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Anpocievon 1 «Metabolic signature of Mediterranean diet adherence and risk of dementia:
A prospective analysis in the UK Biobank cohort»: 'Eyet vrtopAn0ei kot eivan o€ xpion oto
Oebvég emotnpovikd teplodikd Neurology.

H mopovoa perétn epgovnoe ) oyxéon petald evog PETAPOAKOD «OmoTLVITMUATOS» (metabolic
signature) 6To TAGGLO TOV O{UATOG, TO OTTOT0 AVTIKATONTPILEL TNV TPOSKOAAN oM 0T Mecoyelokn

Al0TpO@P1], KOl TOL KIvOOVOL EULPAVIONG vOolaG KOOMG Kot TMV DTOTOTI®V TG,

Mo mv egayoyn tov coprnepacudtoy, avaibinkay dedopéva amd 92.299 cvupetéyovieg g
peyding Ppetavikng Paong dedopévov UK Biobank. Ot gpguvntéc ypnotiponoinoav dedopuéva
UETAPOAMUIKNG 7OV Tpogkvyay HECH TNg TAaTEOppag NMR, kabdc Kol S10TpoQikég
TANPOPOPIEC O ePpOTNUATOAOYIN ovaKkANoNG 24 wpdv. H a&loldynon g TposkdAANoNG 61N
Mecoyelakn Awatpopn mpaypatoromnke pe tn ypnon tov deiktn MEDAS. Xt cuvéyela, to
Hovtédo TV petafoltdv mov avamtiydnke enukupddnke eEmtepikd oe Eva aveEapTnTo detypa

1.608 atopmv amd v eAnvikn peiétn Epirus Health Study (EHS).

Kotd ™ ddpkewo pog péong meprodov mapakorovdnong 13,5 etdv, eviomiotnkav 975 véa
TEPIOTOTIKG Gvolag amd kdbe otio. H avdivon avédeiée éva ocvykekpuyuévo amotdmopa 26
petafolMt®mv, to omoio amotelobvtay Kuping amd Mmidio kol oyetilopevoue pe AMmapd o&éa
petafolriteg, emheyuévo apvobéa, Oeikteg Tov UETAPOAMGUOD TNG EVEPYELNS, Kol TOPAAANAL
yopaxtnplotav amd younAdtepa enineda GlycA, mov amotelel delKT GLOTNUKNG PAEYUOVNIG.
To cvykekpévo petaforid omotomopo Ppébnie vo cuoyetileTal avtioTpoga e Tov Kivouvo
dvolog omd kdbe artio, vVwodelkvhovtog TPOGTATELTIKY Opdomn. Avtifeta, m apyikd Oetikn
OLGYETION UE TN VOGO Tov AAToydipep omoduvaumbnke otov ANEONKav vrdyn TOAAATAES

UETAPANTEC, EVD OV KATAYPAPNKE GTOTIGTIKG GNUOVTIKT] GLGYETION UE TNV AYYEWKT GVOl.

YOUTEPACHOTIKG, TO. gvpruaTo TG épevvag emPefaidvovy OTL T0 PETAPOAIKO ATOTUTMLO
TAAGLOTOG TOV GLVOEETOL [le T Mecsoyelakn Alatpon oyetileTon mpdypartt pe petmpévo Kivovvo
dvolog og mAnBvopiakd eminedo. Ta amoteAéopato avtd vrootnpilovy T PO TG AviAVGeTg

TOV UETOPOADUOTOC OC Lo OEOTIOT KOl OVTIKEWEVIKY] HEBOSO TOV CLUTANPOVEL TO



TapadocloKd epyareio dtoTtpoPikig a&loAdynong, pixyvoviag e 6To Blodloyikd povomdrtia pEcm

TV OToi®mV 01 S TPOoPLKES GuvNBeleg UTopohV va ETNPEAGOLY TOV Kivouvo dvotag

Anpocievon 2 «The goldmine of GWAS summary statistics: a systematic review of methods
and tools»: 'Eyet vrofin0ei ko ivar o€ kpion oto S1ebvig emotnpovicd meptodikd BioData

Mining

To mapdv emotpovikd GpBpo amoterel oL EKTEVI] GUGTNUOTIKY OVOCKOMNON TOV
SBECIU®V AOYIG KAV, EPpYOAEI®V KOl BAGEMV SEGOUEVMV TOV YPTGLLOTOLOVVTOL Y10 TNV
avAALGN GLYKEVIPOTIKOV GTOTICTIKOV 0edopévev (summary statistics) mpoepyopevaov
and Mehéteg Tovidwwpatikng Xvoyétiong (GWAS). Kabog ta dedopéva  avtd
TPOCPEPOVY TO TAEOVEKTNUO, TNG TPOCTUGIOG TNG WOIOTIKOTNTAS TOV acevdv Kot
TOVTOYPOVA ATALTOVV TOAD UIKPOTEPO VITOAOYIGTIKO KOGTOG G GYEOT| LUE TO OEOOUEVO OE
eminedo pepovopévov atoépov (IPD), €yovv yivel mAéov amoltwg amopaitnto o
oLyypovn yevetikn €pevva. O Bactkdg 6TOYOC TOV GUYYPUPEDY HTAV VAL ONULOVPYHGOVV
évav oAOKANPp®UEVO 0010 Tov Ba S1evKOAVVEL TOVG £peLVNTEG Vo TepyNnBodv G610
mAN00¢ TV S100£G1UMVY EMAOYDOV Kol Vo EMAEEOVY TaL TAEOV KOTAAANAO EpYaAEiaL Y10l TIC

OKEG TOVG OVOAVTIKES OVAYKEG,.

Axolovbmvrtag Tig debveig oonyieg PRISMA v TIg GLGTNUATIKEG OVOGKOTNGELS, M
BipAoypapikn €pevva evtomioe ovvolkd 305 Aettovpyikd epyoieion kot PACELS
dedoUEV@OV, TOL OTTOT0L 01 EPELVNTEG KOTIYOPLOTOINCOV GE TPELG UEYAAEG OLLAOES e Pdon
™ AettovpykdétNTd Tovg. H mpmdn kartnyopio agpopd tn dwyeipion tov idiwv tov
dedopévev Kot mepAapPavel epyaleia yioo TOOTIKO EAeyy0, EVapUOVIoT, KATUAOYIOUO
(imputation) kaBmg Kot Ta dnpocta dabécipua amobetipla amotelecudtov. H dgvtepn

Katnyopic. a@opd TNV avdAvon €vOg UEHOVOUEVOD YOPOKTNPIGTIKOV (single-trait



analysis), mepihappdvovtag peBodoovg ylo peTa-avaAvon, EKTiUnon KANPOvVOUNGIOTNTOG,
avaAvcels o eminedo yovidiov (gene-based tests) 1] povomatidv (gene set analysis), KaOdG
Kot pefddovg yaptoypdonong akpipeiog (fine-mapping). H tpitn xatnyopio eotidlet oty
TOVTOYPOV OVOAVCT] TOAALATAGDY YOPUKTNPICTIKMOV, EVOMUATAOVOVTOS EPYUAElR Y100 TN
HEAETN NG TAEOTPOTIOG, TNG YEVETIKNG GLOYETIONG, TNG MEeVOEMKNG TuYOOTOiNoTg
(Mendelian randomization), xof®dg kot ovoivoelg TWAS kot cuveykatdotoong

(colocalization).

