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Supplementary Methods

Trait Selection and Multivariable Linkage Disequilibrium Score Regression

After selecting the initial 52 frailty deficits (Main Text and Supplementary Table 1), we
conducted multivariable linkage disequilibrium score regression (LDSC) to perform a series of
pre-determined quality control checks to decide which frailty deficits could be reliably included
in our subsequent analyses.

We performed multivariable LDSC using the GenomicSEM R package and publicly available
LD scores and weights from the 1000 Genomes Phase 3 European reference panel that
excluded the major histocompatibility complex (MHC) owing to its complex patterns of LD(1,
2). LDSC was applied to estimate a genetic covariance matrix with SNP-based heritability (h2y,)
of each phenotype on the diagonal and the genetic covariance across each pairwise
combination of traits on the off-diagonal. Multivariable LDSC also produces a sampling
covariance matrix that includes the sampling variances (i.e., the squared standard errors) of
the estimates on the diagonal and the sampling dependencies on the off diagonal that can arise
due to participant sample overlap. This sampling covariance matrix is estimated directly from
the GWAS data and is what allows genomic structural equation modelling (Genomic SEM) to
produce appropriate estimates for traits with varying levels of precision (e.g., with different
participant sample sizes) and varying and unknown levels of sample overlap. This was
important for producing interpretable results within the current study, wherein our frailty deficits
varied widely with respect to statistical power. Prior to running LDSC, each of the GWAS
summary statistic datasets underwent a uniform formatting and quality control step. This
included removing SNPs with a minor allele frequency (MAF) below 0.01 and an imputation
score (INFO) below 0.9, restricting SNPs to HapMap 3 SNPs, and aligning all GWAS effects to
the same reference allele(3). For all genome-wide analyses, we used a false discovery rate
(FDR) corrected g-value threshold of <0.05 to account for multiple testing.

Traits were removed from further analyses if they had a h%,, Z-statistic <4 as these can yield
unstable estimates of genetic overlap(4). We converted heritability estimates to the liability
scale for binary traits using population prevalence values based on recent epidemiological
estimates for European ancestral populations (Supplementary Table 1)(5-14). The sum of
effective sample sizes across the cohorts that had contributed to that GWAS was used to adjust
for cohort-specific ascertainment(15).

We also calculated the pairwise genetic correlation (rg) between all 52 frailty deficits using
multivariable LDSC to further assess which frailty deficits should be included in the final model.
The results from the genetic correlation analysis (Supplementary Figure 1 and
Supplementary Table 2) were used to perform additional quality control, where deficits were
brought forward for subsequent analysis providing they met the following criteria: (i) in
instances where two traits were highly multicollinear (rg 20.9), we removed the trait in the pair
that had the lowest mean genetic correlation (rg) with the other traits; (ii) we removed traits that
had low mean genetic correlations with the other traits (mean rg <0.10) as these traits are not
empirically indicated to be part of the broader multivariate genetic architecture of frailty; (iii) for
phenotypically similar traits (e.g., number of cigarettes smoked per day vs smoking initiation),
we retained the deficit with the highest mean rg with all other deficits.

In total, we excluded 22 frailty deficits, which did not meet the described criteria for inclusion.
Number of self-reported cancers was removed due to having a very low SNP-based heritability

(thP = 0.01, SE = 0.001) since this meant that it did not have enough genetic signal to be
meaningfully modelled using Genomic SEM. Five frailty deficits (broad depression, anxiety,
falls risk, systolic blood pressure and number of treatments/medications taken) were removed
because they displayed high multicollinearity (rg = 0.9) with another included deficit (major
depressive disorder (for both broad depression and anxiety), number of falls per year, mean
arterial pressure and number of self-reported illnesses, respectively). Such high genetic
correlation estimates demonstrated that there was near complete genetic overlap between
these pairs of frailty deficits, so including both into the model did not make sense because they



were essentially representing the same phenotype twice, which would have created a separate
latent factor in the model that was not representing general frailty pathways.

A further five frailty deficits (reaction time, heel bone mineral density, low-density lipoprotein
(LDL) cholesterol, constipation, low frequency of friends and family visits) were removed
because they had low mean genetic correlations with the included deficits (mean rq < 0.10),
which meant that they were nearly completely genetically distinct from the other frailty deficits
and therefore would not have fit well into a latent factor model of shared frailty pathways. It
should be noted that this does not negate the importance of these factors in the pathogenesis
and clinical manifestations of frailty, but simply indicates that there are certain frailty deficits
that are more biologically distinct and so may drive independent pathways to frailty compared
to other highly pleiotropic deficits where their underlying biology converges to drive frailty
onset. Since the remit of this study was to model the patterns of shared genetic pathways
between frailty deficits, we only included those that had meaningful overlap with other deficits.

Finally, eleven frailty deficits (excessive daytime sleepiness, fed-up feelings, smoking initiation,
duration of walking per day, disability allowance, dentures, forced vital capacity, peak
expiratory flow, financial satisfaction, friendship satisfaction and family relationship
satisfaction) were removed because they were phenotypically similar to another deficit but had
a lower mean genetic correlation with the other deficits. We intentionally began with a higher
number of potential frailty deficit phenotypes because this is the first application of Genomic
SEM being used to define frailty and so we wanted to ensure that we selected the most powerful
GWAS phenotypes into our model that had both a meaningful level of genetic signal and
correlation between other deficits. Therefore, the final 30 deficits should be regarded as each
representing a distinct aspect of the frailty state at the genetic level, which provided the
strongest foundation for modelling their shared influences on frailty pathogenesis.

