medRXxiv preprint doi: https://doi.org/10.1101/2024.05.31.24308260; this version posted May 31, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC 4.0 International license .

Multi-polygenic prediction of frailty highlights chronic pain and educational attainment as key risk and
protective factors
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Abstract

Frailty is a complex trait. Twin studies and recent Genome-Wide Association Studies have
demonstrated a strong genetic basis of frailty but there remains a lack of genetic studies exploring
genetic prediction of Frailty. Previous work has shown that a single polygenic predictor — represented
by a Frailty polygenic score - predicts Frailty, measured via the frailty index, in independent samples
within the United Kingdom. We extended this work, using a multi-polygenic score (MPS) approach to
increase predictive power. Predictor variables - twenty-six polygenic scores (PGS) were modelled in
regularised Elastic net regression models, with repeated cross-validation, to estimate joint prediction
of the polygenic scores and order the predictions by their contributing strength to Frailty in two
independent cohorts aged 65+ - the English Longitudinal Study of Ageing (ELSA) and Lothian Birth
Cohort 1936 (LBC1936). Results showed that the MPS explained 3.6% and 4.7% of variance compared
to the best single-score prediction of 2.6% and 2.2% of variance in ELSA and LBC1936 respectively.
The strongest polygenic predictors of worsening frailty came from PGS for Chronic pain, Frailty and
Waist circumference; whilst PGS for Parental Death, Educational attainment, and Rheumatoid
Arthritis were found to be protective to frailty. Results from the predictors remaining in the final
model were then validated using the longitudinal LBC1936, with equivalent PGS scores from the same
GWAS summary statistics. Thus, this MPS approach provides new evidence for the genetic
contributions to frailty in later life and sheds light on the complex structure of the Frailty Index

measurement.
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Introduction

Frailty is a multifaceted state associated with ageing and it reflects a decline in physiology and
resilience to stressors (Kojima, Liljas, & lliffe, 2019). Though there is yet to be a unified understanding
of what frailty is and how to best measure it, one of the most widely used tools is the frailty index [FI]
(Donneau et al., 2017; Searle et al., 2008). The Fl outlines frailty as a risk index —a cumulative deficit
model which totals the number of deficits, such as falls, physical health conditions, grip strength,
cognitive functioning, to produce an individualised frailty score - frailty indexes often fluctuate with
the number of deficits, the criteria suggest a minimum of 30-40 deficits spanning multiple systems,
such as health, cognitive, and psychosocial systems related to ageing (Searle et al., 2008; Blodgett et
al., 2015). Higher levels of frailty, reflected by a high frailty score, have been shown to predict adverse
outcomes such as hospital stays, disability, and mortality (Blodgett et al., 2015). Other research has
shown that frailty is malleable and can be reversed when measured with the Fl (Feng et al., 2017;
Gordon & Hubbard, 2022). As the number of people aged over 60 is expected to grow from 901
million to 1.4 billion from 2015 to 2030, health-conditions like frailty are expected to rise and more
people will be living in poorer health in later life (Lazarus et al., 2018; Beard & Bloom, 2015). There is,

therefore, a necessity to understand how omics, such as genetics, can be used to identify those at

greater risk and the mechanisms underlying its complex nature.

Whilst research investigating the genetic associations of frailty remains in its infancy, the phenotypic
associations of frailty have been widely investigated. A systematic review of factors associated with
frailty found that the most common factors are mainly sociodemographic factors, such as age, sex,
educational level and socioeconomic status. Other factors included body weight and level of physical
activity, psychological factors such as depressive symptoms, diet quality, neighbourhood, health care
quality/access to private healthcare insurance (Serra-Prat et al., 2016). Furthermore, cross sectional
research investigating phenotypic factors associated with frailty found that loneliness, mobility issues,
history of stroke, arthrosis, peripheral vascular disease, cancer, diabetes, hypertension, pain and
polypharmacy and drug interactions may predispose an individual to frailty (Sharma, Reddy &

Ganguly, 2020).

