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Abstract \
Chronic widespread musculoskeletal pain (CWP) and frailty are prevalent conditions in older people. We have shown previously that
interindividual variation in frailty and CWP is genetically determined. We also reported an association of frailty and CWP caused by
shared genetic and common environmental factors. The aim of this study was to use omic approaches to identify molecular genetic
factors underlying the heritability of frailty and its genetic correlation with CWP. Frailty was quantified through the Rockwood Frailty
Index (Fl) as a proportion of deficits from 33 binary health deficit questions in 3626 female twins. Common widespread pain was
assessed using a screening questionnaire. OMICS analysis included 305 metabolites and whole-genome (>2.5 X 10° SNPs) and
epigenome (~1 X 10° MeDIP-seq regions) assessments performed on fasting blood samples. Using family-based statistical
analyses, including path analysis, we examined how Fl scores were related to molecular genetic factors and to CWP, taking into
account known risk factors such as fat mass and smoking. Frailty Index was significantly correlated with 51 metabolites after
correction for multiple testing, with 20 metabolites having P-values between 2.1 X 107° and 4.0 X 10 '®. Three metabolites
(uridine, C-glycosyl tryptophan, and N-acetyl glycine) were statistically independent and thought to exert a direct effect on Fl.
Epiandrosterone sulphate, previously shown to be highly inversely associated with CWP, was found to exert an indirect influence on
Fl. Bioinformatics analysis of genome-wide association study and EWAS showed that Fl and its covariation with CWP was through
genomic regions involved in neurological pathways. Neurological pathway involvement accounts for the associated conditions of

aging CWP and Fl.
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1. Introduction

Age-related loss of physiological function negatively affects
quality of life. This deterioration, defined in general as frailty,
leads to an increased risk of illness, dependency, and adverse
outcomes, including falls, deliium and disability, and death.® UN
reports consistently suggest that populations around the world
are aging rapidly (http://www.un.org/en/development/desa/
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population/publications/pdf/ageing/WPA2015_Report.pdf) and
that, between 2015 and 2030, the number of people in the world
aged 60 years and older is projected to grow by 56% (from 901
million to 1.4 billion). This situation represents one of the most
significant and unprecedented social transformations of the 21st
century, with implications for virtually all sectors of society and, in
particular, health care systems.

The biological mechanisms underlying frailty have been
extensively studied in recent years.'®2® We have shown that
interindividual variation of frailty scores significantly depends on
genetic factors, which explain 34% of their variation. We also
found that chronic widespread musculoskeletal pain (CWP)—
another prevalent age-related condition—is significantly associ-
ated with the Rockwood Frailty Index (Fl), and that this
association is caused by shared genetic and common environ-
mental factors. Bivariate variance component analysis revealed
a strong and significant genetic correlation (Rg = 0.69 + 0.02)
between the 2 conditions, after adjustment for age, smoking, and
body composition (fat mass).

This raises the important question of the nature of the common
genetic factors underlying the 2 phenotypes. One approach to the
problem is the genome-wide association study (GWAS). Recent
history of GWAS, however, shows that although making a signif-
icant contribution to understanding the biological architecture of
many common complex traits, many studies of small sample size
demonstrated results having a very low level of replication,
containing extensive false-positive findings, and able to explain
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only a small proportion of the genetic variance (heritability).2%*34

Modern molecular technologies allow for simultaneous measure-
ment of thousands of measures of biological molecules from DNA
polymorphisms (genomics), DNA methylation often causing genes’
activation/deactivation (epigenomics), an array of endometabolites
(metabolomics), and others. This, in combination with the de-
velopment of bicinformatics tools, creates the basis for new Multi-
OMICS data analysis strategies of a complex phenotype.?28

We have reported previously that CWP is strongly associated with
steroid hormone metabolism, in particular with epiandrosterone
sulphate (EAS).'? Epigenome-wide association study (EWAS) of this
sample provided evidence of neurological pathway involvement
in CWP." Thus, the main aim of this study was 2-fold. First,
implementing complex genomic, epigenomic, and metabolomic
data analysis, we attempted to identify major molecular pathways
affecting FI score variation. Second, using comparative statistical
and bioinformatics study of the 2 Multi-OMICS outcomes, we
attempted to identify common molecular genetic factors involved in
the significant genetic correlation between these 2 conditions.

2. Materials and methods
2.1. Study design

Figure 1 illustrates the major steps undertaken in this study.
Further description of the material and methods follows this flow
chart.

2.2. Sample and study phenotypes

We compared simultaneously metabolomics and genomic
factors affecting CWP (assessed by us previously'>'¥) and Fl
(examined in this article). We described the study sample and the
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methods of Fl assessment in detail elsewhere.'® Briefly,
participants of this study were 3626 UK female volunteers (with
age ranging from 17 to 93 years, with mean 60.5 = 13.9 years)
from the NIHR BRC TwinsUK BioResource. The sample included
1696 monozygotic (MZ) and 1152 dizygotic twins, and 778
singletons ascertained from the general population. Subjects in
TwinsUK are sent regular questionnaires for completing and are
invited intermittently to attend for a clinical visit. Each participant
was assessed for study of primary phenotypes and potential
covariates, including age, smoking, basic anthropometric meas-
urements, and body composition as assessed by dual-energy X-
ray absorptiometry (DXA) technology. All participants provided
written informed consent. The St. Thomas’ Hospital research
ethics committee approved the project.