This resulted in a final list of 30 traits that were brought forward for all subsequent analyses
(Supplementary Table 1).
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Supplementary Figure 1: A heatmap of the pairwise genetic correlations between the 52 frailty deficits
estimated using multivariable linkage disequilibrium score regression. Deficits are ordered using hierarchal
clustering to help visualize the underlying patterns of correlations between the frailty deficits. All deficits are coded
to represent the frailty-inducing phenotype. Blue shading represents a positive genetic correlation whereas red
shading represents a negative genetic correlation. Genetic correlation coefficients are shown on the bottom triangle
of the matrix and the upper triangle is marked with an asterisk if the genetic correlation was statistically significant
after multiple testing correction (i.e. a False Discovery Rate (FDR) corrected two-sided g-value < 0.05). BP = blood
pressure; LDL = low-density lipoprotein.

Multivariate GWAS of the Latent Frailty Model

Data Standardization. In order to measure the individual SNP associations with the latent
factors in our frailty model, we initially used the sumstats function in the GenomicSEM R
package to create a standardized data file that converted the SNP effect estimates from each
univariate GWAS into covariances between each individual SNP and the overall phenotypic
variance of each deficit and standardized the SNP effects relative to the phenotypic variance



of the trait(3). This allowed these SNP effects to be added to the genetic covariance matrix as
they were then on the same scale as the LDSC estimates. All phenotypes were based on
genome build 37 (GRCh37/hg19) or were converted from build 38 using the MungeSumstats R
package(16). We removed any SNPs that had a MAF <0.01 or an INFO score <0.6. We used
the 1000 Genomes Phase 3 European ancestry dataset as our reference genome and aligned
SNPs to have the same effect (A1) and non-effect (A2) allele across phenotypes. SNPs were
removed if either the effect or non-effect allele did not match the reference genome. As
sumstats performs listwise deletion across the included traits only SNPs that had been
measured in all the contributing univariate GWASs were included, resulting in a final
harmonized dataset of 5,849,452 SNPs for multivariate GWAS analysis. The standardized
GWAS data and LDSC results were used as input for calculating multivariate GWAS of the
frailty latent factors using the userGWAS function in the GenomicSEM R package.

Gene Mapping and Pathway Analysis

As outlined in the main text, we used five gene mapping methods (i.e. positional mapping, expression
guantitative trait loci (eQTL) mapping, chromatin interaction mapping, MAGMA and multi-SNP summary
data-based Mendelian randomization (SMR-multi)) to identify potentially causal genes for each of the
identified risk loci in our multivariate GWAS, which we then used to prioritize genes to be included in
our subsequent pathway analysis.

Positional, eQTL and chromatin interaction mapping. We performed positional, eQTL and
chromatin interaction mapping with FUMA(17). This involved positionally mapping candidate SNPs to
their closest protein-coding gene (within a 10kb window upstream or downstream of the SNP location).
We conducted eQTL mapping to ascertain whether the candidate SNPs in our latent factor GWAS loci
are known regulators of gene expression, which we defined as any eQTL-gene interaction displaying
an FDR-corrected g-value < 0.05 to account for multiple testing(17). Since frailty represents a multi-
system clinical state, we integrated publicly available eQTL data for multiple body tissues and cell types
with our GWAS results to provide a broad overview of the potential impacts that the risk loci for frailty
have on gene expression. This included integration of eQTL data from 15 repositories including the
Blood eQTL Browser(18), BIOS QTL browser(19), BRAINEAC(20), MUTHER(21), xQTLServer(22),
CommonMind Consortium(23), eQTLGen(24), PsychENCODE(25), DICE(26), scRNA eQTLs(27),
eQTL Catalogue(28-44), GTEx v8(45), EyeGEx(46), InsPIRE(47) and TIGER(48). Finally, we
conducted chromatin interaction mapping, which involved annotating candidate SNPs that displayed a
significant 3D chromatin interaction (FDR-corrected g-value < 1x10-%) with a known gene region based
on pre-processed chromatin loop data and enhancer-promoter link data for multiple body tissues from
4 publicly available databases(25, 49-51). We restricted successful mappings of SNPs to those where
the candidate SNP overlapped with the enhancer region within one of the selected epigenomes and the
promoter region of the mapped gene overlapped with the promoter region of the associated epigenome.
Enhancer and promotor information was obtained for 111 epigenomes from the Roadmap Epigenomics
Project(52).

Summary Data-Based Mendelian Randomization. Next, we applied multi-SNP summary data-based
Mendelian randomization (SMR-multi) to our GWAS results for each latent factor to identify whether
there was any evidence that the identified genomic risk loci had an influence on gene expression
(eQTLs), splicing ratios (sQTLs) or methylation status (mQTLs). Mendelian randomization (MR) relies
on 3 core assumptions being met(53). First, the independence assumption states that there should be
no association between the IV and confounders of the exposure-outcome relationship. Since the
allocation of alleles is randomly assigned at conception, the use of genetic variants as the IV minimizes
the risk of the independence assumption being violated because unmeasured confounders should then
be randomized across the population in a fashion that is akin to a randomized controlled trial. Second,
the relevance assumption states that the IV is associated with the exposure of interest. To satisfy the
relevance assumption, SNPs that had a strong association (Pot. < 5x10-8) with the QTL region (i.e.
expression, splicing or methylation) in each QTL dataset were selected as instrumental variables for
SMR-multi analysis(54). Variants in high LD with the lead SNP in a region (R? >0.9) were removed
using the 1000 Genomes phase 3 European data as a reference. We then applied FDR correction
across all the results (i.e. all tests conducted across all latent factors and all QTL datasets) and filtered
our results to only include SMR associations with a g-valueswr < 0.05. Finally, the exclusion restriction
assumption states that there should be no direct pathways between the IV and the outcome (i.e., the
relationship between the IV and outcome operates strictly via the exposure variable). A key difference