Methods which measure the heritable risk of developing a disease via combining the risk of different
genetic variants to produce a quantitative score — polygenic score [PGS] (Lewis & Vassos, 2020;
Lambert et al., 2019) have potential to uncover new information about the molecular underpinnings

of this complex multifaceted trait. Through data gathered via Genome Wide Association Studies
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[GWAS], such as GWAS of complex traits like frailty (Mekli et al., 2018; Atkins et al., 2021; Ye et al,,
2023), PGS can be developed for individuals (Lewis & Vassos, 2020). Once developed and modelled
alongside social and environmental variables, these scores have the potential to be highly predictive
for trait and disease prevention — allowing deeper understand of ageing outcomes and age-related

traits and disease, such as Frailty.

Our previous work showed that a PGS for frailty can predict frailty, when measured with the Fl, at
varying ages in later life in the Lothian Birth cohort 1936 [LBC1936] and the English Longitudinal Study
of Ageing [ELSA] (Flint et al., 2023). However, if frailty arises from the cumulative effects of its
individual components, as the Fl states, then just as the Fl includes over thirty components to
measure frailty, we can approach the genetic prediction of frailty in a similar manner —a multi-
polygenic approach (Krapohl et al., 2018). Due to the polygenic and complex nature of frailty it is
informative to aggregate PGS to investigate their joint predictive power, allowing a more rounded
understanding of the genetic contributions to frailty and for refined phenotypic prediction. The GWAS
of the FI, in the UK Biobank, tested various PGS as predictors of Fl in univariate linear regression
models and found that PGS for BMI, Inflammatory Bowel Disease [IBD], Waist Hip Ratio [WHR],
menarche, grip strength, age at first sexual intercourse, parents’ survival and educational attainment
were associated with the Fl (Kojima, Liljas, & Iliffe, 2019). However, when modelling genetic variables,
which are highly correlated with each other, there is risk of multicollinearity (Altelbany, 2021). Thus,
this study utilises multivariate statistical measures with data from the most recent genome wide
association studies to create polygenic scores for multiple variables that are expected to relate to the
indicators of Fl. The training set for model prediction is the larger study, ELSA. To handle
multicollinearity, the polygenic scores will be built into a net-elastic regression model to estimate
their joint predictive power and order these predictors by their contributing strength to the Fl
phenotype. Then, to validate the findings from ELSA the PGS that contribute the most to frailty
prediction will be tested, longitudinally, in the LBC1936 at ages ~70, ~76 and ~82.
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Methods

Target/Independent Sample

The target sample consisted of the observed genotypes (genome-wide SNPs) and phenotypic data
from 5955 adults aged 65-99, mean age 72.73 (SD = 7.2, 2740 males), in ELSA. ELSA is a prospective
cohort study which is representative of individuals aged over 50 and living in private households in
England (Steptoe et al., 2013). Ethics for ELSA have been approved via the South Central — Berkshire
Research Ethics Committee (21/SC/0030, 22nd March 2021). PGS for ELSA were acquired through

request to the ELSA genetics team (Ajnakina & Steptoe, 2019).

An independent test sample was used to validate the findings longitudinally at ~70, ~76 and ~82 years
in LBC1936. LBC1936 is an ongoing longitudinal study of older adults living in the community in
Edinburgh and surrounding Lothian areas of Scotland, United Kingdom (Deary et al., 2007). Individuals
were initially recruited based on having been part of the Scottish Mental Survey (1947) and have thus
far taken part in 6 waves of testing. Data were drawn from Waves 1, 3 and 5 where appropriate frailty
data was collected. At Wave 1 there were 1005 older adults mean age 69.58 (SD = 0.83, n = 1091, 548
males), 697 older adults at Wave 3 mean age 76.30 (SD = 0.68, n =697, 360 male) and 431 older
adults at Wave 5 mean 82.06 (SD = 0.53, n =431, 209 male). Ethical permission was approved from
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/MREQQ/58). Written consent was obtained from participants at
each of the waves. DNA was collected via blood samples from the majority of participants at wave 1

and genotyping was performed using stringent quality control measures (Houlihan et al., 2010).