Frailty was quantified through the Rockwood Fl and was
created as a proportion of deficits from 33 binary health deficit
domains."®22 Originally, assessment of frailty contained a pain
component. In this study, the pain component was omitted, and
individual FI scores were recalculated correspondingly, to avoid
possible duplication with the CWP assessment. Common
widespread pain was assessed using the London Fibromyalgia
Epidemiology Study Screening Questionnaire that had been sent
to twins for self-completion, without reference to the cotwin,®’
and has been described by us previously.'?

2.3. Genomics

Genotyping was performed in 3 batches on the lllumina Human
Hap300 and Human Hap610-Quad arrays, the results were
collated, and quality control was performed. Only single
nucleotide polymorphisms (SNP) with genotyping rate =95%
and nonsignificantly deviating H-W equilibrium, with P =
0.0001, were retained in the analysis. The 2.5 min SNP
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genotype data were available for 2286 individuals. Details of
genotyping and quality control were repeatedly previously
reported elsewhere.®?

2.4. Epigenomics

DNA methylation was profiled across the genome using MeDIP-
sequencing followed by DNA methylation quantifications to
assess epigenome variation, as previously described in these
data.'® Briefly, the MeDIP-sequencing protocol resulted in an
average of 15,684,723 high-quality uniquely mapping reads
(Burrows-Wheeler aligner) that were subsequently extended to
350 bp to represent the average MeDIP fragment size. Fragments
per kilobase per million were quantified in bins (methylation sites) of
500 bp (250 bp overlap) genome-wide using MEDIPS v1.6.%
Methylation levels were finally assessed at 11,524,145 genomic
regions of size 500 bp (bins) genome-wide in each individual in the
sample (N = 1820). In the epigenome-wide association analysis
(EWAS), we only considered bins that displayed significant
correlation between longitudinal samples available for each in-
dividual, where methylation levels were measured at least 3 years
apart; and we denoted these bins as IsBINs.'® After quality control,
723,029 IsBINs remained and were considered in the downstream
analyses in the study.

2.5. Metabolomics

Metabolon Inc performed nontargeted ultrahigh-performance
liquid chromatography and mass spectrometry on fasting plasma
samples of TwinsUK participants.?” Raw data were median-
normalized for daily fluctuations of the method and then inverse-
normalized. In our sample, 2530 individuals had metabolic traits.
Finally, 305 metabolites having complete data in more than 2000
participants were used in this study. However, of them, 103
metabolites represented unknown biochemical compounds and
were excluded from the following analyses, despite highly
significant correlations in some instances. Further details are
given in our previous study.'?

2.6. Statistical analysis and bioinformatics

Statistical analysis was conducted in the following major steps
(Fig. 1). First, a series of linear regression analyses was
conducted to test for the association between the each of the
available metabolites and Fl scores, with simultaneous adjust-
ment for age. Metabolites found to be significantly correlated
with FI scores, after correction for multiple testing by false
discovery rate ([FDR] = 5.0E-04"), were selected for further
analysis. To establish the independent effect of each metabolite,
they were simultaneously examined in multiple regression
analysis with Fl scores as dependent variable. In addition, we
examined the effect of age and relative fat mass (as covariates),
taking into account familial structure of the sample using MAN
statistical package (http://www.tau.ac.il/~idak/hid_MAN.htm).
Next, implementing GenABLE package (http://www.genabel.
org/packages/GenABEL), GWAS of the FI and metabolites
significantly associated with it were conducted using the entire
sample. Because the analysis discovered a number of
significant associations between Fl and CWP, we implemented
path analysis (http://people.exeter.ac.uk/SEGLea/multvar2/
pathanal.ntml) to determine direction of effects. Further
explanation is given below.

An EWAS was conducted. The sample was divided into 2
groups: Gr1, including 50 pairs of frailty discordant MZ twins, and
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Gr2, including all the remaining individuals (N = 1720). Twin
discordance was determined by intrapair difference in Fl scores,
weighted to pair mean Fl score, ie, D; = (Flj; — Fli2)/0.5 (Fliy + Flip).
The 50 most discordant twin pairs were selected, and methyl-
ation levels compared by a paired t test. Per bin methylation levels
were correlated with Fl scores in the Gr2 sample, or compared by
paired t test between the affected and unaffected on CWP
discordant twins and in the remaining sample (N = 1720). P-
values for the results obtained in 2 nonoverlapping samples were
combined using the Fisher method.®

Genome-wide association study and EWAS results were
subjected to bioinformatic and annotation analyses, for example,
implementing gene ontology (GO) methods (Fig. 1). In the
epigenome analysis, we first assigned IsBINs to the nearest
ENSEMBL gene using MEDIPS package for R."' For genes with
multiple bins assigned, we retained the IsBIN with the lowest
P-value for association with CWP. Using the Fisher approach, we
took the combined P-values and conducted GO analysis using
the weightO1 algorithm implemented in the topGOpackage for R
(https://bioconductor.org/packages/release/bioc/html/topGO.
html). The statistical significance of overrepresentation of GO
terms was estimated using the Fisher exact test. To make the
study comparable with our CWP results, ' 2 GO domains have
been analyzed: biological process and cellular component (CC).
QIAGEN’s Ingenuity Pathway Analysis (www.giagen.com/in-
genuity) was used for pathway analysis. A similar approach was
implemented to summarize and interpret the GWAS data
obtained for both FI and CWP.