Méoa amd ™V avaALTIKN TOPOVGINGT Kol GUYKPIGT) oVTOV TV HeBOdmV, domiotmdnke
OTL M TAEOYN Ol TV EPYOAEIDV EVOL YPOUUEVO OTIC YADGGES TPOYPOUUATIGHOV R (Téve
and 56%) wou Python, eved éva apketd pikpd mocootd (kdtm and 10%) dwribeton 610
VPO KOWO LWO TN HOPPN ELYPNOTOV OAOIKTVAKAOV EPUPUOYDV (Webservers).
[MapdAinia, ot cvyypageig vroypoupuilovv &va onuovtikd Kot whylo TpoPANU g
BlomAnpoeopikng Kowotrtoc, 10 omoio evtomiletonr otnv EAAElyM pakpompOBecung
CLVINPNONG TOV AOYIGUK®V, YEYOVOS TTOV GLYVE 001 YEL G€ U1 AEITOVPYIKOVE GUVOEGUOVS
N acHupateg e€aptoelg AOYm TAAUOTNTAG. ZVUTEPACHATIKA, 1| LEAETN OVTH) AVOOEIKVOEL
NV TEPACTIO AVATTVLEY Kol TOV KEVIPIKO pOAO TNG PLOTANPOPOPIKNG OTN AEYOUEVT] CUETO-
GWAS» gmoyn (post-GWAS era), tpocpépovtag Evay TOADTIO TOPO TOL AVOUEVETOL VO
LEYIGTOTOMNGEL TNV OMOTEAEGLOTIKOTITO TG OVAALONG OEGOUEVOV, LE ATOTEPO GKOTO
TV KOADTEPT  KOTOVONOY 1TNG  YEVETIKNG  OPYITEKTOVIKNG TOV  TOAVTAOK®V

YOPUKTNPIOTIKMOV KO 0COEVEIDV.
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Background and Objectives: Adherence to the Mediterranean diet (MD) has been associated with
a lower dementia risk, yet the biological mechanisms underlying this association remain poorly
understood, and objective biomarkers of MD adherence are limited. This study aimed to identify a
plasma metabolic signature of MD adherence and evaluate its association with the risk of dementia

and its subtypes.

Methods: We analysed 92,299 UK Biobank participants with available NMR-based metabolomics
and dietary data derived from at least one 24-hour dietary recall. MD adherence was assessed using
the Mediterranean Diet Adherence Screener (MEDAS). A metabolic signature of MEDAS was
identified using a multi-step adaptive elastic-net model and externally validated in the Greek Epirus
Health Study (EHS; N = 1,608). Cox proportional hazards regression models were used to examine
associations of metabolic signature with incident all-cause dementia, Alzheimer’s disease (AD) and

vascular dementia (VD), adjusting for potential confounders.

Results: Over a median follow-up of 13.5 years, 975 incident cases of all-cause dementia, 346 AD
and 151 VD cases were identified. A 26-metabolite signature was identified (r = 0.27, 95% CI: 0.26
- 0.28) and externally validated in EHS (r = 0.22, 95% CI: 0.17 - 0.26). The signature was
predominantly composed of lipid and fatty acid—related metabolites, along with selected amino acids
and energy metabolism markers, and was characterized by lower levels of glycoprotein acetylation
(GlycA), a marker of systemic inflammation. The metabolic signature was inversely associated with
all-cause dementia (HR per SD = 0.91, 95% CI: 0.84 - 0.97), while its association with AD was
attenuated after multivariable adjustment. Metabolic signature was not significantly associated with

VD.

Discussion: The plasma metabolic signature of MD was associated with a reduced risk of dementia
in a large-scale population study. These findings support the use of metabolomic profiling as a
complementary approach to dietary assessment, providing objective biological insight into diet-

related metabolic pathways through which dietary patterns may influence dementia risk.
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INTRODUCTION

Dementia is a leading cause of disability and dependency among older adults worldwide, affecting
over 55 million individuals in 2023, with numbers projected to triple by 2050 [1]. Despite extensive
research, effective strategies for dementia prevention remain limited, and the need for modifiable
interventions is critical [2]. The Mediterranean diet (MD), characterized by high consumption of
fruits, vegetables, whole grains, legumes, nuts, olive oil, and moderate intake of fish and poultry, has
emerged as a promising dietary pattern for dementia [3, 4]. Epidemiological studies have
demonstrated that greater adherence to the MD is associated with reduced risk of dementia [5, 6].
Notably, adherence to the MD has been shown to lower dementia risk independently of genetic
predisposition, as evidenced by findings from the UK Biobank prospective cohort study [7]. A recent
meta-analysis of 23 studies confirms that adherence to the MD is associated with an 11-30% reduction
in the risk of age-related cognitive disorders, including cognitive impairment, dementia, and
Alzheimer's disease (AD), highlighting the diet's potential as a key neuroprotective strategy in public

health [8].

Previous studies have identified specific metabolites linked to MD adherence and dementia, such as
lipids, polyphenol-derived compounds, and markers of inflammation and oxidative stress [9, 10].
However, many of these studies are limited by small sample sizes, and lack of external validation,
which hinder the generalizability of their findings [11]. Additionally, traditional dietary assessment
tools, such as food frequency questionnaires (FFQs) and dietary recalls, rely on self-reported intake

data, which are prone to measurement errors [12, 13, 14], further complicating dietary research.

Several mechanisms have been proposed to explain the neuroprotective effects of the MD, including
its anti-inflammatory and antioxidant properties, cardiovascular benefits, and modulation of gut-brain
axis interactions [15, 16]. Preclinical studies in nonhuman primates have further shown that MD

consumption reduces pro-inflammatory gene expression in both peripheral monocytes and brain
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5
tissue, which is associated with preserved brain structure, such as cortical thickness and brain volume,
and improved socioemotional behaviours. These findings provide mechanistic insights linking diet,
peripheral and central inflammation, and neuroprotection [17]. However, the pathways linking MD
adherence to dementia risk are not well characterized. Recent advances in metabolomics technology
have facilitated the identification of metabolic signatures, comprehensive profiles of small molecules
in biological systems, that reflect dietary patterns and their associated physiological effects [18, 19].
These metabolomic analyses have begun to uncover the biological underpinnings of the MD's benefits

and offer new opportunities for understanding its role in dementia prevention.

In this study, we leveraged plasma metabolites from the large-scale UK Biobank cohort to identify a
metabolic signature associated with MD adherence. We validated our findings in an independent
cohort to enhance their robustness. We then assessed whether this signature was associated with risk
of dementia, AD-and vascular dementia (VD) in UK Biobank. Because dietary recalls in the UK
Biobank were collected several years after baseline blood sampling, diet cannot be used as a strict
baseline exposure. Metabolomic profiling, however, offers a temporally valid approach to capture
biological pathways related to diet at baseline, thereby enabling prospective investigation of diet-

related metabolic signatures in relation to incident dementia.

METHODS

Study population

Discovery cohort: In the UK Biobank cohort (Supplementary Text 1), individuals with available
metabolomic and dietary data (N = 97,516) were included in the analysis. Participants with baseline
diagnoses of dementia, migraine, epilepsy, schizophrenia, bipolar disorder, or Parkinson’s disease
were excluded (N = 5,207). These conditions were identified using self-reported data and linked
hospital records coded with the following international classification of diseases (ICD): ICD-10 codes
G20, G40, G41, G43, F20, and F31; and ICD-9 codes 332.1, 345.0-345.9, 346.9, and 295.0-295.9.

There were no mismatches between genetic sex and self-reported sex among individuals.
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6
Additionally, prevalent cases of dementia (N = 10) were excluded from the analysis (Figure 1). After

applying these criteria, a total of 92,299 participants were included in the final analyses.

