

[86]. Population structure was controlled using PCs, while a sparse genetic relationship matrix 386 

(GRM), derived from an initial dense GRM with a cutoff of 0.05, was used to model relatedness 387 

[84]. The GWAS analysis was performed separately for each cohort, applying a stringent 388 

genome-wide significance threshold of P < 5x10-8 to correct for multiple testing. Subsequently, 389 

a genome-wide meta-analysis (Meta-GWAS) was performed using the summary statistics from 390 

the cohort-specific GWAS results. Meta-analysis was conducted using an inverse variance-391 

weighted fixed effects model in Metal Software [84]. Meta-GWAS results provided a 392 

comprehensive set of summary statistics, which are used for downstream functional mapping 393 

and pathway analyses, described in subsequent sections 394 
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Post-GWAS analyses  395 

Functional mapping and annotation: Functional mapping and annotation of candidate SNP 396 

were performed using FUMA (Functional Mapping and Annotation) software (Version 1.6.1) 397 

[87], leveraging 1000 Genomes Phase 3 reference panel. Independent SNPs were first identified 398 

- defined as significant SNPs with r2 < 0.6 in linkage disequilibrium (LD) with one another. 399 

These independent SNPs were then used to annotate candidate SNPs (those with LD with 400 

independent significant SNPs; r2 >0.6) and delineate genomic loci (by first assigning 401 

independent significant SNPs with r>0.1 into the same locus and then assigning independent 402 

significant SNPs which are closer than 250kb into same genomic locus). Gene mapping for the 403 

candidate SNPs was subsequently conducted using three complementary strategies within 404 

FUMA: (1) Positional mapping, which links SNPs to genes based on physical proximity; (2) 405 

Expression Quantitative Trait Loci (eQTL), which connects SNPs to genes whose expression 406 

levels they influence, using tissue-specific eQTL data; and (3) Chromatin interaction mappings, 407 

which identifies SNP-gene connections through long-range chromatin interactions, using data 408 

from chromatin conformation studies. These approaches generated a comprehensive list of 409 

prioritized genes associated with all candidate SNPs, which were then used as inputs for 410 

subsequent gene expression, tissue specificity, and gene set and pathway enrichment analyses.  411 

Gene-based and gene-set analyses: The gene-based test was performed using Multi-marker 412 

Analysis of Genomic Annotation (MAGMA, version 1.08), integrated within the FUMA 413 

framework [88]. SNPs from the GWAS were mapped to genes based on a 10kb window on 414 

either side of a gene, resulting in the identification of 19,327 genes [87]. A genome-wide 415 

significance threshold for the gene-based test was set at p = 0.05/19327 = 2.6x10-6. All the 416 

other gene-based analyses (i.e., gene expression, tissue specificity, gene set enrichment, and 417 

pathway analyses) were conducted using the prioritized genes through FUMA’s SNP2GENE 418 

annotation.  419 

The gene expression analysis examined the normalized gene expression values measured in 420 

reads per kilobase per million (RPKM) for each of the prioritized genes individually across 54 421 

tissue types in the Genotype-Tissue Expression database version 8 (GTEx.v8).  422 

A hypergeometric test with the Benjamini-Hochberg procedure for multiple test adjustment 423 

was used for tissue specificity analysis, gene set enrichment analysis (GSEA), and pathway 424 

analyses to test the overrepresentation (significant overlap) of our GWAS prioritized genes in 425 

differentially expressed gene sets (DEGs), GWAS catalog gene sets, and gene sets for 426 



21 

 

biological pathways respectively [87, 89, 90]. In tissue specificity analysis, this method tested 427 

whether the prioritized genes were significantly enriched in differentially expressed gene sets 428 

(DEGs) for various tissue types [87]. DEGs were pre-calculated in the GTEx database 429 

(including all genes in the database) using a two-sided t-test comparing the expression of each 430 

gene in every tissue to all other tissues. The genes were then considered differentially expressed 431 

in each tissue if they met a Bonferroni corrected P-value of ≤ 0.05 and showed a log fold change 432 

≥ 0.58 (equivalent to a 1.5-fold change). In GSEA, it tested if our GWAS prioritized gene set 433 

overlapped significantly with GWAS Catalog gene sets (i.e., with gene sets constructed for 434 

different traits in previous GWAS studies) [89]. In pathway analysis implemented in the 435 