Predictors

As the PGS for the ELSA study were either publicly available or sought from the genetics team upon
our request, we acquired the available PGS that were either variables usually used in the FI or most
associated phenotypically with the FI. Twenty-six PGS were selected following these criteria. To
validate the ELSA findings the PGS that were significant were then constructed in LBC1936. Quality
control processing was done using the R package QCGWAS [20] for GWAS summary statistics and PGS
were derived using the same method and software as those in ELSA - PRSice (version 2) polygenic
software (Van der Most et al., 2014) - with the raw genotype data from LBC1936. A list of the

predictors selected in ELSA and those validated in LBC1936 can be found in supplementary methods.
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Outcomes

The Fl in ELSA was previously constructed from the ELSA dataset [12]. The index consists of 62
deficits, as shown in supplementary Table S1, and a frailty score was created for participants if data
were available for 30 out of the 62 possible deficits. Due to skewness in the data, the Fl variable was

transformed using a square root transformation.

In LBC1936, the Fl was previously constructed in the dataset (Welstead et al., 2022) and contains 30
deficits, including physical, biological, social, psychological, and cognitive deficits, consistent with the
Fl in ELSA and other research (Searle et al., 2008) — the items in the index can be seen in
supplementary Table S2. Deficits were either dichotomised as either 0 (absent) or 1 (present); in
some cases, 0.5 was used to represent a partially present deficit or were on a continuous scale (such
as walking time) on a scale ranging from 0 to 1. For each individual, the number of deficits present
was summed and divided by the total number of deficits. Scores ranged from 0 to 1 — with higher

scores indicating higher frailty.

Despite there being more deficits in the Fl used in ELSA than in LBC1936, guidelines indicate that as
long as a minimum of 30 deficits are used to cover the relevant domains (disability, disease, cognitive
functioning) then differences between number of deficits should not be an issue (Searle et al., 2008).
Further, the index was calculated in the same way as the LBC1936 index; both LBC1936 and ELSA
followed the same guidelines when creating the index. For LBC1936 and ELSA Fl scores were

standardised to allow comparisons when interpreting the results.

Covariates

Age and sex (the strongest frailty predictors) were controlled in analysis. Four genetic ancestry
principal components for LBC1936 and 10 ancestry principal components for ELSA were also
controlled for in the analyses to account for population stratification - systematic genetic differences

due to ancestry differences. LBC1936 and ELSA only included participants with European ancestry in

genotyping.

Single-polygenic models

To evaluate the benefit of a multi-polygenic approach in predicting frailty, single-polygenic linear
regression models, with the 26 PGS, were built in ELSA with the Fl as the outcome measure for

comparison.
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A multiple linear regression model was first fit including sex, age, and ancestry principal components
covariates and the outcome (Fl) - the null model. Each polygenic score was then added as a predictor
to the null model and re-run (the full model). The variance explained by the PGS (PGS R?) is calculated

through deducting the R2 of the null model from that of the full model for each of the 26 models.

Multi-polygenic models

The multi-polygenic model was built to test the joint prediction of 26 PGS and rank the prediction of
each PGS to the Fl outcome. Elastic net regularized regression has been shown to be a useful
technique to reduce issues that occur when a magnitude of predictions, such as multiple polygenic

scores, lead to overfitting within a traditional multiple linear regression model (Krapohl et al., 2018).

Elastic net regularized regression benefits from two regularization techniques - L1 regularization from
LASSO regression and L2 regularization from ridge regression through using variable selection and
only retaining variables penalizing coefficients for overfitting. Elastic net regression is particularly
valuable for PGS prediction with highly correlated genetic signal, as the elastic net regression method
will include all highly correlated variables in a grouping effect. The final coefficients in the model allow
for the predictors to be ranked by their contribution of prediction to the outcome. The elastic net was

computed using the glmnet and caret R package (Friedman, Tibshirani & Hastie, 2010; Kuhn, 2008).