Validation cohort: We used baseline data (N = 1,612) from the Epirus Health Study (EHS) and
employed the same exclusion criteria as the discovery population in the participant selection process
(Supplementary Text 1, Supplementary Figure 1). Finally, 1,608 participants were included in the

validation analysis.

Metabolomic profiling

A high-throughput Nuclear Magnetic Resonance (NMR) platform (Nightingale Health Plc; biomarker
quantification version 2022) has been used to assess a random subset of non-fasting baseline plasma
samples from 274,353 UK Biobank people, recruited between 2006 and 2010. An array of 168
metabolites including lipids, lipoprotein particle subclass, cholesterol subtypes, amino acids and
inflammation markers, were quantitatively profiled (molar concentration units), and 81 ratios derived
from their combinations were further included [20, 21]. Additional information about metabolomic
biomarker measurements can be found in Supplementary Text 2. The same metabolomic profiling
methodology used in the UK Biobank was also used to assess fasting plasma samples from 1,608
persons in the EHS. Supplementary Table 1 includes the concentrations of metabolic markers for

the participants in the two distinct studies, together with the median and interquartile ranges.

Dietary assessment and calculation of MEDAS

Validated for use in large-scale observational studies, the Oxford WebQ is a web-based, self-
administered 24-hour dietary assessment tool [22, 23]. By having users pick the number of standard
portions they ingested for each meal and drink item, this tool gathers data on the intake of 206
different food types and 32 different drink types over a 24-hour period. During their visit to the
baseline assessment centre, individuals who were recruited between April 2009 and September 2010
completed the Oxford WebQ. Furthermore, via their home computer, participants were asked to

complete the Oxford WebQ assessment every three to four months between February 2011 and June
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7
2012, for a maximum of five assessments (including the baseline assessment). We excluded
participants with 24-h recalls with extreme energy intakes (defined as <800 or>4,200 kcal/d for
males and <600 or> 3,500 kcal/d for females). We used the residuals method to energy-adjust the
dietary data (2,000 kcal/d) for each time point in accordance with earlier studies [7, 24]. This allowed
for the evaluation of food quality to be done independently of diet amount [25]. Before determining
each participant's diet score, data were then averaged over all possible time points (minimum 1,
maximum 5). We measured the MEDAS score, which is a 14-point score that was created as part of
the Prevencion con Dieta Mediterranea (PREDIMED) trial [26] and has been used extensively in
observational studies and trials [9, 27, 28]. The MEDAS is typically calculated using a binary
evaluation for each of the 14 food components, awarding one point if the participant's consumption
meets a pre-established cut-off (e.g., intake of a certain amount of vegetables), and zero points if they
do not. The total possible score can range from 0 to 14 points (Supplementary Table 2). Points are
awarded by MEDAS for using olive oil as the primary cooking fat and, separately, for consuming a
certain quantity of olive oil (four tablespoons or more per day). The maximum possible score for the
MEDAS in this study was 13 points because it was not possible to determine the amount of olive oil
consumed from the available dietary data, even though we were able to determine the use of olive oil
as a culinary fat and award points for consumption (I point) or non-consumption (0 points)
accordingly. Participants with at least one 24-hour recall were included in the main analyses. Because
dietary data were obtained after baseline assessment (median = 1.9 years, Interquartile range (IQR)
= 0 - 2.8 years), dietary variables were not treated as baseline exposures but were used for the

derivation of the diet-related metabolomic signature.

Dementia Ascertainment

In the UK Biobank sample, all-cause dementia status was identified based on hospital inpatient
records and death registry records. The ICD was utilized to identify cases with all-cause dementia,
AD and vascular dementia (VD), with the list of ICD-9 and ICD-10 codes demonstrated in the

Supplementary Table 3. ICD-9 codes were included to improve our sensitivity in identifying
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dementia cases that were confirmed before enrolment. An individual was considered to have dementia
if they had either received a primary or secondary diagnosis of dementia (primary care/ hospital
records) or if their primary or secondary cause of death was dementia related. In cases where there
were several dates available for the variables, the date of diagnosis was established using the earliest
of two dates: the date of death obtained from primary care records, or the date of a primary care
diagnosis. In the UK Biobank, the censoring date was 2022-09-27 which was the date until which
diagnoses were available. Death records were used to obtain the date of death. For individuals with
dementia, time at risk was calculated as the time in days between their baseline assessment and the
earliest dementia diagnosis. For individuals with a death record and no diagnosis of dementia, time
at risk was computed as the time between their baseline assessment and the date of their death record.
The time between a person's baseline evaluation and the censoring date was used to calculate time

for those who were still alive and free of dementia.

Covariates assessment

In the UK Biobank, the Townsend deprivation index (TDI), a composite measure of deprivation based
on unemployment, non-ownership of a car, non-ownership of a home, and household overcrowding,
was estimated using data from the previous national census [29]. Body Mass Index (BMI) was
calculated using weight and height recorded during the recruitment. Information about smoking status
(never/previous/current smoker) and education status (higher/lower) was collected through touch-
screen questionnaires. Chronic conditions were assessed using a combination of self-reported data
and linked hospital records coded with ICD-10 and ICD-9 classifications. Participants were classified
as having diabetes if they had glycated haemoglobin (HbAlc) levels exceeding 48 mmol/mol, were
on antidiabetic medications (Supplementary Table 4), or had self-reported or previously diagnosed
diabetes. ICD-10 and ICD-9 codes (E10, E11, 250.0) from linked hospital records were also used to
identify diabetes cases. Cancer status and depression status at baseline were determined using both
self-reported data and linked hospital records coded with ICD-10 and ICD-9 codes (C00-C97, F32,

F33, 311.9). Cardiovascular disease (CVD) status included any history of ischemic heart disease,
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9
myocardial infarction, stroke, heart failure, or other vascular conditions. Both ICD-10 codes (1516,
1519, 120-125, 160-169, 1110-1139, 1500-1509, 1420-1429, 1700-1739, G450-G459) and ICD-9 codes
(4100-4109, 4110-4119, 4120-4129, 4140-4149, 4340-4349, 4350-4359, 4300-4309, 4280-4289)
were used to identify these conditions. APOE4 carrier status was determined using genotypic data for
the APOE rs429358 and rs7412 variants. Participants were classified as APOE4 carriers if they had
at least one copy of the €4 allele, defined as having one or two C alleles at rs429358 and no T alleles
at rs7412. Participants who answered ‘do not know’ or ‘prefer not to answer’ to any of the self-
reported questions were considered missing values. Data field identifiers for all utilized features are

described in Supplementary Table 5.

Statistical analysis

Baseline characteristics of participants were described using percentages for categorical categories
and mean and standard deviation (SD) for continuous variables. In the discovery dataset, no
metabolite had more than 20% missing values (Supplementary Figure 2A). Participants with up to
5% missing values in their metabolite data were excluded from the analysis, as a result 26,065
participants were removed because they had at least one missing metabolite value. Due to the high
percentage of missing values (>20%), two of the 250 plasma metabolites, glycerol and beta
hydroxybutyrate, were eliminated from the external validation set. The remaining metabolites'
missing values (Supplementary Figure 2B) were imputed, by using MissForest algorithm [30]. In
the discovery population, metabolites were inverse-normal transformed and analysed using multi-
step adaptive elastic-net (MSA-Enet) with stability selection. Model tuning was performed using

cross-validation. Full details are provided in Supplementary Text 3.