between SMR and traditional MR is that the exclusion restriction assumption need not hold for SMR.
This is because SMR seeks to identify both pleiotropic (i.e. both the QTL and the frailty outcome are
affected by the same causal variant) and causal pathways (i.e. the effect of the genetic variant on the
frailty outcome is mediated via its effect on a QTL) between the exposure and outcome, rather than
focusing solely on causal pathways(55). With that said, confounding due to linkage (i.e., association
between exposure and outcome due to independent causal SNPs being in LD with one another) can
bias SMR as it may inappropriately infer shared biology(53). Therefore, to distinguish pleiotropy from
linkage we used the heterogeneity in dependent instruments (HEIDI) test using the default parameters
to measure whether the association patterns within an instrumental variable were homogenous
between the QTL exposure and the frailty outcome, and we rejected any associations that demonstrated
significant heterogeneity (Preioi < 0.01)(54).

We used pre-processed data curated by the original method developers to construct the instrumental
variables (IVs) for our functional exposures, which included eQTL data from BrainMeta v2(56),
CAGE(57), GTEx v8(45), GEUVADIS(35) and PsychENCODE (corrected for 100 hidden covariate
factors)(58); sQTL data from BrainMeta v2(56) and GTEx v8(45); and mQTL data from Brain-mMeta(59)
and McRae et al(54, 60) (Table 1). All data was based on genome build 37 (GRCh37/hg19) and we
aligned the GWAS data and QTL data to the same effect and non-effect alleles using the 1000 Genomes
phase 3 European data as our reference. We converted the MAF column in the GWAS summary
statistics into the effect allele frequency (EAF) by integrating data on the major allele for each SNP from
dbSNP v155. Any SNPs that had a discrepant allele frequency >0.20 between the GWAS and QTL data
or that were located within the extended MHC region (chr6:28477797-chr6:33448354) were omitted
from the analysis(54).

Table 1: An overview of the datasets used for Summary Data-Based Mendelian randomization.

Name of Dataset Type of data Tissuel/cell type Sample size and details

BrainMeta (version eQTL & sQTL Brain cortex 2,443 unrelated individuals of European

2) ancestry from 7 cohorts

Consortium for the

ég::gelzcig:gsosfion eQTL Peripheral blood 2,765 individuals from 5 cohorts

(CAGE)

Genotype-Tissue

Expression (GTEX) 49 tissues/cell ;5’201 samples from 838 donors (all

Consortium version eQTL & sQTL types tlssu_es/_(:(_ell lines had _to have samples from

8 >70 individuals to be included)

Genetic European

\égrlatlon n Lymphoblastoid 373 individuals of European ancestry from

isease eQTL - "
. cell lines the 1000 Genomes project

(Geuvadis)

Consortium

PsychENCODE eQTL Prefrontal Cortex _Po;tjmortem samples from 1,387
individuals from 8 cohorts
1,980 individuals of European ancestry from

McRae Group mQTL Peripheral blood 2 cohorts (Lothian Birth Cohorts and the
Brisbane Systems Genetics Study)
A meta-analysis of dorsolateral prefrontal
cortex samples from 468 older adults in
ROSMAP, 166 fetal brain (prefrontal cortex,

Brain-mMeta mQTL Brain cortex striatum and cerebellum) samples from
Hannon et al and 526 prefrontal cortex
samples from Jaffe et al. This produced an
estimated effective N of 1,160 individuals.

Pathway Analysis. As outlined in the main text, we used the results from the 5 gene mapping methods
to guide gene prioritization. Any genes that were mapped to a latent factor by 3 or more methods were
taken forward for subsequent pathway analysis. We performed pathway enrichment analysis using
METASCAPE(61). Since the General Factor was orthogonal to the six latent residual group factors in
our model (i.e. Factors 1-6), we conducted a single standalone pathway enrichment analysis for the
General Factor prioritized genes because, by definition, the genetics underpinning this latent factor are
uncorrelated with the genetics driving the other latent factors. We then performed a separate combined



enrichment analysis of the prioritized genes for Factors 1-6 as this enabled us to explore what biology
might be driving the inter-factor correlations that we saw in our model. The prioritized genes were
assigned to any curated gene set they belonged to using data from Gene Ontology (GO) Biological
Processes (1495 gene sets)(62), the Human Molecular Signatures Database (MSigDB) Canonical
Pathways (17 gene sets)(63), Reactome (262 gene sets)(64), Kyoto Encyclopedia of Genes and
Genomes (KEGG) Pathways (113 gene sets)(65), WikiPathways (89 gene sets)(66) and DisGeNET
(2050 gene sets)(67). The default hypergeometric test method was used to calculate enrichment for
each gene set that included = 1 of the prioritized genes and FDR correction was applied to correct for
multiple testing(61). However, many of the gene ontology terms overlap, which leads to high levels of
redundancy in the results, so we performed the recommended clustering analysis that combined related
gene sets into groups by calculating the pairwise similarities between all enriched terms based on their
Kappa-test score and hierarchally ordered them within a similarities matrix (Kappa similarities > 0.3
were combined)(61). In the case of the multi-gene-list enrichment test for the analysis of Factors 1-6,
this enrichment test was initially performed on each of the latent factor gene lists separately, followed
by an additional test that combined the gene lists across all six latent factors to determine whether there
were enriched gene ontology terms that were shared across the latent factors. This was appropriate
since our initial results demonstrated that there was significant correlation between certain latent factors
in our model.