The model was trained and tested in an 80% train (4764 participants) and 20% (1191) test method in
the ELSA dataset with cross validation 4-fold to aid in producing unbiased - repeated cross-validation
enhances the model and the final model is then applied to the independent test data set. The final

PGS predictors from the ELSA dataset were then created and computed in LBC1936 Waves 1,3 and 5

to compare effects across age and for further validation.
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Results

The mean scores for frailty and age in ELSA and LBC1936 Wave 1, 3 and 5 are shown in Table 1. As
expected, mean frailty scores increase with age. Table 1 also shows the pairwise correlations of frailty
between LBC1936 waves - results confirmed that frailty is relatively stable over time. Correlations
were at a minimum moderate, > 0.5 correlation, and most were strong, Pearson’s r > 0.7. Correlations
between the predictor variables, PGSs, can be found in supplementary Figures S1 and S2 —the
correlation matrices only display the significant correlations and as expected PGS which are expected
to share similar mechanisms are moderately-strongly correlated Waist circumference and BMI, Waist
circumference and Waist hip-ratio, Educational attainment and General cognitive functioning, Frailty

and Chronic pain.
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Table 1. Descriptive statistics for age and Fl in ELSA and LBC1936 (raw scores), alongside Pairwise correlations of the Fl across Wave 1, 3 and 5 in

LBC1936
N Mean SD Range LBC1936 Wave 1 LBC1936 Wave 3 LBC1936 Wave 5
ELSA
Fl 5959 17 0.11 0-0.68
Age 5959 72.73 7.2 65-99
LBC1936 Wave 1
Fl 1005 .16 0.09 0-0.49 1A
Age 1005 69.58 0.83 67.66 —71.35
LBC1936 Wave 3
Fl 697 .20 0.09 0.02-0.65 TLrEx 1Hx*
Age 697 76.30 0.68 74.64 -77.75
LBC1936 Wave 5
Fl 431 0.21 0.09 0.03-0.58 S7HE* T4xE* LA

Age 431 82.06 0.54 80.98-83.19
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Single models - ELSA

Out of the 26-single score GWAS-PGS models 21 had significant associations with the Fl with the best
single-score model coming from the 2019 GWAS-PGS of chronic pain - predicting 2.6% of the variance
inthe FI (B =-0.16). p < 0.001. The PGS on the right of Figure 1 are those that indicate risk to frailty.
For example, those who have genetic predisposition to experience Chronic pain have an increased risk
of frailty. Whereas the PGS on the left of Figure 1 are those with protective mechanisms. For example,
genetic predisposition to having Parental life length (parents living longer) is associated with a

decreased risk of frailty.

Multi-polygenic models (MPS)

To utilise the benefits of elastic net regression, that is selecting a subset of predictors that are
correlated but not redundant to prediction of an outcome, all 26 PGS were modelled into an elastic
net regression model with multiple polygenic scores - MPS model. Figure 2 shows the polygenic risk
score predictors, with covariates included, ranked in effect with standardized coefficients - with those
on the right being PGS which exacerbate/worsen frailty and those on the left PGS which protect
against frailty. Much like multiple regression models, standardized coefficients represent the
contribution of a standard deviation increase in the predictor, in this case PGS, to change in the

outcome, in this case the Fl, when all other variables in the model have been adjusted for.

As Table 2 shows, the MPS models showed that prediction was higher, explaining 3.6% of variance p <
0.001 for the Fl in the independent test set (n = 4764) compared to the most predictive single-score
model at 2.6% p < 0.001 in ESLA. Out of 26 PGS inputted into the model, 11 came out as the most
relevant predictors in ELSA as shown in the first plot in Figure 2 with standardised beta values. Out of
11 PGS all were significant predictors in the single score models apart from PGS for Rheumatoid
arthritis in the single-score models. Interestingly, Rheumatoid arthritis emerged as a protective PGS
for the FI (B = - 0.043). The other protective PGS were Educational attainment (B = - 0.039) and
Parental death PGS (B =-0.029) PGS for Sleep duration (B = - 0.014) and Longevity (B = 0.017). On the
other side, the strongest predictor to risk of frailty in the MPS model was Chronic pain (B =0.11).
Alongside PGS for the Fl itself (B = 0.028), Depressive symptoms (B = 0.015), Myocardial infarction (B =
0.015), Waist Hip Ratio (WHR) (B = 0.015) Waist circumference (B = 0.009), Social deprivation (B =
0.005), Alzheimer disease (B = 0.0006), and Bipolar disorder (B = 0.005) were PGS which had risk

effects on the Fl outcome.
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LBC1936 Wave 1