Associations between the metabolic signature with dementia

In the UK Biobank, the metabolic signature was converted to a z-score (mean = 0; SD = 1) before
Cox regression analyses. The time-to-event variable for our analyses of the incidence of all-cause

dementia and AD was the difference between the date of enrolment and the event, death, or end of
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follow-up, whichever occurred first. We evaluated the proportional hazards assumption by examining
the relationship between time and standardized Schoenfeld residuals, and we did not find any
evidence suggesting it was violated. To handle missing data in covariates, we performed multiple
imputation using multivariate imputation by chained equations (MICE) with the random forest
method, generating five imputed datasets [31]. To investigate the relationships between the
standardized metabolic signature and the risk of all-cause dementia, AD and VD, we fitted two
multivariable Cox proportional hazards models. The first model was subjected to age and sex
adjustments. The second model (multivariable-adjusted model) was further adjusted for potential
confounders, identified via Directed Acyclic Graphs (DAGs) (Supplementary Figure 3), such as
BMI, TDI, diabetes, smoking status, education level, history of depression, cancer and cardiovascular
disease and APOE4 status. Effect modification by age, sex, BMI, TDI, educational level, smoking
status, and APOE4 status was assessed by adding a multiplicative interaction term between each
modifier and the exposure (metabolic signature) in multivariable Cox models and comparing models
with and without the interaction using likelihood ratio tests. Resulting p-values were adjusted for

multiple testing with the Benjamini—Hochberg false discovery rate (FDR) procedure [32].

Several sensitivity analyses were conducted to assess the robustness of the findings. First, to better
capture habitual dietary intake, analyses were restricted to participants who completed at least two
24-hour diet recalls [22]. Second, we repeated the original analyses after removing cases that occurred
during the first one and five years of follow-up, respectively, to account for the possibility of reverse

causality.

R version 4.3.1 (R Foundation for Statistical Computing, Vienna, Austria) was used for all analyses.
Statistical significance was defined as a two-tailed P value <0.05. The funder of the study had no role
in study design, data collection, data analysis, data interpretation, or writing of the report. The
Strengthening the Reporting of Observational studies in Epidemiology reporting guidelines were

followed.
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Standard Protocol Approvals, Registrations, and Patient Consents

The UK Biobank research received ethical approval from the Northwest Multicenter Research Ethics
Committee in the United Kingdom, as well as authorization from the National Information
Governance Board for Health and Social Care in England and Wales, and the Community Health
Index Advisory Group in Scotland. Every participant gave written, informed consent, and the study

was carried out in compliance with the Helsinki Declaration.

Data availability

Data in the manuscript, code book, and analytic code will not be publicly available due to sensitivity
concerns but may be obtained from the corresponding author upon reasonable request. The UK
Biobank dataset used to conduct the research in this paper is available via application directly to the
UK Biobank. Applications are assessed to meet the required access criteria, including legal and
ethical standards. More information regarding data access can be found here:

access@ukbiobank.ac.uk

RESULTS

Baseline characteristics

The mean age was 56-3 years (SD = 7-9) in the UK Biobank and 46-8 years (SD = 11-1) in the EHS
(Table 1, Supplementary Table 6). In UK Biobank, during a median follow-up period of 13-5 years
(IQR =12-8 - 14-2), a total of 975 incident all-cause dementia events, 346 AD incident events, and
151 incident vascular dementia occurred. Participants who developed dementia were older at baseline
(mean age 64.3 vs. 56.2 years), more likely to be male (56.4% vs. 47.4%), and had slightly higher
BMI (27.4 vs. 27.1 kg/m?). They also had higher prevalence of cardiovascular disease (17.5% vs.
0.9%), diabetes (11.7% vs. 0.9%), depression (7.1% vs. 1.0%), and cancer (12.2% vs. 0.9%).
Dementia cases were more likely to carry the APOE4 allele (50.9% vs. 25.4%) and had lower levels

of education (52.6% vs. 39.9%). The mean MEDAS score was lower among those who developed
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dementia compared to those who did not (3.8 vs. 4.2). Differences in socioeconomic deprivation and

smoking status were modest across groups.

Metabolic signature of MEDAS

A total of 26 metabolites and metabolites’ ratios after 10-CV (RMSE = 0.963), were selected from
MSA-Enet to be associated with the MEDAS score. Of these, 13 metabolites were positively
associated with MEDAS, while 13 were inversely associated (Figure 2, Supplementary Table 7).
Positively associated metabolites included linoleic acid to total fatty acids, docosahexaenoic acid
(DHA) to total fatty acids, omega-3 fatty acids, free cholesterol to total lipids ratio in very large
VLDL, triglycerides in LDL, valine, phospholipids in medium HDL, albumin, phospholipids in very
large VLDL, beta-hydroxybutyrate, acetate, acetone, and saturated fatty acids to total fatty acids.
Inversely associated metabolites included omega-6 fatty acids to total fatty acids, cholesteryl esters
to total lipids ratio in very large VLDL, omega-6 fatty acids, Glycoprotein acetylation (GlycA),
degree of unsaturation, omega-6 to omega-3 fatty acid ratio, creatinine, phospholipids to total lipids
ratio in very small VLDL, triglycerides to total lipids ratio in large HDL, lactate, glutamine,
isoleucine, and polyunsaturated to monounsaturated fatty acid ratio. These metabolites and
metabolites’ ratios explained 7.3 % of the total variance of MEDAS. The derived metabolic signature
was significantly correlated with MEDAS [Pearson correlation coefficient [r = 0.27 (95% CI, 0.26 -
0.28]). In the external validation set (EHS), the metabolites included in the metabolic signature
accounted for 4.8 % (RMSE = 0.976). The external validation set showed similar magnitudes of

correlation for MEDAS (r =0.22, 95% CI, 0.17 - 0.26).

Associations of metabolic signature with all-cause dementia, AD and VD

Higher metabolic signature was associated with lower risk of all-cause dementia and AD (Figure 3,
Supplementary Table 8). In age- and sex-adjusted models, the metabolic signature was associated
with a 13% lower risk (HR per SD increment = 0.87, 95% CI: 0.81 — 0.93). These associations

remained significant after multivariable adjustment for BMI, TDI, diabetes, smoking status,
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education, depression, cancer, cardiovascular disease, and APOE4 status (adjusted HR per SD
increment = 0.91, 95% CI: 0.84 — 0.97). For AD, a similar pattern of associations was observed. In
age- and sex-adjusted models, the metabolic signature was associated with an 11% lower risk (HR
per SD increment = 0.89, 95% CI: 0.80 — 0.99). After multivariable adjustment, the association for
the metabolic signature was attenuated and no longer significant (adjusted HR per SD increment =
0.89, 95% CI: 0.79 — 1.01). For VD, inverse associations were observed in age- and sex-adjusted
models, with each SD increment in the metabolic signature associated with a 19% lower risk (HR =
0.81, 95% CI: 0.68 — 0.95). However, after multivariable adjustment, these associations were

attenuated and no longer statistically significant (HR = 0.94, 95% CI: 0.79 — 1.13).