Cohort Samples Used for the Main Polygenic Risk Score Analyses

Lothian Birth Cohort 1936 (LBC1936). LBC1936 is a longitudinal study of community dwelling older
adults living in and around Edinburgh, Scotland (United Kingdom)(68). Individuals joined the study when
they initially took part in the Scottish Mental Survey in 1947 and have thus far taken part in 5 waves of
testing. The main analyses, when examining frailty outcomes, were performed on wave 1 (mean age =
69.60; SD =0.83; N = 1005 (509 males, 496 females)). Ethics for LBC1936 was approved by the Multi-
Centre Research Ethics Committee for Scotland (Wave 1: MREC/01/0/56), the Lothian Research Ethics
Committee (Wave 1: LREC/2003/2/29), and the Scotland A Research Ethics Committee (Waves 2, 3,
4 and 5: 07/MREO0O0/58) and all methods were performed in accordance with the relevant guidelines and
regulations. Informed Written Consent was obtained from participants at each of the waves.

The genotypes, which were collected via blood samples from the participants at Wave 1 were processed
using stringent quality control measures(69). Genotyping was conducted using the Illumina Human610-
Quadvl chip, with 542,050 SNPs passing quality control. Out of 1,091 individuals in the LBC1936
cohort, genomic DNA from 1,071 individuals was successfully isolated using standard procedures at
the Wellcome Trust Clinical Research Facility (WTCRF) Genetics Core. Twenty-nine samples did not
meet quality control standards before genotyping. The remaining 1,042 blood-extracted samples were
genotyped at the WTCRF Genetics Core with the lllumina Human610-Quadvl chip, and SNPs were
imputed to the 1000 Genomes reference panel (phase 1, version 3). After undergoing the described
quality control procedures, samples from 1,005 individuals were retained for analysis.

English Longitudinal Study of Aging (ELSA). ELSA is a longitudinal panel study of community
dwelling adults aged 50 years and over residing in England (United Kingdom)(70). For the main ELSA
analysis, a sample of 7181 adults (3325 males and 3856 females) was analyzed, with a mean age of
68.45 (SD = 10.13; age range = 50-99 years). This represents individuals who have taken part in the
study between 2002/3 to 2018/19. Previous work has shown that the year/wave that the participant
entered the study does not affect the relationship between polygenic prediction scores and frailty
outcomes(71). Ethical approval for ELSA was gained via the South Central — Berkshire Research
Ethics Committee (21/SC/0030, 22nd March 2021) and all methods were performed in accordance with
the relevant guidelines and regulations.

The ELSA genetics team approved a request for this study to utilize raw genotypes and provided linked
genome-wide association study (GWAS) data to the phenotypic data curated at the Advanced Care
Research Centre, University of Edinburgh(71). The genome-wide genotyping was conducted by



University College London (UCL) Genomics between 2013 and 2014. This process involved genotyping
7,597 ELSA participants of European ancestry using Illumina HumanOmni2.5 BeadChips
(HumanOmni2.5-4vl, HumanOmni2.5-8v1.3), which assess approximately 2.5 million markers
capturing genomic variation down to a minor allele frequency (MAF) of 2.5%. The genotyping was
completed in two separate batches. After filtering for 5% missing data, allele frequencies were
compared between the batches, showing a correlation of over 99% across several chromosomes.
Following post-genotyping quality control, which included removing ancestral outliers (self-reported)
and duplicates, the final genotyped dataset comprised 7,412 ELSA participants and 2,230,767 SNPs.
Imputation was performed via the Michigan Imputation Server using SHAPEIT for pre-phasing and
Minimac3 for imputation, with the Haplotype Reference Consortium (HRC.r1-1.GRCh37) as the
reference panel, aligning all variants to genome build 37 (hg19).

Prospective Imaging Study of Aging (PISA). PISA is a longitudinal cohort of ~3800 Australian adults
aged 40-80 years(72). Since this cohort includes twin pairs, we selected one of each pair at random to
be included in our current analyses. When the Frailty Index (FI) was derived and linked with genotypic
data, 3265 participants (1034 males and 2231 females) remained for the main analysis, with a mean
age of 60.34 (SD = 6.98). The PISA study protocol was approved by the Human Research Ethics
Committee (HREC) at QIMR Berghofer Medical Research Institute.

Participants are community dwelling and were recruited from a pool of participants who previously
volunteered for research on risk factors for physical or psychiatric conditions and had genotypes already
available. Genome-wide genotyping of participants was previously conducted using various genotyping
arrays, including lllumina chips based on HapMap references (317 K, 370 K, 610 K, 660 K) and more
recent lllumina arrays based on the 1KGP reference (Core + Exome, PsychArray, OmniExpress) as
detailed in earlier studies(73, 74). All datasets have been combined following rigorous quality control
procedures and imputed using the Haplotype Reference Consortium (HRC) Release 1 reference
panel(75).

Cohort Samples Used for Age-Stratified Polygenic Risk Score Analyses

To understand the effect of the polygenic risk scores (PRS) of the frailty latent factors as individuals
age, we performed additional age-stratified analyses in each of the external cohorts. For LBC1936 we
used data from waves 3 and 5 to utilize all the longitudinally measured waves in which the relevant data
was present. The mean age at Wave 3 was 76.30 (SD = 0.68; N = 649 (339 males, 310 females)) and
was 82.06 at Wave 5 (SD = 0.53; N = 402 (196 males, 206 females)). We utilized these data for the
univariate PRS analyses to predict the efficacy of the latent frailty factors in predicting Frailty Index (FI)
and Fried Frailty Phenotype (FP) status in these waves of data, but we did not perform the age-stratified
multivariate elastic net regression analyses with LBC1936 data owing to small sample sizes for waves
3 and5.