PANTHER platform (incorporating panther and reactome pathways), it was used to test for 436 

enrichment of our GWAS prioritized genes set in gene sets built for different biological 437 

pathways [90].  438 

Polygenic score analysis (PGS): To assess the cumulative effect of multiple genetic variants on 439 

IC, a PGS was computed for IC in the CLSA cohort (as the target sample) using GWAS 440 

summary statistics from the UKB cohort (as the discovery sample) [91]. The association of this 441 

PGS score with the IC score was tested using a linear regression model and a decile-based 442 

stratified analysis was performed to examine patterns of IC across PGS deciles[92-94].  443 

Genetic correlation analysis: To evaluate the genetic relationship of IC with other related traits, 444 

a genetic correlation analysis was performed using the LD score (LDSC) regression method 445 

[95] that utilized our GWAS summary statistics and LD scores derived from the 1000 Genomes 446 

project European genetic ancestry reference panel. A total of 52 traits were included in the 447 

analysis, selected based on a literature review of phenotypes likely associated with IC and its 448 

domains [9]. The summary statistics for these traits were obtained from the GWAS catalog [24] 449 

and details of the specific studies from which the GWAS summary statistics for each trait were 450 

obtained are provided in supplementary file 3. 451 
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 452 

Figure 7: Data analysis flow chart. This chart visualizes an integrated pipeline from data 453 

preprocessing and quality control (step 1) through heritability and GWAS (step 2) and various 454 

post-GWAS analyses (step 3). SNP = single nucleotide polymorphisms, IC = intrinsic capacity, 455 

QC = quality control, Mind = missing call rate, SD = standard deviation, INFO =imputation 456 

quality score, MAF = minor allele frequency, HWE = Hardy Weinberg equilibrium, GWAS = 457 

genome-wide association study, Meta-GWAS = Genome-wide association meta-analysis, 458 

FUMA = Functional mapping and annotation, eQTL = expression quantitative trait loci, 459 

GTEx.v8 = Genotype tissue expression project version 8, DEGs = differentially expressed gene 460 

sets, LD = linkage disequilibrium. 461 

Data Availability  462 

Data, protocols, and other metadata of the UKB and CLSA are available to the scientific 463 

community upon request as per their respective data-sharing policies 464 

https://www.ukbiobank.ac.uk/enable-your-research/apply-for-access and https://www.clsa-465 

elcv.ca/data-access/. Data for the GWAS summary statistics used for genetic correlation 466 

analysis were obtained from the GWAS catalog https://www.ebi.ac.uk/gwas/, and access links 467 

for all the 52 summary statistics are available in Supplementary file 3.  468 

Code Availability  469 

The following codes and software we used for data analysis are freely available: Plink2.0 470 

https://www.cog-genomics.org/plink/2.0/ GRM calculation 471 

https://yanglab.westlake.edu.cn/software/gcta/#MakingaGRM LDSC Heritability estimation and 472 

genetic correlation analysis https://github.com/bulik/ldsc GCTA 473 

https://www.ukbiobank.ac.uk/enable-your-research/apply-for-access
https://www.clsa-elcv.ca/data-access/
https://www.clsa-elcv.ca/data-access/
https://www.ebi.ac.uk/gwas/
https://www.cog-genomics.org/plink/2.0/
https://yanglab.westlake.edu.cn/software/gcta/#MakingaGRM
https://github.com/bulik/ldsc
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https://yanglab.westlake.edu.cn/software/gcta/#Overview fastGWA mixed linear model 474 

https://yanglab.westlake.edu.cn/software/gcta/#fastGWA  Meta GWAS analysis 475 

https://genome.sph.umich.edu/wiki/METAL_Documentation  FUMA https://fuma.ctglab.nl/ 476 

Bioconductor package for leftover between genome builds https://www.bioconductor.org/install/ 477 

polygenic score https://github.com/getian107/PRScsx Panther pathway analysis 478 

https://pantherdb.org/ R and Rstudio https://www.r-project.org/ and  479 

https://posit.co/download/rstudio-desktop/. Details of customized data analysis codes (in Linux 480 

format) for quality control, GRM calculation, heritability estimation, GWAS, Meta GWAS, polygenic 481 

score, and genetic correlation analyses can be made available upon request and/or can be found in 482 

online supplementary file 2. 483 
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