Stratified and sensitivity analysis
After FDR correction, the interaction test indicated heterogeneity by TDI for the metabolic signature.
Associations were more protective, for the metabolic signature, among more deprived participants

(TDI 2 —2.43: HR = 0.84, 95% CI: 0.77 — 0.93 vs TDI < —2.43: HR = 0.98, 95% CI:
0.88 — 1.08). Interactions by age, sex, BMI, education, smoking, and APOE4
status were not significant after FDR (Supplementary Table 9). In sensitivity

analyses (Supplementary Table 10), results were consistent across alternative model specifications.
When restricting to participants with at least two dietary assessments (N = 54,693; Sensitivity
Analysis 1), the inverse associations of metabolic signature with dementia risk were directionally
consistent, though slightly attenuated. Excluding dementia cases diagnosed within the first year of
follow-up (Sensitivity Analysis 2; N =92,297) yielded estimates nearly identical to the main analyses.
Similarly, excluding cases within the first five years of follow-up (Sensitivity Analysis 3; N = 92,249)

produced comparable results.

DISCUSSION
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By applying machine learning approaches, we developed and externally validated a plasma metabolic
signature of MEDAS. This signature, identified in the UK Biobank and validated in the independent
EHS, was associated with a lower risk of all-cause dementia. Importantly, metabolic score was
associated with dementia risk, supporting the relevance of MD adherence as assessed through 24-
hour dietary recalls and objective metabolomic measures. These findings support the potential value
of metabolomic profiling in capturing diet-related metabolic pathways and in providing objective

measures of dietary adherence relevant to dementia prevention.

Our findings are strongly supported by numerous previous studies demonstrating the protective
effects of the MD on cognitive aging and dementia prevention. Higher adherence to the MD is linked
to a significant reduction in the risk of cognitive impairment, dementia, and AD, according to a recent
meta-analysis [8] of 23 studies, underscoring its potential as a population-level neuroprotection
strategy. Also, systematic reviews confirm that greater MD adherence correlates with lower incidence
of cognitive decline and dementia, supported by robust epidemiological data [33, 34]. The abundance
of anti-inflammatory, antioxidant, and neurotrophic nutrients found in the MD, such as vitamins,
polyphenols, and omega-3 fatty acids, has been linked to its neuroprotective effects [35]. These
advantages are further supported by neuroimaging research, which shows that following a MD is
linked to a decrease in white matter lesions and hippocampal atrophy, two important indicators of
neurodegeneration [36]. Although related dietary patterns such as Dietary Approaches to Stop
Hypertension (DASH) and Mediterranean-DASH Intervention for Neurodegenerative Delay (MIND)
also confer cognitive benefits, the MD remains the most consistently associated with favorable
trajectories in cognitive performance and brain structural preservation [37, 38]. A recent study
highlighted a metabolic signature of MD adherence related to reduced neuroinflammation, improved
lipid metabolism, and enhanced energy regulation [39], which was associated with improved
cognitive outcomes. Overall, this growing body of evidence establishes the MD as a biologically

plausible approach to mitigating dementia risk.
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The validity of MEDAS in capturing important nutritional exposures was reinforced by its strong
association with a metabolic profile typical of MD adherence in our large cohort study. The close
alignment between MEDAS and several lipid- and fatty-acid related metabolites supports its ability
to capture habitual dietary patterns with known biological relevance. The positive correlations of
omega-3 fatty acids and, especially linoleic acid and DHA, and negative correlations of the ratio
omega-6 to omega-3 with MEDAS score were expected given the dietary origins of these fatty acids
and the high polyunsaturated fatty acid content of the MD [10]. Regular intake of omega-3 fatty acids
may help maintain adequate and sustained circulating levels, potentially contributing to a lower risk
of dementia [40], likely through their roles in neuronal membrane fluidity, anti-inflammatory
signalling, and synaptic function [41]. Elevated acetate in those participants more adhered to the MD
reflects enhanced microbial fermentation of dietary fiber, which is abundant in fruits, vegetables,
legumes, and nuts, all components of the MEDAS score [42]. This finding is in line with research
showing that Mediterranean-style diets encourage beneficial changes in the composition of the gut
microbiota and the production of short-chain fatty acids, both of which improve the integrity of the
gut—brain barrier and reduce neuroinflammation [43]. Higher MEDAS scores are also associated with
higher levels of acetone and B-hydroxybutyrate, suggesting a metabolic milieu characterized by
greater metabolic flexibility and availability of alternative brain energy substrates, which may

promote cognitive resilience [44].

We also observed several lipoprotein-related metabolites associated with MEDAS. Positive
associations with phospholipids in HDL, triglycerides in LDL, and free cholesterol in very large
VLDL indicate improved lipid transport dynamics and favourable lipoprotein remodelling associated
with cardiometabolic health. [45, 46]. The inverse associations with cholesteryl esters in very large
VLDL and phospholipids in very small VLDL suggest reduced atherogenic lipoprotein burden and
enhanced HDL functionality, mechanisms that support neurovascular health and amyloid-f3 clearance

[47-49]. Together, these findings are consistent with extensive evidence that adherence to the MD
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promotes a shift toward less atherogenic, more functional lipid particles, contributing to both

cardiovascular and cognitive benefits.

Besides fatty acids and lipoproteins, several amino acids and energy-related metabolites were
differentially associated with MEDAS, providing further insight into diet-related metabolic
adaptations. Lactate, glutamine, and isoleucine were inversely correlated with MEDAS, while valine
was positively associated, potentially reflecting protein sources characteristic of the MD, such as
legumes and fish, and supporting nutrient-sensing and energy-regulatory pathways. Reduced lactate
aligns with improved mitochondrial oxidative function, while lower glutamine reveals reduced
systemic inflammation. The inverse association with isoleucine is consistent with studies linking
lower circulating branched-chain amino acids to improved metabolic health [50, 51]. GlycA, a
composite marker of systemic inflammation, was inversely associated with MEDAS. Although
inflammatory biomarkers were not the dominant component of the signature, this finding aligns with
the well-documented anti-inflammatory properties of the MD [52]. Lower creatinine levels associated
with higher MEDAS may indicate improved renal function or lower muscle catabolism, consistent
with evidence that the MD supports kidney health through reductions in oxidative stress and improved
metabolic control [53, 54]. Additionally, higher circulating albumin, suggests better nutritional and

inflammatory status, reinforcing the role of the MD in supporting metabolic homeostasis [55].

Our findings for fatty acid profiles were generally in agreement with previous literature, though with
some notable distinctions. The inverse relationships with omega-6 fatty acids, omega-6 to omega-3
ratio, polyunsaturated to monounsaturated fatty acids ratio, and degree of unsaturation are consistent
with the well-characterized features of the MD, especially its focus on lowering pro-inflammatory
omega-6 fatty acids while raising foods high in omega-3 and MUFA. While we found a positive
association between saturated fatty acids (SFA) and MEDAS, this could be due to dietary or cultural
variations within the UK Biobank population, where moderate SFA intake may coexist with

Mediterranean-style foods or reflect specific NMR-derived SFA measures [56, 57]. This variation
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highlights the complexity of interpreting fatty acid profiles across populations with different dietary

contexts.

Furthermore, diet-related metabolic resilience may partially offset structural disadvantages,
potentially by mitigating cardiometabolic stress and inflammation in high-risk populations [34, 58].
This mirrors Foster et al.’s UK Biobank observations that socioeconomic deprivation amplifies the
harmful effects of unhealthy lifestyles, while demonstrating a symmetric benefit for protective
exposures such as healthy dietary patterns [59]. These results highlight the potential for dietary

interventions to yield disproportionate benefits in vulnerable populations.