To understand the effect of age on the prediction of Fl status for individuals in ELSA and PISA, we
additionally ran both the univariate regression PRS analyses and the multivariate elastic net regression
PRS analyses on a subset of the main ELSA and PISA samples that were aged = 65 years old (PISA:
mean age = 68.55, SD = 2.82, N =991 (372 males, 619 females); ELSA: mean age = 68.55, SD = 2.82,
N = 4407 (2066 males, 2341 females)).

Frailty Outcomes Used for Polygenic Risk Score Prediction

Frailty Index (FI). This measure was created in each of the external cohorts (LBC1936, ELSA and
PISA) and includes frailty deficits that cover physical, biological, social, psychological and cognitive
domains. The list of the included deficits in each FI are available in Supplementary Tables 52-54.
Deficits were either binary (coded as 0 (absent) or 1 (present) or 0.5 to represent a partially present
deficit) or were continuous on a scale ranging from 0 to 1. The number of deficits was summed then



divided by the total number of measured deficits to create a proportional FlI score for each individual.
Resulting FI scores ranged from 0 to 1, with higher scores indicating a higher frailty level. Our FI
phenotypes were analyzed using linear regression.

Fried Frailty Phenotype (FP). The FP was only available in LBC1936 and was formed from five
physical health traits: weight loss, exhaustion, physical inactivity, walking speed, and grip strength. If
an individual did not display any of these 5 traits they were defined as healthy controls, whereas cases
included individuals who were classed as being either pre-frail (i.e. the presence of 1-2 of these traits)
or frail (i.e. if 3 or more traits were present) (76). We used the FP from waves 1, 3 and 5 in our analyses
to assess age-specific differences in physical frailty prediction. This resulted in 483 healthy controls,
514 pre-frail individuals and 94 frail individuals in the Wave 1 sample (used in the main PRS analyses),
268 healthy controls, 327 pre-frail individuals and 102 frail individuals in the Wave 3 sample, and 156
healthy controls, 214 pre-frail individuals and 61 frail individuals in the Wave 5 sample (used in the age-
stratified sensitivity PRS analyses). We analyzed the FP phenotype using multinomial logistic
regression using non-frail individuals as the reference group.

Frailty-Related Health Outcomes Used for Polygenic Risk Score Prediction

Cognitive Ability and Cognitive Change (N = 1,005). Cognitive ability was measured in LBC1936.
This measure was derived from a rich battery of 13 validated cognitive tests administered by
psychologists at the initial wave of testing (Wave 1), where participants were ~70 years old. The
cognitive tests included Matrix Reasoning, Block Design, Spatial Span, National Adult Reading Test,
Wechsler Test of Adult Reading, Verbal Fluency, Verbal Paired Associates, Logical Memory, Digit Span
Backwards, Symbol Search, Digit Symbol, Inspection Time and Choice Reaction Time. These were
repeated at each subsequent wave (Wave 2: mean age = 72.55, SD = 0.68, N = 649 (339 males, 310
females); Wave 3: mean age = 76.30, SD = 0.68, N = 649 (339 males, 310 females); Wave 4: mean
age =79.39, SD =0.62, N =514 (216 males, 298 females) and Wave 5: mean age = 82.06, SD = 0.53,
N = 402 (196 males, 206 females)). We used the results for all 13 tests to apply latent growth curve
(LGC) modelling (i.e., a Factor of Curves model with full information maximum likelihood estimation) to
estimate each individual’s cognitive ability at Wave 1 (i.e. the intercept estimate; mean age = 69.60)
and cognitive change across all waves (i.e. the slope estimate; age 70-82)(77). Individuals were
retained in the analysis if they only had baseline data available since the estimates for intercept (cross-
sectional) and slope (longitudinal) associations are derived simultaneously from the same model using
all available data(78). We then used the lavpredict function in the lavaan R package to extract
continuous intercept (cognitive ability) and slope (cognitive change) scores for each participant. We
used linear regression to assess the association between these outcomes and the frailty PRS’s.

Motoric Cognitive Risk (N = 649). Motoric Cognitive Risk (MCR) has been previously derived in
LBC1936 (Wave 3) and is a measure that is based on subjective cognitive complaints and objective
slow gait with no diagnosed disability or dementia present(79). We defined slow gait speed as walking
speed that was one standard deviation below age- and sex-matched means. In LBC1936, this was
calculated by digitally timing participants to walk 6 meters. If a participant confirmed that they had
problems with memory, in response to the question “Do you currently have any problems with your
memory?”, this was recorded as a subjective cognitive complaint. Presence of disability or dementia
was defined as present if an individual had a Townsend Disability score over 1.5 standard deviation
from the mean, a confirmed dementia diagnosis and/or a Mini-Mental State Examination (MMSE) score
of < 24/30. To investigate whether any of the frailty PRS’s predicted MCR in LBC1936, we used
competing risk regression models to examine the risk of developing MCR when death was a competing
risk.

Mortality (N = 1,005). We used data from the General Register Office for Scotland to measure deaths
in the participants in LBC1936, which we coded as a binary variable (0/1). We included both age in
days at death and age at last censor to measure survival via both death and dropout. We conducted
survival analysis using Cox proportional hazard regression models to examine the association between
time to death and the frailty PRS’s. We extracted hazard ratios and standardized beta coefficients from
the model to compare effect sizes easily with other outcomes. Of the 1,005 individuals included in the
sample, 476 participants had died by Wave 5 in LBC1936, with a mean age of 80 years at death.