3. Results
3.1. Descriptive statistics

Present study characteristics of the phenotypes are given in
Table 1 with a detailed description of Fl given recently
elsewhere.’™ The preliminary analysis showed that FI scores
were significantly correlated with age (- = 0.446), body mass
index (r = 0.326), and relative fat mass, FAT/H? (r = 0.330), all
having P < 0.0001. Frailty Index also strongly depended on
smoking habits increasing aimost linearly between nonsmokers,
previous smokers, and current smokers, respectively: 0.216 (SD
=0.133),0.242 (SD = 0.138), 0.254 (SD = 0.149), Foq ) = 21.8,
P = 4.1 x 10", adjusted for age. In the following analysis, the
effect of these covariates was taken into account. Only
association with FAT/H? remained significant if tested simulta-
neously with body mass index.

3.2. Metabolomics analysis with Frailty Index

There were 305 chemical compounds for analysis after excluding
metabolites that had >20% missing values'® and with unknown
identity. Table 2 shows the 20 most significantly correlated

Basic descriptive statistics of the study sample from
TwinsUK.

Variable N Mean SD Min Max  Skew = SE
Fl-scores 3626 023 014  0.01 0.81 1.010 = 0.041
Age, y 3613 6050 13.87 16.37 93.01 —0.700 = 0.041
BMI, kg/m®> 2863 26.04 4.90 15.88 52.71 1.096 = 0.046
FAT, kg 2276 25.08 8.53 567  63.77 0.814 £ 0.051

BMI, body mass index; Fl, Frailty Index.
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Association of frailty with metabolites.

# Metabolite R P N Brief description
1 Glutamate 0.161"° 4.0E-16 2529 Amino acid. Glutamate metabolism
2 Urate 0.137 4.1E-12 2530 Nucleotide. Purine metabolism, urate metabolism
3 N-acetyl glycine* —0.137 2.4E-11 2358 Amino acid. Glycine, serine, and threonine metabolism
4 C-glycosyl tryptophan* 0.130 4.9E-11 2525 Amino acid. Tryptophan metabolism
5) Pseudouridine 0.123 6.3E-10 2526 Nucleotide. Pyrimidine metabolism, uracil containing
6 Docosahexaenoate (DHA; 22:6n3) —-0.119 2.0E-09 2530 Lipid. Essential fatty acid
7 Mannose 0.116 5.2E-09 2530 Carbohydrate. Fructose, mannose, galactose, starch,
and sucrose metabolism
8 HWESASXX 0.111 2.7E-08 2512 Peptide. Polypeptide
9 Uridine* —0.109 3.6E-08 2530 Nucleotide. Pyrimidine metabolism, uracil containing
10 Epiandrosterone sulphate* -0.107 7.8E-08 2512 Lipid. Sterol/Steroid
11 Proline 0.107 7.8E-08 2530 Amino acid. Urea cycle; arginine and proline metabolism
12 Indolepropionate* —0.106 8.5E-08 2529 Amino acid. Tryptophan metabolism
13 1-docosahexaenoyl-glycerophosphocholine™ —0.105 1.2E-07 2521 Lipid. Lysolipid
14 Gamma-glutamylvaline 0.105 1.3E-07 2518 Peptide, gamma-glutamyl
15 Gamma-glutamylleucine 0.102 2.7E-07 2529 Peptide, gamma-glutamyl
16 Gamma-glutamylphenylalanine 0.102 3.2E-07 2506 Peptide, gamma-glutamyl
17 N-acetylalanine 0.099 7.0E-07 2526 Amino acid. Alanine and aspartate metabolism
18 Butyrylcarnitine 0.095 1.6E-06 2530 Lipid. Fatty acid metabolism (also BCAA metabolism)
19 Glycerol 0.094 2.0E-06 2530 Lipid. Glycerolipid metabolism
20 2-linoleoylglycero-phosphocholine —-0.104 2.1E-06 2074 Lipid. Lysolipid

Correlation of Frailty Index adjusted for age with the 20 selected metabolite circulating levels in total available sample.

* The compounds were independently significantly associated with Frailty Index scores.

metabolites with FI (P = 2.17% to P = 4.07'9), which were all
significant at P < 0.001, after FDR correction for multiple testing.
Variations of these metabolites were not independent and many
showed significant intercorrelation with one another. We tested
them simultaneously in multivariable regression analysis
(Table 3), finding 5 metabolites showing statistically independent
effect (P-values ranged between 3.6 %% and 2.4~%"). These were
EAS, uridine, C-glycosyl tryptophan (C-GT), N-acetyl glycine (N-
AG), and indolepropionate. Except C-GT, all metabolite levels
decreased with increasing Fl scores, especially EAS (P = 3.37%).

C-GT, indolepropionate, and N-AG are related to protein
metabolism, and the first 2 molecules are involved in tryptophan
metabolic pathway. However, when the data were examined
taking into account familial structure and potential effect of
heritability, the results changed slightly (Table 3, 2 right-hand
columns), although the general pattern remained the same. The
main difference was that indolepropionate was no longer
statistically significant.

We conducted metabolic pathway analysis focusing on pathway
enrichment analysis (http://www.metaboanalyst.ca/faces/home.

Risk factors for frailty.