The most predictive PGS, found in the elastic net regression model in ELSA, were then modelled in
LBC1936 (at Waves 1, 3 and 5). Similar to ELSA, protective PGS included Educational attainment (B = -
0.12) and Parental Death (B = - 0.032). PGS which were associated with risk of frailty included Chronic
pain (B = 0.027), Frailty (B = 0.056), Waist circumference (B =- 0.022) and Social Deprivation (B =
0.008).

LBC1936 Wave 3

The third plot in Figure 2 are the results at LBC1936 Wave 3 (Age ~76). Similar to ELSA and LBC1936
Wave 1, protective PGS also included Educational attainment (B = -0.099), Parental death (B = - 0.053)
and Rheumatoid arthritis (B = -0.037). However, unlike ELSA, but like LBC1936 Wave 1 PGS for
Alzheimer disease (B = - 0.019) came out as a protective PGS for the Fl. PGS for Chronic pain and
Waist circumference were the most predictive PGS associated with risk of frailty (both f = 0.040),
followed by PGSs for Frailty (B = 0.024), Social deprivation (B = 0.005), and PGS for Sleep duration (B
=0.004).

LBC1936 Wave 5

The fourth plot in Figure 2 are the results at LBC1936 Wave 5 (Age ~82). Similar to ELSA and LBC1936
Wave 1 and Wave 3, protective PGS also included Parental death (B = - 0.080), Educational attainment
(B =-0.069) and Rheumatoid arthritis (§ = -0.033). Alzheimer disease was not a significantly protective
PGS for the Fl at Wave 5. PGS for Waist circumference (B = 0.039) and Frailty (B = 0.033) were the
most predictive PGS associated with risk of frailty, followed by the PGS for Chronic pain (B = 0.010).
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Waist hip ratio - 0.002
Waist - 0.006
Type 2 diabetes - 0.003
Subjective well being - 0.0009
Socioeconmic deprivation - 0.003
Smoking - 0.006
Sleep duration - 0.001
o Parental death - 0.01
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Figure 1. Bar plot of the single model PGS with the Fl as the outcome.
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Figure 2. Bar plot of the MPS, Elastic net regularised regression model, with covariates (age, sex, and ancestry principal components) included.
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Table 2. Comparison of variance explained between best single model predictor and MPS in ELSA test

sample and LBC1936 Waves 1, 3, and 5.

Comparison of variance

Single PGS R2 MPS R2
Regression output - Fl
ELSA (age ~73) .026 .036
Frailty PGS at ~73 .022 .047
Frailty PGS at ~76 .014 .021
Frailty PGS at ~79 .019 .027

All analyses controlled for sex and age and population stratification.
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Discussion

This was the first study to simultaneously use a large number of polygenic scores as genetic
instruments to explore the traits that both protect and elevate risks of frailty in independent cohorts
(LBC1936 and ELSA) - measured with the Fl. PGS that were available from the English Longitudinal
Study of Ageing with adequate statistical power were modelled, with Elastic net regularized
regression, to investigate each PGS’s capacity to predict frailty in English participants aged 65-99 years
of age. The PGS that were found most relevant to Frailty prediction from the ELSA model were then
validated, longitudinally, in the Lothian Birth Cohort 1936 at ages ~70, ~76 and ~82. The PGS which
replicated across the datasets and associated with increased risk of frailty were PGS for Chronic pain
(all datasets/waves), Frailty (all datasets/waves), Waist circumference (all datasets/waves) and
Socioeconomic deprivation (ELSA and LBC1936 Wave 1 and 3). Protective PGS that replicated were
PGS for Educational attainment (all datasets/waves), Parental death (all datasets/waves) and

Rheumatoid arthritis (ELSA, LBC1936 Wave 3 and 5).