Stroke (Niec193s = 1,005; Npisa = 3,265). We derived the binary stroke measures for LBC1936 and PISA
from self-report items where participants were asked whether they had ever had a stroke or a transient



ischemic attack (TIA). We used logistic regression to assess the association between stroke and the
frailty PRS outcomes in PISA. We used a competing risk regression model to test for the association
between stroke and frailty PRS with dropout as a competing risk in LBC1936 (Wave 1).

Memory Problems (N = 3,265). We utilized the self-report binary variable for memory complaints in
PISA as an outcome for memory disturbances, which was derived by asking participants if they “suffer
from memory complaints”. We used logistic regression to measure the association between memory
and the frailty PRS outcomes.

Dementia (N = 1,005). We created a binary variable for self-reported incident dementia in the LBC1936
dataset and analyzed the association between dementia and the frailty PRS outcomes using logistic
regression. Of the 1,005 individuals included, 111 individuals received a dementia diagnosis by Wave
5, so were classified as cases in our analysis. The mean age of diagnosis was 80 years.

Cognition (N = 913). We evaluated cognition in the PISA sample using the self-administered online
test battery, Creyos (formerly Cambridge Brain Sciences; https://creyos.com). The Creyos battery
consists of 12 neurocognitive tasks that assess various cognitive domains, including memory,
reasoning, verbal ability, and concentration. The battery takes approximately 30 minutes to complete,
with higher scores indicating better performance. Cognitive test scores were standardized then we
applied principal component analysis (PCA) with varimax rotation and Kaiser normalization to reduce
the dimensionality of the Creyos data to identify three cognitive components that represented
visuospatial reasoning, memory and executive function. We used linear regression to assess the
association between these three cognitive outcomes and the frailty PRS’s from our model.
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Supplementary Results

Rationale for Our Interpretation and Naming of the Six Residual Latent Factors

As we outlined in our Main Results, we named the six residual latent factors in our model according to
the frailty deficits that loaded on to them as a way to interpret what they were most likely to be
representing on a biological or clinical level. Below we describe our rationale for the names chosen for
each of the latent factors in more detail:

Factor 1 was defined by equal loadings of genetic covariance between not living with a spouse/partner
and feeling unable to confide in others. Since this genetic variance was orthogonal to the General Factor
of frailty, which included broader psychological deficits within frailty (e.g. major depression, loneliness
and feelings of low motivation) and more active aspects of socializing (e.g. low participation in
social/leisure activities), we concluded that Factor 1 appears to capture genetic variance linked to
“limited social support”. By contrast, the General Factor of frailty captured widespread genetic sharing
between frailty deficits linked to low mood and social isolation.

Factor 2 was defined by genetic covariance between smoking, arterial stiffness and physical inactivity
with similar factor loadings for each deficit, which indicated that they were all having a similar magnitude
of effect on the latent factor. We therefore concluded that Factor 2 appears to reflect genetic variance
that is associated with “unhealthy lifestyle” because all three deficits are strongly related to behaviors
that induce adverse health outcomes(80).

Factor 3 was defined by equal loadings of genetic covariance between number of non-cancer illnesses
and high mean arterial pressure. A higher number of non-cancer illnesses also displayed a high factor
loading for the General Factor of frailty (which is to be expected since multimorbidity is known to have
widespread adverse influences on aging(81)), whereas mean arterial pressure had the lowest factor
loading on the General Factor. Therefore, we concluded that Factor 3 likely captures genetic variance
associated with cardiovascular-related pathways of “multimorbidity,” which is distinct from the general
pathways of frailty.

Factor 4 was defined by genetic covariance between high body fat percentage, slow walking pace,
basal metabolic rate and shortness of breath walking on flat ground. Compared to the other deficits,
basal metabolic rate only had a modest loading on the General Factor of frailty, indicating that it was
not being well defined by the general frailty construct. Since the other indicators on Factor 4 were also
strongly associated with metabolic syndrome(82-84), we concluded that Factor 4 is most likely
representing genetic sharing linked to “metabolic problems”.

Factor 5 was defined by genetic covariance between low fluid intelligence score, poor self-reported
overall health rating and slow walking pace. The fact that both slow walking pace and poor overall health
rating had cross-loadings onto other residual latent factors, whereas low fluid intelligence did not, we
concluded that Factor 5 appears to be driven by genetic variance linked to “poorer cognition”, since all
three deficits have been strongly associated with cognitive function in previous studies(79, 85-87).

Finally, Factor 6 was defined by genetic sharing between poor overall health rating, presence of a long-
standing illness, disability or infirmity and diagnosis of an eye disorder/problem. Since this latent factor
was strongly negatively correlated with Factor 5, we concluded that Factor 6 appears to capture non-
cognitive pathways related to a poorer self-report of health. The high loading of long-standing illness
instead of the number of diagnosed illnesses (as seen for Factor 3) indicated that this latent factor may
capture genetic variance linked to chronic and long-term “disability”. Thereby, we concluded that Factor
6 may be more likely to reflect lifelong pathways of frailty compared to the other latent factors in our
model(88).
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Genomic Signal of the Latent Frailty Factors