Covariate Beta' = SEpes T-test P Beta® * SEgeta LRT
Epiandrosterone sulfate —0.092 = 0.019 —4.744 2.23E-06 —0.112 = 0.019 7.7E-09
C-glycosy! tryptophan 0.092 =+ 0.021 4.420 1.04E-05 0.077 = 0.021 2.0E-04
N-acetyl glycine —0.072 = 0.019 —3.774 1.65E-04 —0.077 = 0.020 1.5E-04
Uridine —0.070 £ 0.019 —3.712 2.11E-04 —0.062 = 0.020 2.45E-03
Indolepropionate —0.042 = 0.019 —2.223 3.6E-03 —0.015 = 0.021 4.8E-01 (ns)
Age 0.299 = 0.021 14.338 1.40E-44 0.340 = 0.027 1.6E-34
Fat/HT? 0.218 = 0.020 10.655 7.17E-26 0.236 = 0.020 4.2E-31
Smoking 0.081 = 0.019 4.379 1.25E-05 0.083 £ 0.018 6.6E-06
Heritability, h? N/A N/A N/A 0.379 = 0.125 2.4E-03

Multivariable regression of Frailty Index scores on the most highly associated metabolites, with adjustment for age, relative fat mass, and smoking.
Adjusted B2 = 0.260, F(8,2153) = 96.08, P < 0.00001; N = 2162. Beta, T, and P describe the effect of each variable on Frailty Index-score variation adjusted for all the others.

Beta'—regression estimates obtained in preliminary multiple regression analysis.

Beta?—regression estimates obtained in final multiple regression analysis, taking into account familial composition of the sample, and estimating heritability of the Frailty Index scores, adjusted for all tested covariates.

LRT—~P-value, likelihood ratio test assuming no effect of the selected covariate, ns = P > 0.05.
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xhtml). This analysis was conducted twice: first, the top 20
metabolites (Table 2) were tested. Next, 51 metabolites with
P-value =0.0002 (corrected for multiple testing) were examined. In
the first analysis, galactose, pyrimidine, arginine and proline, and
D-glutamine and D-glutamate metabolism pathways were sug-
gested, with P-values 0.014 to 0.046. In the second analysis,
metabolic pathways of gluconeogenesis, galactose, taurine and
hypotaurine, alanine, and some others were suggested, with P-
values 0.002 to 0.033. After FDR correction, however, no significant
metabolic pathways were identified.

3.3. Genome-wide association study of metabolites
associated with Frailty Index

A multiple linear regression model with additive genetic effect
was applied to test for FI score—genotype association using
~2.5 million genotyped and/or imputed autosomal SNPs.
Other covariates adjusted in the model included age and
relative fat mass. In addition, we similarly tested each of the
metabolites associated with frailty phenotype. The results are
presented as series of Manhattan plots (Figure S1 and Table
S1, supplementary material 1, available at http://links.lww.
com/PAIN/AB39). Frailty Index showed no genome-wide
significant associations, with top P-values ranging between
the 1072 and 10~ *. Genome-wide association study of the 4
significantly associated metabolites showed a different pat-
tern. Three of them, specifically uridine, N-AG, and EAS,
displayed strong association with the single genomic region,
with the top P-values correspondingly: <1072 (Chr#22,
mapped to 49304328-49318618bp, rs131794), <10 ™
(Chr#2 mapped to 27596107-27584444bp, rs1260326) and
<107’® (Chr#7 mapped to 98994442-99024762bp,
rs1581492). For variation of C-GT, we found no genome-
wide significant associations.

3.4. Epigenome-wide association study of Frailty Index

Testing 723,029 IsBINs in 50 FI discordant MZ twin pairs (Gr1)
implementing paired t tests revealed overall Np = 27,485 bins
that showed nominally significant associations (P < 0.05), and
of these, the top 20 association signals were ranged P = 7.01~°
to 2.177°. Correlation analysis of IsBINs with FI scores in our
main sample (Gr2) identified Ny = 31,430 nominally significant
correlations, with top 20 associations in a range between P =
3.76 %and 4.02 " °. The results of both analyses were combined
by the Fisher test, which detected 27,781 nominally significant
results showing the same direction of association in both study
subsamples. The 20 top combined results are shown in Table
S2 (supplementary material 1, available at http://links.lww.com/
PAIN/AB39). These data, as well as the GWAS data, were
subjected to GO analysis (Tables S3-S5, in supplementary
material, available at http://links.lww.com/PAIN/AG39).

Comparing GO results obtained in GWAS and EWAS, we
observed a few common functional genomic regions, defined as
“neuron recognition” in biological process category with shared
genes: CNTNAP2, ROBOZ2; in CC classification in the category
“neuron projection,” the shared genes were CNTNAP2, ROBO2,
CDH13, and GRM?7. In addition, in CC classification, the
categories “excitatory synapse” and “actin cytoskeleton” were
also identified in both GWAS and EWAS analyses. Thus, the
genomic/epigenome analyses suggested that the genomic
regions associated with functions of nervous system dominate
the list of the potential candidate genes.
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3.5. Comparison of Frailty Index with CWP

Because CWP and Fl are highly associated with common shared
genetic factors, we were interested whether and to what extent
they shared multi-omic characteristics. We have reported the
results of the OMICS analyses of the CWP elsewhere.®'* They
were compared with the present results. Of 4 metabolites
significantly associated with Fl score (Table 3), EAS and uridine
were also significantly (P = 1.05"° and P = 5.8~ %3, respectively,
after adjustment for covariates) associated with CWP. Comparing
the nominal significant results identified in a similar analysis
design, we observed 2 potential common pathways: D-glutamine
and D-glutamate metabolism and galactose metabolism path-
ways. However, they were not significant after FDR correction.