In the UK Biobank, the metabolomic signature may serve as a potent biological proxy for dietary
impact, demonstrating a significant association with incident dementia risk. By reflecting
downstream physiological manifestations of food intake, the metabolic score may capture aspects of
biological response that complement self-reported measures. Although derived from an NMR-based
platform that focuses heavily on lipid metabolism and specific small molecules, the signature
successfully identifies key metabolic shifts relevant to cognitive decline. This association remains
robust despite the effect from non-dietary factors like adiposity and medication use, suggesting that
the score isolates a core biological signal relevant to brain health. Furthermore, because the metabolic
signature reflects real-time biological status, its strong correlation with dementia highlights the
immediate relevance of metabolic homeostasis in neuroprotection. Future transitions toward mass
spectrometry-based approaches are expected to further refine this association by capturing an even

broader array of diet-responsive pathways.

This study has several important strengths. It leveraged a large, well-characterized population cohort
with long-term follow-up, enabling robust assessment of incident dementia and AD. The discovery
and replication of the metabolic signature across two distinct populations, the UK Biobank and the
Greek Epirus Health Study, demonstrate cross-population reproducibility and enhance the external

validity of our findings. The combination of comprehensive plasma metabolomic profiling and
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advanced machine-learning approaches provided objective and biologically meaningful insights into
diet-related pathways. However, certain limitations should be considered. Although repeated 24-hour
dietary recalls [22] were available for many participants, reliance on self-reported dietary data may
have introduced some imprecision in estimating habitual intake. A methodological consideration is
that dietary recalls were collected several years after baseline blood sampling and therefore cannot
represent a strict baseline exposure. However, this design underscores the utility of baseline
metabolomic profiling, which captures biological signals linked to long-term dietary patterns without
being affected by the post-baseline timing of the dietary recalls. This strengthens the interpretation of
the metabolomic signature as a temporally valid marker for prospective dementia risk. The NMR
metabolomics platform provides narrower coverage than mass spectrometry [60] and is largely
focused on lipid-related metabolites, potentially limiting the identification of other diet-responsive
compounds. Moreover, the use of non-fasting plasma samples in the UK Biobank could have
introduced short-term variability in metabolite levels, though the replication of findings in fasting
samples from the Epirus Health Study strengthens confidence in their validity. The predominantly
White British and non-Mediterranean composition of the UK Biobank cohort may also limit the
generalizability of our findings to more ethnically diverse populations. Finally, as an observational
analysis, causal inference cannot be established, and residual confounding cannot be excluded despite

extensive adjustments.

CONCLUSION

In summary, using NMR-based metabolomic profiling, we identified and externally validated a 26-
metabolic plasma signature associated with adherence to the MD. This metabolic signature was
inversely associated with the risk of all-cause dementia and reflected a favourable metabolic
phenotype for brain health, characterized by higher levels of omega-3 and other unsaturated fatty
acids. These findings provide biological insight into diet-related metabolic pathways that may

contribute to cognitive resilience and illustrate the potential of metabolomic profiling to complement



402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

19
traditional dietary assessment in the development of dementia prevention strategies and personalized

nutrition approaches.

Funding statement

This study has been funded by the Alzheimer’s Association, through the project AARG-NTF-23
1027318 & the action "Flagship actions in interdisciplinary scientific areas with special interest for
the connection with the productive fabric", Greece 2.0 - National Recovery and Resilience Plan

(TAEDR-0539180).

Role of the funding source

The study funding had no role in the study design, data collection, data analysis, and manuscript
preparation and/or publication decisions. The corresponding authors had full access to all the data in

the study and had final responsibility for the decisions to submit for publication.

Ethics statement

The analysis was performed under the UK Biobank application number 79696. The UK Biobank has
approval from the Northwest Multi-centre Research Ethics Committee. It has also sought approval
from the Patient Information Advisory Group in England and Wales to access information that would

allow it to invite potential participants.

Disclosure

The authors declare no conflict of interest.

Author Contributors

Conceptualization: C.P., Data acquisition: M.M., Christos Papagiannopoulos, Statistical analyses:
M.M., Christos Papagiannopoulos, C.P., Findings interpretation: C.P., .T., K.K.T., G.M., N.S., J.J.,

E.P., Writing: M.M., Christos Papagiannopoulos, C.P., Critical revision of the manuscript for



424

425

426

427

428

429

20

important intellectual content: All authors. None of the authors was involved in the patient data

collection.

Supplemental Material

Supplementary Methods

Supplementary Tables 1-10

Supplementary Figures 1-3

REFERENCES

1.

GBD 2019 Dementia Forecasting Collaborators. Estimation of the global prevalence of
dementia in 2019 and forecasted prevalence in 2050: an analysis for the Global Burden of
Disease Study 2019. Lancet Public Health. 2022 Feb;7(2):e105-e125. doi: 10.1016/S2468-
2667(21)00249-8. Epub 2022 Jan 6. PMID: 34998485; PMCID: PMC8810394.

Livingston G, Huntley J, Sommerlad A, Ames D, Ballard C, Banerjee S, Brayne C, Burns A,
Cohen-Mansfield J, Cooper C, Costafreda SG, Dias A, Fox N, Gitlin LN, Howard R, Kales
HC, Kiviméki M, Larson EB, Ogunniyi A, Orgeta V, Ritchie K, Rockwood K, Sampson EL,
Samus Q, Schneider LS, Selbak G, Teri L, Mukadam N. Dementia prevention, intervention,
and care: 2020 report of the Lancet Commission. Lancet. 2020 Aug 8;396(10248):413-446.
doi: 10.1016/S0140-6736(20)30367-6. Epub 2020 Jul 30. Erratum in: Lancet. 2023 Sep
30;402(10408):1132. doi: 10.1016/S0140-6736(23)02043-3. PMID: 32738937, PMCID:
PMC7392084.

Trichopoulou A, Costacou T, Bamia C, Trichopoulos D. Adherence to a Mediterranean diet
and survival in a Greek population. N Engl J Med. 2003 Jun 26;348(26):2599-608. doi:

10.1056/NEJM0a025039. PMID: 12826634.



10.

2
Martinez-Gonzalez, Miguel Angel et al. Cohort profile: design and methods of the
PREDIMED study. International journal of epidemiology vol. 41,2 (2012): 377-85.
doi:10.1093/ije/dyq250
Scarmeas N, Stern Y, Tang MX, Mayeux R, Luchsinger JA. Mediterranean diet and risk for
Alzheimer's disease. Ann Neurol. 2006 Jun;59(6):912-21. doi: 10.1002/ana.20854. PMID:
16622828; PMCID: PMC3024594.
Singh B, Parsaik AK, Mielke MM, Erwin PJ, Knopman DS, Petersen RC, Roberts RO.
Association of mediterranean diet with mild cognitive impairment and Alzheimer's disease: a
systematic review and meta-analysis. J Alzheimers Dis. 2014;39(2):271-82. doi:
10.3233/JAD-130830. PMID: 24164735; PMCID: PMC3946820.
Shannon OM, Ranson JM, Gregory S, Macpherson H, Milte C, Lentjes M, Mulligan A,
McEvoy C, Griffiths A, Matu J, Hill TR, Adamson A, Siervo M, Minihane AM, Muniz-
Tererra G, Ritchie C, Mathers JC, Llewellyn DJ, Stevenson E. Mediterranean diet adherence
is associated with lower dementia risk, independent of genetic predisposition: findings from
the UK Biobank prospective cohort study. BMC Med. 2023 Mar 14;21(1):81. doi:
10.1186/s12916-023-02772-3. PMID: 36915130; PMCID: PMC10012551.
Fekete, Monika et al. The role of the Mediterranean diet in reducing the risk of cognitive
impairment, dementia, and Alzheimer's disease: a meta-analysis. GeroScience vol. 47,3
(2025): 3111-3130. doi:10.1007/s11357-024-01488-3
Papandreou C, Papagiannopoulos C, Koutsonida M, Kanellopoulou A, Markozannes G,
Polychronidis G, Tzakos AG, Fragkiadakis GA, Evangelou E, Ntzani E, Tzoulaki I, Aretouli
E, Tsilidis KK. Mediterranean diet related metabolite profiles and cognitive performance. Clin
Nutr. 2023 Feb;42(2):173-181. doi: 10.1016/j.clnu.2022.12.012. Epub 2022 Dec 22. PMID:
36599272.
Li J, Guasch-Ferré¢ M, Chung W, Ruiz-Canela M, Toledo E, Corella D, Bhupathiraju SN,
Tobias DK, Tabung FK, Hu J, Zhao T, Turman C, Feng YA, Clish CB, Mucci L, Eliassen

AH, Costenbader KH, Karlson EW, Wolpin BM, Ascherio A, Rimm EB, Manson JE, Qi L,



1.