In reference to these findings, it may have been expected that the Frailty PGS would be the most
powerful predictor across the datasets - as this PGS is based on items within the Fl itself (outcome
measure); however this was not the case. Chronic pain was the most predictive PGS in the ELSA
datasets and at Wave 3 in LBC1936 - with the effect size for PGS chronic pain almost four times that
of the PGS for frailty in ELSA. This finding can be supported by research that has found some shared
mechanisms between pain and frailty - suggesting that pain may predispose an individual to
developing frailty (D'Agnelli et al., 2022). Inflammatory mediators have been found to be important
mediating factors in the progression of frailty and during chronic pain. One example is an abnormal
increase in oxidative stress which is present in both pain and the ageing process (D'Agnelli et al.,
2022). The investigation into chronic pain and frailty may also have clinical applications. For instance,
a pain treatment plan has been shown to reverse adverse changes in the immune system and reverse
neuro-inflammation and restore pro and anti-inflammatory cytokine balancing in the body
(Fehrenbacher et al., 2017). Such a plan might be effective in treating and reversing frailty
development. However, when multimorbidity and polypharmacy are present pain treatment
(medication treatment) could worsen frailty (D'Agnelli et al., 2022; Franchi et al., 2017). Despite the
clear clinical relevance into the pain-frailty dyad, more research is needed to understand the shared
aetiology and direction of influence between the two phenotypes, including any interactions with

medication.
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Like chronic pain, the PGS for Waist circumference was also a strong predictor of frailty and was
stronger than the PGS for frailty in LBC1936 Wave 3 and 5. Waist circumference has been found to be
a better predictor of frailty risk than BMI measures (Liao et al., 2018) with high waist circumference
being an important risk factor for frailty - therefore our results suggest that a genetic predisposition
for a high waist circumference puts an individual at risk to higher frailty levels. Previous research has
found that higher waist levels were associated with higher frailty scores and this could be, in part, due
to genetic predisposition of obesity (Liao et al., 2018) The GWAS for waist circumference included
many datasets with varying adult age. Therefore, the genetic variants associated with higher waist
circumference which predispose individuals at risk to later frailty may be important in early
adulthood. However, it would be important to know whether genetic risk to waist circumference in
later life (on a GWAS which only included individuals 65+) still puts individuals at risk to frailty or
whether the effect is reversed. It would be important to investigate such age-related nuances as in
middle adulthood a lower waist circumference may be associated with lower frailty however in older

adult a lower waist circumference may been associated with poor health/frailty.

Alongside discussing the reasons for the PGS which put someone at risk to frailty, it is important to
discuss the PGS that have protective associations with the Fl across the datasets/waves. In regard to
the PGS for Educational attainment, in a similar study to ELSA — the Health and Retirement Study,
higher PGS for educational attainment was associated with lower frailty levels, when measured with
the FI (Huibregtse et al., 2021). However, the same study found the effects of PGS on educational
attainment were not present after 80 years - our study contradicts these findings as the effect for PGS
for educational attainment was still present in LBC1936 Wave 5 (age ~82). Although our study did find
that the association weakened with advancing age, similar to the Health and Retirement Study
findings. It is important to note here that genetics, to a degree, influences education attainment,
partly via the personal characteristics that help individuals achieve academically (Mosing et al., 2012).
Thus, when we discuss genetic variance of educational attainment, we must reflect on these heritable
traits/characteristics, including cognitive traits and personality traits such as conscientiousness that
also relate to healthy life styles, money for health care — mainly driven via the association between
educational attainment and socioeconomic level (Mosing et al., 2012; Marioni et al., 2016; Hil et al.,
2020). The PGS for Educational attainment is different to the other PGS, as many of the others are
directly part of the FI. There are applications for social researchers/statisticians here to further