Comparing results of GWAS and EWAS implementing GO
analysis for both phenotypes, we identified the 2 common groups
of genes: (1) “Neuron recognition,” with P-values ranging from
2.172 (EWAS of CWP) to P = 3.0~ (GWAS of Fl scores), and (2)
“Neuron projection (terminus),” with P-values ranging from 2.4 2
(GWAS of FI scores) to P = 1.872 (EWAS of CWP).

3.6. Path analysis of Frailty Index and CWP

We examined a model including the direct and indirect effect of
covariates on Fl scores through CWP. In other words, we
hypothesized that CWP manifestation could be an independent
risk factor for worsening Fl status of an individual and several
studies suggest this sequence of relations between CWP and
F1.2%%0 First, using modified variance decomposition analysis
testing the liability-threshold model of dichotomous variables, '®
we examined the contribution of potential covariates (age,
smoking, relative fat mass, EAS levels, and leading SNPs), on
CWP. Next, implementing variance decomposition analysis, we
estimated all possible direct and indirect effects of CWP
manifestation and other covariates on Fl scores variation. At this
stage, the epigenome signals were not included in the analysis.
Figure 2 summarizes the main results of path analysis showing
that all tested covariates affect the CWP liability scores
significantly. Although age, fat mass, and smoking increase the
risk of CWP, EAS circulating levels decrease with raising of the
CWP scores.

Evaluating all possible direct and indirect effects on Fl scores,
we observed that again almost all tested covariates (CWP, age,
smoking, and relative fat mass but not EAS levels) exerted
a significant effect on Fl scores, with clear dominance of the CWP
manifestation. Remarkably, when we added C-glycosyl trypto-
phan, N-acetyl glycine, and uridine to the analysis (identified as
independently associated with FI scores (Table 3)), they
contributed their independent association to FI (Fig. 2) while not
altering other parameter estimates, and their own regression
coefficients were virtually the same as reported in Table 3.

4. Discussion

As the modern human population is ageing, the prevalence of
frailty is increasing. Yet, the specific manifestation of frailty in any
individual at a particular age varies tremendously, as does
prevalence of frailty among different communities.® It is therefore
imperative to clarify the main risk factors for incident frailty as well
as its deterioration. Previous studies, including ours, have shown
a significant contribution of genetic factors to FI,% 153 along with
other strong risk factors, specifically CWP.282° Chronic wide-
spread pain in turn has a significant genetic component, which
exerts a pleiotropic genetic effect on FI.'® The main aim of this
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Frailty score

C-glycosyl
tryptophan

N-acetyl
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Figure 2. Path analysis of liability to CWP and its potential effect on Fl-score variation in relation to several common covariates. The main hypothesis is that CWP
manifestation causes Fl deterioration. CWP, common widespread pain; EAS, epiandrosterone sulphate; Fl, Frailty Index.

study was to clarify the molecular-genetic nature of FI heritability
and its correlation with CWP.

OMICS analyses identified 20 top metabolites associated with
FI after correction for multiple testing (P < 0.0002, Table 2).
However, the metabolites themselves are highly correlated and
final multiple regression analysis revealed only 4 independently
associated metabolites: EAS, C-glycosyl tryptophan, N-acetyl
glycine, and uridine (Table 3). Although they represent different
facets of human physiology, they seem to be relevant in view of
the results obtained in present GWAS and EWAS of this sample,
which also suggest involvement of genomic regions associated
with the nervous system. Path analysis showed that the latter 3
metabolites were independently associated with frailty, whereas
the effect of EAS seemed to be mediated through CWP.
Epiandrosterone sulphate circulating levels showed no direct
path correlation with FI (Fig. 2), but was highly significantly
associated with CWP, which in turn was strongly related to Fl.

Epiandrosterone sulphate is a major precursor of testoster-
one and estradiol and a potential neurosteroid (https://
pubchem.ncbi.nim.nih.gov/compound/epiandrosterone).  In
addition, EAS is involved in blood pressure regulation (through
inhibition of the pentose phosphate pathway) and several other
components of blood biochemistry, thus affecting blood
circulation in the microvasculature. In our data set, unpub-
lished analysis has also identified this metabolite to be
associated with depression and anxiety. A causal role of
CWP for Fl has been suggested repeatedly in the literature in
samples of diverse ethnicity;?°*° however, no clear potential
mechanism of association was proposed. Our previous studies
suggested involvement of neurological pathways in aetiology of
CWP," and showed that its appearance significantly corre-
lates with neuropathic pain features,?® and with fatigue and
depression.®® This study further suggests that steroid path-
ways are involved in the mechanism of interaction between
frailty and pain.