12.

13.

14.

15.

16.

17.

3
Martinez-Gonzalez MA, Salas-Salvadé J, Hu FB, Liang L. The Mediterranean diet, plasma
metabolome, and cardiovascular disease risk. Eur Heart J. 2020 Jul 21;41(28):2645-2656. doi:
10.1093/eurheartj/ehaa209. PMID: 32406924; PMCID: PMC7377580.
Brennan L, Hu FB. Metabolomics-Based Dietary Biomarkers in Nutritional Epidemiology-
Current Status and Future Opportunities. Mol Nutr Food Res. 2019 Jan;63(1):e1701064. doi:
10.1002/mnfr.201701064. Epub 2018 May 28. PMID: 29688616.
Hu FB, Satija A, Rimm EB, Spiegelman D, Sampson L, Rosner B, Camargo CA Ir,
Stampfer M, Willett WC. Diet assessment methods in the nurses’ health studies and
contribution to evidence-based nutritional policies and guidelines. Am J Public
Health 2016;106:1567-1572.
Perez-Cornago, Aurora et al. “Description of the updated nutrition calculation of the Oxford
WebQ questionnaire and comparison with the previous version among 207,144 participants
in UK Biobank.” European journal of nutrition vol. 60,7 (2021): 4019-4030.
doi:10.1007/s00394-021-02558-4
Bailey, Regan L. “Overview of dietary assessment methods for measuring intakes of foods,
beverages, and dietary supplements in research studies.” Current opinion in biotechnology
vol. 70 (2021): 91-96. doi:10.1016/j.copbio.2021.02.007
Lourida I, Soni M, Thompson-Coon J, Purandare N, Lang [A, Ukoumunne OC, Llewellyn
DJ. Mediterranean diet, cognitive function, and dementia: a systematic review. Epidemiology.
2013 Jul;24(4):479-89. doi: 10.1097/EDE.O0b013e3182944410. PMID: 23680940.
Knight A, Bryan J, Murphy K. The Mediterranean diet and age-related cognitive functioning:
A systematic review of study findings and neuropsychological assessment methodology. Nutr
Neurosci. 2017 Oct;20(8):449-468. doi: 10.1080/1028415X.2016.1183341. Epub 2016 May
18. PMID: 27192034.
Frye, Brett M et al. “Mediterranean diet protects against a neuroinflammatory cortical

transcriptome: Associations with brain volumetrics, peripheral inflammation, social isolation,



18.

19.

20.

21.

22.

23.

4
and anxiety in nonhuman primates (Macaca fascicularis).” Brain, behavior, and immunity vol.
119 (2024): 681-692. doi:10.1016/j.bbi.2024.04.016

Tanaka T, Talegawkar SA, Jin Y, Candia J, Tian Q, Moaddel R, Simonsick EM, Ferrucci L.
Metabolomic Profile of Different Dietary Patterns and Their Association with Frailty Index
in Community-Dwelling Older Men and Women. Nutrients. 2022 May 27;14(11):2237. doi:
10.3390/nu14112237. PMID: 35684039; PMCID: PMC9182888.

Manou M, Papagiannopoulos C, Chalitsios CV, Asimakopoulos AG, Markozannes G, Bullo
M, Tsilidis KK, Papandreou C, Tzoulaki 1. Metabolic Signatures of Blood Pressure and Risk
of Cardiovascular Diseases. J Am Heart Assoc. 2024 Dec 3;13(23):e036573. doi:
10.1161/JAHA.124.036573. Epub 2024 Nov 22. PMID: 39575750; PMCID: PMC11681602.
Soininen, P., Kangas, A. J., Wurtz, P., Suna, T., & Ala-Korpela, M. (2015). Quantitative
serum nuclear magnetic resonance metabolomics in cardiovascular epidemiology and

genetics. CirculationCardiovascular Genetics, 8, 192-206.

Wurtz, P., Kangas, A. J., Soininen, P., Lawlor, D. A., Davey Smith, G., & Ala-Korpela, M.
(2017). Quantitative serum nuclear magnetic resonance metabolomics in large-scale
epidemiology: A primer on —Omic technologies. American Journal of Epidemiology, 186,

1084-1096.

Greenwood DC, Hardie LJ, Frost GS, Alwan NA, Bradbury KE, Carter M, et al. Validation
of the Oxford WebQ Online 24-Hour Dietary Questionnaire Using Biomarkers. Am J

Epidemiol. 2019;188:1858-67.

Liu B, Young H, Crowe FL, Benson VS, Spencer EA, Key TJ, et al. Development and
evaluation of the Oxford WebQ, a low-cost, web-based method for assessment of previous 24

h dietary intakes in large-scale prospective studies. Public Health Nutr. 2011;14:1998-2005.



24.

25.

26.

27.

28.

29.

30.

31.

32.

5
Tong TYN, Wareham NJ, Khaw K-T, Imamura F, Forouhi NG. Prospective association of the
Mediterranean diet with cardiovascular disease incidence and mortality and its population

impact in a non-Mediterranean population: the EPIC-Norfolk study. BMC Med. 2016;14:135.

Willett WC, Howe GR, Kushi LH. Adjustment for total energy intake in epidemiologic

studies. Am J Clin Nutr. 1997;65(4 Suppl):1220S-1228S (discussion 1229S-1231S).

Martinez-Gonzalez MA, Corella D, Salas-Salvadé J, Ros E, Covas MI, Fiol M, et al. Cohort

profile: design and methods of the PREDIMED study. Int J Epidemiol. 2012;41:377-85.

Siervo M, Shannon OM, Llewellyn DJ, Stephan BC, Fontana L. Mediterranean diet and
cognitive function: From methodology to mechanisms of action. Free Radic Biol Med.

2021;176:105-17.

Gregory S, Ritchie CW, Ritchie K, Shannon O, Stevenson EJ, Muniz-Terrera G.
Mediterranean diet score is associated with greater allocentric processing in the EPAD LCS

cohort: A comparative analysis by biogeographical region. Front Aging. 2022;3:1012598.

Townsend P, Phillimore P, Beattie A. Health and deprivation. Nurs Stand 1988; 2:34.

Daniel J. Stekhoven, Peter Biihlmann, MissForest—non-parametric missing value imputation
for mixed-type data, Bioinformatics, Volume 28, Issue 1, January 2012, Pages 112—118,

https://doi.org/10.1093/bioinformatics/btr597

van Buuren, S., & Groothuis-Oudshoorn, K. (2011). mice: Multivariate Imputation by
Chained Equations in R. Journal of Statistical Software, 45(3), 1-67.

https://doi.org/10.18637/jss.v045.103

Benjamini Y, Hochberg Y Controlling the false discovery rate: a practical and powerful

approach to multiple testing J R Stat Soc Ser B Methodol, 57 (1995), pp. 289-300


https://doi.org/10.1093/bioinformatics/btr597
https://doi.org/10.18637/jss.v045.i03

33.