Quantile-Quantile plots of the SNP effects revealed clear genetic signal across all latent frailty
factors. Results from linkage disequilibrium score regression (LDSC) further revealed that this
reflected meaningful polygenic signal for each latent factor with minimal bias from population
confounding. This was evidenced by LD intercept values that were close to 1.0 whereas the
mean x? statistics and A genomic control (1;.) were inflated (Supplementary Figure 2 and
Table 2). We also calculated the attenuation ratio for all of the frailty latent factors, which is a
more sensitive indicator of confounding for well-powered GWAS traits(89). All the latent factor
ratio estimates were <0.20 indicating that our results were not being heavily biased by
population stratification(90) (Table 2).
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Supplementary Figure 2: Quantile-Quantile (QQ) plots for each latent frailty factor GWAS. The observed
SNP -log*® p-values are plotted on the y-axis and the expected -log'® p-values are plotted on the x-axis. For all
latent frailty factors, there was substantial inflation of the quantile distribution of observed p-values versus the
quantile distribution of the expected (i.e. null) p-values.
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Table 2: Results from linkage disequilibrium score regression of the GWAS results for each frailty latent
factor conducted in Genomic SEM. GC = genomic control; LDSC = linkage disequilibrium score regression; SE
= standard error.

Latent Frailty Factor Mean A GC LDSC intercept Attenuation

x° (SE) Ratio
General Factor 1.98 1.78 1.03 (0.02) 0.03 (0.02)
Factor 1 (limited social support) 1.34 1.29 1.05 (0.01) 0.14 (0.03)
Factor 2 (unhealthy lifestyle) 1.28 1.23 0.99 (0.01) -0.03 (0.03)
Factor 3 (multimorbidity) 2.17 1.84 1.18 (0.02) 0.15 (0.02)
Factor 4 (metabolic problems) 2.40 2.05 1.13 (0.02) 0.09 (0.02)
Factor 5 (poorer cognition) 1.81 1.63 1.10 (0.01) 0.13 (0.02)
Factor 6 (disabhility) 1.36 1.30 1.07 (0.01) 0.19 (0.03)

Gene Prioritization for the Latent Frailty Factors

We used 5 gene mapping methods (positional, eQTL, chromatin interaction, MAGMA gene-
based analysis and summary-data based Mendelian randomization) to identify genes that were
potentially driving the shared genetic effects underlying each latent frailty factor. Any gene that
was mapped to a latent factor by three or more of these methods was included in our pathway
analysis. Supplementary Figure 3 displays the number of genes mapped by different methods
for the General Factor of frailty, and Supplementary Figure 4 shows how many genes were
mapped by the different methodologies for the latent residual factors of frailty (i.e., Factors 1
to 6).
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Supplementary Figure 3: An UpSet plot displaying the number of genes mapped to the General Factor of
frailty by the 5 different gene mapping methodologies. ClI = chromatin interaction; eQTL = expression
quantitative trait locus; MAGMA = Multi-marker analysis of genomic annotation gene analysis; SMR = summary
data-based Mendelian randomization.
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Supplementary Figure 4: UpSet plots displaying the number of genes mapped to the latent residual factors
of frailty (i.e., Factors 1-6) by the 5 different gene mapping methodologies. Cl = chromatin interaction; eQTL
= expression quantitative trait locus; MAGMA = Multi-marker analysis of genomic annotation gene analysis; SMR
= summary data-based Mendelian randomization.
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Polygenic Risk Scores to Predict Fried Frailty Phenotype Status

As detailed in the main manuscript, we calculated polygenic risk scores (PRS) for each latent
frailty factor and used multiple regression to combine these scores into a “Multi-PRS” that
captured the genetic variance across all of the latent factors in our model. The PRS for the
General Factor of frailty was the strongest predictor of the FP in Waves 1 and 2 of LBC1936,
but the Multi-PRS did not significantly predict FP status (Supplementary Figure 5 and
Supplementary Table 44). These results suggest that the Multi-PRS is more likely to reflect
genetic variance associated with the broader FI phenotype, whereas the General Factor of
frailty is more closely aligned to the FP measure of physical frailty.
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Supplementary Figure 5: Results from the polygenic risk score prediction of the Fried Frailty Phenotype
(FP) in the Lothian Birth Cohort 1936 (LBC1936) Waves 1 (N = 1005), 3 (N = 649) and 5 (N = 402). A forest
plot comparing the odds ratios for each standard deviation (SD) increase in frailty (measured using the FP) for
each of our standardized frailty PRS phenotypes across each wave in LBC1936 calculated using multinomial
logistic regression. Error bars represent the 95% confidence intervals. Significant predictions that passed multiple
testing correction (i.e. two-sided FDR-corrected g-value < 0.05) are depicted as filled in dots, whereas non-
significant predictions are depicted as an empty circle. Cl = confidence intervals; SD = standard deviation. GF =
General Factor; F1-6 = Factors 1-6.
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Age-Stratified Polygenic Prediction of Frailty