The other metabolites that were related to frailty
independently of CWP also point to the importance of
neuroendocrine mechanisms in frailty. Thus, tryptophan me-
tabolism is critical to the biosynthetic pathway generating

serotonin (5-hydroxytryptamine) (Ref. 17; http://themedicalbio-
chemistrypage.org/nerves.html#5ht), a major neurotransmitter
in autonomic nervous system as well as in the CNS. Its function
relates to mood, cognition (memory and learning), the regulation
of appetite, sleep, and others. In an earlier study from our group,
C-gly Trp was also associated with age,'® which is correlated
with frailty. Itis likely that uridine, a component of RNA, may have
a synergistic effect with serotonin on brain function by
modulating serotonin release.'® Some reports have indicated
that uridine modulates sleeping patterns, and its administration
may affect the course of mental disorder as well as improve
memory function and pain.” We have previously found uridine to
associate with arterial stiffness in TwinsUK,'® and with milk
intake.?" Also, circulating uridine correlates significantly with the
gene-expression levels of the purinergic receptor P2RY2.'° N-
acetyl glycine also fits the hypothesis of Fl worsening
association with possible deterioration of nervous system
functioning. This enzyme is involved in the degradation of N-
acylated proteins, and individuals with N-acetyl glycine de-
ficiency will experience multiple neurological phenomena, eg,
convulsions, hearing loss, and difficulty feeding (Human Metab-
olome www.hmdb.ca/metabolites/HMDB0000532). Thus, all 3
molecules seem to be relevant as potential molecular risk
factors for Fl development and progression. This conclusionisin
agreement with our genomic and epigenome analysis. Although
association results observed in both analyses did not reach
genome-wide significance, the enrichment analysis of the
nominally significant results clearly suggest prevalent associa-
tion with genomic regions involved in NS functions, such as
“neuron recognition,” “neuron projection,” and “excitatory
synapse.”

Overall, our data consistently point to the association of
neurological pathway markers with progression of Fl scores. The
association between chronic pain and frailty may be mediated by
alterations in sex hormone metabolism.

Conflict of interest statement

The authors have no conflict of interest to declare.


https://pubchem.ncbi.nlm.nih.gov/compound/epiandrosterone
https://pubchem.ncbi.nlm.nih.gov/compound/epiandrosterone
http://themedicalbiochemistrypage.org/nerves.html
http://themedicalbiochemistrypage.org/nerves.html
http://www.hmdb.ca/metabolites/HMDB0000532

December 2018 e Volume 159 ¢ Number 12

Acknowledgments

This work was supported by Arthritis Research UK Grant number
20682 to F.M.K. Williams, by the MRC AimHY (MR/M016560/1)
project grant to C. Menni, by the HATS grant code WT081878MA
to C.J. Steves, and by the Israel Science Foundation Grant
number 1018/13 to G. Livshits. TwinsUK is funded by the
Wellcome Trust, Medical Research Council, European Union, the
National Institute for Health Research (NIHR)-funded BioRe-
source, Clinical Research Facility and Biomedical Research
Centre based at Guy’s, and St Thomas’ NHS Foundation Trust in
partnership with King’s College London. This study received
ethics approval from the St. Thomas’ Hospital Research Ethics
Committee.

Appendix A. Supplemental digital content

Supplemental digital content associated with this article can be
found online at http://links.lww.com/PAIN/A639.

Article history:

Received 17 April 2018
Accepted 25 July 2018
Available online 6 August 2018

References

[1] Benjamini'Y, Yekutieli D. The control of the false discovery rate in multiple
testing under dependency. Ann Statist 2001;29:1165-88.

[2] Boyle EA, Li YI, Pritchard JK. An expanded view of complex traits: from
polygenic to omnigenic. Cell 2017;169:1177-86.

[3] Burri A, Ogata S, Livshits G, Williams F. The association between chronic
widespread musculoskeletal pain, depression and fatigue is genetically
mediated. PLoS One 2015;10:e0140289.

[4] Chavez L, Jozefczuk J, Grimm C, Dietrich J, Timmermann B, Lehrach H,
Herwig R, Adjaye J. Computational analysis of genome-wide DNA
methylation during the differentiation of human embryonic stem cells
along the endodermal lineage. Genome Res 2010;20:1441-50.

[6] Clegg A, Young J, lliffe S, Rikkert MO, Rockwood K. Frailty in elderly
people. Lancet 2013;381:752-62.

[6] Dato S, Montesanto A, Lagani V, Jeune B, Christensen K, Passarino G.
Frailty phenotypes in the elderly based on cluster analysis: a longitudinal
study of two Danish cohorts. Evidence for a genetic influence on frailty.
Age (Dordr) 2012;34:571-82.

[7] Dobolyi A, Juhasz G, Kovécs Z. Uridine function in the central nervous
system. Curr Top Med Chem 2011;11:1058-67.

[8] Elston RC. Fisher’'s method of combining p-values. Biom J 1991;3:
339-45.

[9] Freidin MB, Wells HRR, Potter T, Livshits G, Menni C, Williams FMK.
Metabolomic markers of fatigue: association between circulating
metabolome and fatigue in women with chronic widespread pain.
Biochim Biophys Acta 2018;1864:601-6.

[10] Kawasaki A, Suzuki N, Endo K, Ashida N. Novel effects of uridine on
behavioral changes due to social isolation stress in mice. Food Sci
Technol Res 2013;19:455-61.

[11] Lienhard M, Grimm C, Morkel M, Herwig R, Chavez L. MEDIPS: genome-
wide differential coverage analysis of sequencing data derived from DNA
enrichment experiments. Bioinformatics 2014;30:284-6.

[12] Livshits G, Macgregor AJ, Gieger C, Malkin |, Moayyeri A, Grallert H,
Emeny RT, Spector T, Kastenmdller G, Wiliams FM. An omics
investigation into chronic widespread musculoskeletal pain reveals
epiandrosterone sulfate as a potential biomarker. PAIN 2015;156:
1845-51.