understand the relationship between society, educational attainment PGS, and outcomes like frailty.
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Besides the PGS for Educational attainment, PGS for Longevity was also found to be protective against
frailty. Previous research has shown that protective mechanisms have been found between parental
longevity and physical functioning — a phenotype correlated with frailty (Marioni et al., 2016; Sathyan
& Verghese, 2020). Unlike PGS for Educational attainment and Parental longevity, PGS for
Rheumatoid arthritis and its relationship with frailty is not well studied or understood. The finding
that PGS for Rheumatoid arthritis is a protective PGS for frailty is surprising - as one would expect the
inflammation pathways associated with rheumatoid arthritis would put one at risk to frailty. A
possible mediation pathway could be the role of anti-inflammatory drugs that people with
rheumatoid arthritis may be taking. Some evidence has demonstrated that anti-inflammatory
medications may lower levels of inflammatory biomarkers (De Vries et al., 2013) - such medications
could also lower the risk of frailty. However, there is mixed data on the association between anti-
inflammatory medications and frailty. For example, long-term aspirin use was associated with a 15%
lower risk of frailty (Orkaby et al., 2021). Other research has found contradicting findings — such as
long-term Nonsteroidal anti-inflammatory agent (NSAID) medication, including aspirin, use being
associated with an increased prevalence of frailty, even after consideration of multimorbidity and
health behaviours (Beyer et al., 2012). Further research around rheumatoid arthritis, medication use,

and frailty is an important avenue of research that is stimulated by the findings of this paper.

The findings from this study could also highlight the issue with the measure of frailty at different ages
and biases in sampling. Many of the GWAS come from UK Biobank samples which include
younger/middle aged adults who are more likely to be healthy, have higher educational attainment
and fewer health conditions - the healthy volunteer effect (Fry et al., 2017). ELSA and LBC1936 may
also suffer from the healthy volunteer effect (Mullin et al., 2022). The differences between these
cohorts is also important as ELSA is representative of the UK population through its sampling of
England (Steptoe et al., 2013). However LBC1936 is unique to an area in Lothian, Scotland, and is less
representative of even the Scottish population. In addition, the difference in the PGS Alzheimer
results may be due to those who drop out of follow up in LBC1936 not being independent of their
dementia status and those people who have genetic risk to Alzheimer disease, for other reasons, may
have not developed dementia (yet) and are still in the sample — healthy survivor effect. Lastly, there
are issues with measuring frailty with an aggregate/combination of scores — using the Fl as an
outcome. For example, someone might be more cognitively frail but still be mobile. Such pathways
are likely to have different effects, especially genetic effects, which might dilute the findings and miss

important subtypes of frailty. The latter has been demonstrated when modelling phenotypic elements
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of the Fl (Johnson et al., 2024) — emphasising the importance of looking at the genetic architecture of

the frailty in this way.

Despite the shortcomings, the current study has several strengths. The analysis first being carried out
in ELSA and validated longitudinally in LBC1936 increased the validity and generalisability of the
findings - helping question and validate any spurious associations. The method also dealt with
multicollinearity and overfitting by using Elastic net regularised regression - a method which has been
shown to be useful when fitting multiple genetic instruments (Krapohl et al., 2018). Future research
might usefully explore the polygenic nature of frailty but with different samples to address the
differing strengths of PGS. In particular, replication of our effects in countries other than England and
Scotland is needed to understand several mixed findings and direction of PGS effects between ELSA
and LBC1936 (e.g., PGS Depression and Alzheimer disease). It may be that interactions with
environmental and social factors (e.g., differences in health care service, life adversity) are masking or
exacerbating the genetic effect. It may also be valuable to model frailty with different outcomes, such
as the Fried Phenotype and/or clinical frailty measures. To understand more about the direction of
effects a statistical tool, MiXeR could be utilised (Frei et al., 2019). MiXeR quantifies polygenic overlap
irrespective of genetic correlation and allows polygenic scores to be created based on negative and
positive effects on an outcome. Given our previous findings and that the literature to date is mixed, a
sensitivity analysis modelling anti-inflammatory drugs and pathways as mediators would be useful to

further understand the findings.

The findings from this study demonstrate why a multi-polygenic approach is important for
highlighting the complex nature of frailty and the somewhat arbitrary way it is divided into phenotypic
characteristics. Novel relationships were found between PGS and frailty and this leaves future
research to investigate how the genetics of frailty differ with other frailty measures and with
advancing age. Lastly, there is an interdisciplinary application from this research —those interested in
social determinants of health, such as social statistic researchers, should integrate/control for PGS to

assist in removing confounding that often gets misattributed to the environment.
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