To assess the prediction of the PRS’s for each of our latent frailty factors at different ages, we
reran the same multiple regression and elastic net regression analyses as we did in the main
analysis in age-stratified samples for ELSA and PISA (i.e. a sub-sample of individuals that were
> 65 years old) and data from Waves 3 and 5 of LBC1936. We found a consistent pattern of
results with the age-stratified samples as seen in our main analysis, indicating that the latent
frailty factors remain valid predictors of frailty statues even in older age groups
(Supplementary Figure 6).
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Supplementary Figure 6: Results for age-stratified analyses. a-b, Bar plots of the variance explained (R2) by
each standardized frailty polygenic risk score (PRS) for predicting frailty status (measured by the Frailty Index) in
the age-stratified samples from the external cohorts. c-d, Forest plots of the association between Frailty Index
status and our standardized frailty PRS phenotypes in the age-stratified samples from external cohorts. Data are
displayed as odds ratios for each standard deviation (SD) increase in frailty as the point estimate with their 95%
confidence intervals as the error bars. Significant predictions that passed multiple testing correction (i.e. two-sided
FDR-corrected g-value < 0.05) are depicted as filled in dots. Across all panels, the samples for LBC1936 represents
Wave 3 (N = 649) and Wave 5 (N = 402) of the data, whereas for ELSA and PISA the samples only included
individuals aged = 65 years (N= 2341 and N = 991, respectively). LBC1936 = Lothian Birth Cohort 1936; PISA
= Prospective Imaging Study of Aging; ELSA = English Longitudinal Study of Aging; F1-F6 = Factors 1-6; GF =
General Factor; Fl = Frailty Index; FP = Fried Frailty Phenotype; PRS = polygenic risk score.
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We then used elastic net regression to rank the predictive contributions of the PRS for each of
the seven latent frailty factors from our model in the subsamples of individuals aged = 65 years
from PISA and ELSA. We included sex, age and ancestral principal components as covariates.
The PRS for the General Factor of frailty remained the best predictor of FI status in both cohorts
and the unique predictive contributions from the PRS’s for the six latent residual factors of
frailty (i.e., Factors 1-6) remained relatively stable in the older age groups (Supplementary
Figure 7a-b).

Finally, we used elastic net regression to compare the predictive performance of our Multi-PRS
against the aggregate FI-PRS and FP-PRS measures in a model that also included age, sex
and 10 ancestral principal components as covariates, which we tested in the ELSA and PISA
subsamples of individuals aged = 65 years (Supplementary Figure 7c-d). We found that the
Multi-PRS provided additional unique frailty status prediction in both cohorts, and outperformed
both previously used aggregate frailty measures in the ELSA sample. Age became more
predictive in the older age group for both cohorts, which is to be expected because age is
strongly associated with frailty risk. We also identified a large predictive effect of sex on frailty
status in both ELSA and PISA.
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Supplementary Figure 7: Results for the age-stratified elastic net regression results in ELSA (N = 2341)
and PISA (N = 991). a-b, Bar plots of the beta coefficients (x-axis) from the age-stratified elastic net regression
analysis, which rank the contributions of the seven latent frailty factors in predicting Frailty Index status in the older
ELSA and PISA subgroups (i.e. individuals aged = 65 years) on the y-axis. Each model included all seven latent
factor PRS’s as well as age, sex and ancestral principal components as covariates. c-d, Bar plots of the beta
coefficients (x-axis) from the age-stratified elastic net regression analyses that ranked the performance of our Multi-
PRS (i.e. combined latent frailty factor score) when modelled with the aggregate Frailty Index PRS (FI-PRS), the
aggregate Fried Frailty Phenotype PRS (FP-PRS), age, sex and ancestral principal components as covariates (y-
axis). PRS = polygenic risk score; GF = General Factor; F1-6 = Factors 1-6; PISA = Prospective Imaging Study of
Aging; ELSA = English Longitudinal Study of Aging.
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Simulation Results of New Method to Calculate Qsne Heterogeneity Index

As we outlined in the main text, we developed a more computationally tractable method to calculate the
factor-specific Qsnp heterogeneity index for each measured SNP in a multivariate GWAS
conducted within Genomic SEM. To validate this new closed-form method against the model
comparison method previously introduced by Grotzinger et al.(3), we simulated 3 different
factor models, including a 2-factor model with three indicators on each factor (2 degrees of
freedom [df]), a 2-factor model with four indicators on each factor (3 df) and a 2-factor model
with six indicators on each factor (5 df). Table 3 and Supplementary Figure 8 provide evidence
that there was not a significant difference in the mean Qsnp estimates between the closed-form
estimation versus the model comparison method and that our closed-form method remained
x?-distributed at a comparable level to the model comparison method. Table 4 further
demonstrates that the closed-form method produced a slightly lower type 1 error rate compared
to the model comparison method.

Table 3: Comparisons of the closed-form and model comparison Qsnp estimation methods from our
simulation tests. SD = standard deviation; df = degrees of freedom.

Simulation Closed-Form Method Model Comparison Method Mean difference between
Mean Qsnp SD of Qsnp Mean Qsnp SD of Qsnp closed-form and model
Model . . . . )
estimate estimate estimate estimate comparison method
2 df model 2.004 1.939 2.049 1.984 -0.044
3 df model 3.050 2.503 3.099 2.543 -0.049
5 df model 4.951 3.099 5.009 3.146 -0.058

Table 4: Comparison of type-1 error rates between the closed-form and model comparison Qsnp estimation
methods. Df = degrees of freedom.

. . Closed-Form Method Model Comparison Method
Simulation
Number of Number of non- . Number of Number of non- .
Model Ratio Ratio
type 1 errors type-1 errors type 1 errors type-1 errors

2 df model 46 954 0.046 49 951 0.049
3 df model 49 951 0.049 52 948 0.052
5 df model 41 959 0.041 47 953 0.047
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Supplementary Figure 8: Distributions of the Qsne x? statistics of our simulated models. Each model was
based on simulated data each with 50,000 observations for 1000 SNPs as the sample size. Left-hand plots depict
histograms of the distributions for the simulated Qsnp y? statistics on the x-axis generated using the new closed-
form estimation method within the GenomicSEM R package and the right-hand plots present scatter plots of the
Qsnp x? statistics generated from the old estimation method on the y-axis and the new estimation method on the
x-axis. a, Shows the results for the 2df model (2 factors with 3 indicators) b, shows the 3df model results (2 factors
with 4 indicators) and, c, shows the 5df model results (2 factors with 6 indicators).
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