[13] Livshits G, Gao F, Malkin I, Needhamsen M, Xia Y, Yuan W, Bell CG, Ward
K, Liu Y, Wang J, Bell JT, Spector TD. Contribution of heritability and
epigenetic factors to skeletal muscle mass variation in United Kingdom
twins. J Clin Endocrinol Metab 2016;101:2450-9.

[14] Livshits G, Malkin I, Freidin MB, Xia Y, Gao F, Wang J, Spector TD,
MacGregor A, Bell JT, Wiliams FMK. Genome-wide methylation
analysis of a large population sample shows neurological pathways
involvement in chronic widespread musculoskeletal pain. PAIN 2017;
158:1053-62.

www.painjournalonline.com 2571

[15] Livshits G, Ni Lochlainn M, Malkin |, Bowyer R, Verdi S, Steves CJ,
Williams FMK. Shared genetic influence on frailty and chronic widespread
pain: a study from TwinsUK. Age Ageing 2018;47:119-25.

[16] Malkin I, Williams FM, LaChance G, Spector T, MacGregor AJ, Livshits G.
Low back and common widespread pain share common genetic
determinants. Ann Hum Genet 2014,78:357-66.

[17] Mangalam A, Poisson L, Nemutlu E, Datta I, Denic A, Dzeja P, Rodriguez
M, Rattan R, Giri S. Profile of circulatory metabolites in a relapsing-
remitting animal model of multiple sclerosis using global metabolomics.
J Clin Cell Immunol 2013;4:150.

[18] Menni C, Kastenmlller G, Petersen AK, Bell JT, Psatha M, Tsai PC,
Gieger C, Schulz H, Erte I, John S, Brosnan MJ, Wilson SG, Tsaprouni L,
Lim EM, Stuckey B, Deloukas P, Mohney R, Suhre K, Spector TD, Valdes
AM. Metabolomic markers reveal novel pathways of ageing and early
development in human populations. Int J Epidemiol 2013;42:1111-19.

[19] Menni C, Mangino M, Cecelja M, Psatha M, Brosnan MJ, Trimmer J,
Mohney RP, Chowienczyk P, Padmanabhan S, Spector TD, Valdes AM.
Metabolomic study of carotid—femoral pulse-wave velocity in women.
J Hypertens 2015;33:791-6.

[20] Momi SK, Fabiane SM, Lachance G, Livshits G, Williams FM. Neuropathic
pain as part of chronic widespread pain: environmental and genetic
influences. PAIN 2015;156:2100-6.

[21] Pallister T, Haller T, Thorand B, Altmaier E, Cassidy A, Martin T, Jennings
A, Mohney RP, Gieger C, MacGregor A, KastenmUller G, Metspalu A,
Spector TD, Menni C. Metabolites of milk intake: a metabolomic
approach in UK twins with findings replicated in two European cohorts.
Eur J Nutr 2017;56:2379-91.

[22] Searle SD, Mitnitski A, Gahbauer EA, Gill TM, Rockwood K. A standard
procedure for creating a frailty index. BMC Geriatr 2008;8:24.

[23] Silverman EK, Loscalzo J. Network medicine approaches to the genetics
of complex diseases. Discov Med 2012;14:143-52.

[24] Siontis KC, Patsopoulos NA, loannidis JP. Replication of past candidate
loci for common diseases and phenotypes in 100 genome-wide
association studies. Eur J Hum Genet 2010;18:832-7.

[25] Soong J, Poots AJ, Scott S, Donald K, Woodcock T, Lovett D, Bell D.
Quantifying the prevalence of frailty in English hospitals. BMJ Open 2015;
5:e008456.

[26] Stout MB, Justice JN, Nicklas BJ, Kirkland JL. Physiological aging: links
among adipose tissue dysfunction, diabetes, and frailty. Physiology
(Bethesda) 2017;32:9-19.

[27] Suhre K, Shin SY, Petersen AK, Mohney RP, Meredith D, Wagele B,
Altmaier E, CARDIOGRAM, Deloukas P, Erdmann J, Grundberg E,
Hammond CJ, de Angelis MH, Kastenmliller G, Kéttgen A, Kronenberg F,
Mangino M, Meisinger C, Meitinger T, Mewes HW, Milourn MV, Prehn C,
Raffler J, Ried JS, Rémisch-Margl W, Samani NJ, Small KS, Wichmann
HE, Zhai G, lllig T, Spector TD, Adamski J, Soranzo N, Gieger C. Human
metabolic individuality in biomedical and pharmaceutical research.
Nature 2011;477:54-60.

[28] Tebani A, Afonso C, Marret S, Bekri S. Omics-based strategies in
precision medicine: toward a paradigm shift in inborn errors of
metabolism investigations. Int J Mol Sci 2016;17:1555.

[29] Tian X, Wang C, Qiao X, Liu N, Dong L, Butler M, Si H, Jin Y. The
association between pain and frailty among Chinese community-dwelling
older adults: depression as a mediator and its interaction with pain. PAIN
2018;159:306-13.

[30] Wade KF, Lee DM, McBeth J, Ravindrarajah R, Gielen E, Pye SR,
Vanderschueren D, Pendleton N, Finn JD, Bartfai G, Casanueva FF, Forti
G, Giwercman A, Huhtaniemi IT, Kula K, Punab M, Wu FC, O’Neill TW.
Chronic widespread pain is associated with worsening frailty in European
men. Age Ageing 2016;45:268-74.

[31] White KP, Speechley M, Harth M, Ostbye T. The London Fibromyalgia
Epidemiology study: the prevalence of fiboromyalgia syndrome in London,
ontario. J Rheumatol 1999;26:1570-6.

[32] Williams FM, Carter AM, Hysi PG, Surdulescu G, Hodgkiss D, Soranzo N,
Traylor M, Bevan S, Dichgans M, Rothwell PM, Sudlow C, Farrall M,
Silander K, Kaunisto M, Wagner P, Saarela O, Kuulasmaa K, Virtamo J,
Salomaa V, Amouyel P, Arveiler D, Ferrieres J, Wiklund PG, lkram MA,
Hofman A, Boncoraglio GB, Parati EA, Helgadottir A, Gretarsdottir S,
Thorsteinsdottir U, Thorleifsson G, Stefansson K, Seshadri S, DeStefano
A, Gschwendtner A, Psaty B, Longstreth W, Mitchell BD, Cheng YC,
Clarke R, Ferrario M, Bis JC, Levi C, Attia J, Holliday EG, Scott RJ,
Fornage M, Sharma P, Furie KL, Rosand J, Nalls M, Meschia J, Mosely
TH, Evans A, Palotie A, Markus HS, Grant PJ, Spector TD; EuroCLOT
Investigators, Wellcome Trust Case Control Consortium 2, MOnica Risk,
Genetics, Archiving and Monograph, MetaStroke, International Stroke
Genetics Consortium. Ischemic stroke is associated with the ABO locus:
the EuroCLOT study. Ann Neurol 2013;73:16-31.


http://links.lww.com/PAIN/A639
www.painjournalonline.com

2572  G. Livshits et al. ® 159 (2018) 2565-2572

(33]

(34]

Young AC, Glaser K, Spector TD, Steves CJ. The identification of
hereditary and environmental determinants of frailty in a cohort of UK
twins. Twin Res Hum Genet 2016;19:600-9.

Zilikens MC, Demissie S, Hsu YH, Yerges-Armstrong LM, Chou WC,
Stolk L, Livshits G, Broer L, Johnson T, Koller DL, Kutalik Z, Luan J,
Malkin I, Ried JS, Smith AV, Thorleifsson G, Vandenput L, Hua Zhao J,
Zhang W, Aghdassi A, Akesson K, Amin N, Baier LJ, Barroso |, Bennett
DA, Bertram L, Biffar R, Bochud M, Boehnke M, Borecki IB, Buchman
AS, Byberg L, Campbell H, Campos Obanda N, Cauley JA, Cawthon
PM, Cederberg H, Chen Z, Cho NH, Jin Choi H, Claussnitzer M, Collins
F, Cummings SR, De Jager PL, Demuth I, Dhonukshe-Rutten RAM,
Diatchenko L, Eiriksdottir G, Enneman AW, Erdos M, Eriksson JG,
Eriksson J, Estrada K, Evans DS, Feitosa MF, Fu M, Garcia M, Gieger C,
Girke T, Glazer NL, Grallert H, Grewal J, Han BG, Hanson RL, Hayward
C, Hofman A, Hoffman EP, Homuth G, Hsueh WC, Hubal MJ, Hubbard
A, Huffman KM, Husted LB, lllig T, Ingelsson E, Ittermann T, Jansson
JO, Jordan JM, Jula A, Karlsson M, Khaw KT, Kilpeldinen TO, Klopp N,
Kloth JSL, Koistinen HA, Kraus WE, Kritchevsky S, Kuulasmaa T,
Kuusisto J, Laakso M, Lahti J, Lang T, Langdahl BL, Launer LJ, Lee JY,

PAIN®

Lerch MM, Lewis JR, Lind L, Lindgren C, Liu Y, Liu T, Liu Y, Ljunggren
O, Lorentzon M, Luben RN, Maixner W, McGuigan FE, Medina-Gomez
C, Meitinger T, Melhus H, Mellstrém D, Melov S, Michaélsson K, Mitchell
BD, Morris AP, Mosekilde L, Newman A, Nielson CM, O’Connell JR,
Qostra BA, Orwoll ES, Palotie A, Parker SCJ, Peacock M, Perola M,
Peters A, Polasek O, Prince RL, Raikkénen K, Ralston SH, Ripatti S,
Robbins JA, Rotter JI, Rudan |, Salomaa V, Satterfield S, Schadt EE,
Schipf S, Scott L, Sehmi J, Shen J, Soo Shin C, Sigurdsson G, Smith S,
Soranzo N, Stan¢akova A, Steinhagen-Thiessen E, Streeten EA,
Styrkarsdottir U, Swart KMA, Tan ST, Tarnopolsky MA, Thompson P,
Thomson CA, Thorsteinsdottir U, Tikkanen E, Tranah GJ, Tuomilehto J,
van Schoor NM, Verma A, Vollenweider P, Volzke H, Wactawski-Wende
J, Walker M, Weedon MN, Welch R, Wichmann HE, Widen E, Williams
FMK, Wilson JF, Wright NC, Xie W, Yu L, Zhou Y, Chambers JC, Déring
A, van Duijn CM, Econs MJ, Gudnason V, Kooner JS, Psaty BM,
Spector TD, Stefansson K, Rivadeneira F, Uitterlinden AG, Wareham
NJ, Ossowski V, Waterworth D, Loos RJF, Karasik D, Harris TB,
Ohlsson C, Kiel DP. Large meta-analysis of genome-wide association
studies identifies five loci for lean body mass. Nat Commun 2017;8:80.