34.

35.

36.

37.

38.

39.

40.

6
Godos J, Micek A, Carota G, et al. Role of Mediterranean diet in the prevention of cognitive

decline: Biological mechanisms behind longevity promotion. Mediterranean Journal of

Nutrition and Metabolism. 2025;18(4):227-243. doi:10.1177/1973798X251360765

Nucci, Daniele et al. “Association between Mediterranean diet and dementia and Alzheimer

disease: a systematic review with meta-analysis.” Aging clinical and experimental research

vol. 36,1 77. 22 Mar. 2024, doi:10.1007/s40520-024-02718-6

Youn, Ji-Eun et al. “Association of Mediterranean, high-quality, and anti-inflammatory diet
with dementia in UK Biobank cohort.” The journal of nutrition, health & aging vol. 29,7

(2025): 100564. doi:10.1016/j.jnha.2025.100564

Wang, Xiaojie et al. “Mediterranean diet and dementia: MRI marker evidence from meta-
analysis.” European journal of medical research vol. 30,1 32. 16 Jan. 2025,

doi:10.1186/s40001-025-02276-1

Liu, X., Yang, B., Liu, Q. et al. The long-term neuroprotective effect of MIND and
Mediterranean diet on patients with Alzheimer’s disease. Sci Rep 15, 32725 (2025).

https://doi.org/10.1038/s41598-025-17055-5

Nishi, Stephanie K et al. “Mediterranean, DASH, and MIND Dietary Patterns and Cognitive
Function: The 2-Year Longitudinal Changes in an Older Spanish Cohort.” Frontiers in aging

neuroscience vol. 13 782067. 13 Dec. 2021, doi:10.3389/fnagi.2021.782067

Liu, Y., Gu, X,, Li, Y. et al. Interplay of genetic predisposition, plasma metabolome and
Mediterranean diet in dementia risk and cognitive function. Nat Med 31, 3790-3800 (2025).

https://doi.org/10.1038/s41591-025-03891-5

Wei BZ, Li L, Dong CW, Tan CC; Alzheimer’s Disease Neuroimaging Initiative; Xu W. The

Relationship of Omega-3 Fatty Acids with Dementia and Cognitive Decline: Evidence from


https://doi.org/10.1038/s41598-025-17055-5
https://doi.org/10.1038/s41591-025-03891-5

41.

42.

43.

44,

45.

46.

7
Prospective Cohort Studies of Supplementation, Dietary Intake, and Blood Markers. Am J
Clin Nutr. 2023 Jun;117(6):1096-1109. doi: 10.1016/j.ajcnut.2023.04.001. Epub 2023 Apr 5.

PMID: 37028557; PMCID: PMC10447496.

Kim, Oh Yoen, and Juhyun Song. “Important roles of linoleic acid and a-linolenic acid in
regulating cognitive impairment and neuropsychiatric issues in metabolic-related dementia.”

Life sciences vol. 337 (2024): 122356. doi:10.1016/;.1fs.2023.122356

Merra, Giuseppe et al. “Influence of Mediterranean Diet on Human Gut Microbiota.”

Nutrients vol. 13,1 7. 22 Dec. 2020, doi:10.3390/nul13010007

Park, Gwoncheol et al. “A modified Mediterranean-style diet enhances brain function via
specific gut-microbiome-brain mechanisms.” Gut microbes vol. 16,1 (2024): 2323752.

doi:10.1080/19490976.2024.2323752

Ramezani, Matin et al. “Ketone bodies mediate alterations in brain energy metabolism and
biomarkers of Alzheimer's disease.” Frontiers in neuroscience vol. 17 1297984. 16 Nov. 2023,

do0i:10.3389/fnins.2023.1297984

Candas-Estébanez, Beatriz et al. “The Impact of the Mediterranean Diet and Lifestyle
Intervention on Lipoprotein Subclass Profiles among Metabolic Syndrome Patients: Findings
of'a Randomized Controlled Trial.” International journal of molecular sciences vol. 25,2 1338.

22 Jan. 2024, do1:10.3390/1jms25021338

Hernaez, Alvaro et al. “Mediterranean Diet Improves High-Density Lipoprotein Function in
High-Cardiovascular-Risk Individuals: A Randomized Controlled Trial.” Circulation vol.

135,7 (2017): 633-643. doi:10.1161/CIRCULATIONAHA.116.023712



47.

48.

49.

50.

51.

52.

8
Rudajev V, Novotny J. Cholesterol as a key player in amyloid B-mediated toxicity in
Alzheimer's disease. Front Mol Neurosci. 2022 Aug 25;15:937056. doi:

10.3389/fnmol.2022.937056. PMID: 36090253; PMCID: PMC945348]1.

Yang X, Yao K, Zhang M, Zhang W, Zu H. New insight into the role of altered brain
cholesterol metabolism in the pathogenesis of AD: A unifying cholesterol hypothesis and new
therapeutic approach for AD. Brain Res Bull. 2025 May;224:111321. doi:

10.1016/j.brainresbull.2025.111321. Epub 2025 Mar 29. PMID: 40164234.

Sprenger KG, Lietzke EE, Melchior JT, Bruce KD. Lipid and lipoprotein metabolism in
microglia: Alzheimer's disease mechanisms and interventions. J Lipid Res. 2025
Oct;66(10):100872. doi: 10.1016/j.j1r.2025.100872. Epub 2025 Aug 11. PMID: 40769380;

PMCID: PMC12538436.

Wang, Zixuan et al. “Multi-omics integration reveals the impact of mediterranean diet on
hepatic metabolism and gut microbiota in mice with metabolic dysfunction-associated
steatotic liver disease.” Frontiers in nutrition vol. 12 1644014. 12 Aug. 2025,

doi:10.3389/fnut.2025.1644014

Miguel-Albarreal, Antonio D et al. “Mediterranean Diet Combined with Regular Aerobic
Exercise and Hemp Protein Supplementation Modulates Plasma Circulating Amino Acids and
Improves the Health Status of Overweight Individuals.” Nutrients vol. 16,11 1594. 23 May.

2024, doi:10.3390/nul6111594

Akbaraly, Tasnime et al. “Association of circulating metabolites with healthy diet and risk of
cardiovascular disease: analysis of two cohort studies.” Scientific reports vol. 8,1 8620. 5 Jun.

2018, do1:10.1038/s41598-018-26441-1



53.

54.

55.

56.

57.

58.

59.

9
Smith AN, Morris JK, Carbuhn AF, Herda TJ, Keller JE, Sullivan DK, Taylor MK. Creatine
as a Therapeutic Target in Alzheimer's Disease. Curr Dev Nutr. 2023 Sep 29;7(11):102011.

doi: 10.1016/j.cdnut.2023.102011. PMID: 37881206; PMCID: PMC10594571.

Motolese F, Norata D, laccarino G, Sapio E, Capone F. The effect of creatinine level on
amyloid-f and tau plasma concentrations in a cohort of Alzheimer's disease patients without
kidney disease. Behav Brain Res. 2025 Feb 4;477:115289. doi: 10.1016/j.bbr.2024.115289.

Epub 2024 Oct 11. PMID: 39396574.

Daidone, Mario et al. “Mediterranean diet effects on vascular health and serum levels of
adipokines and ceramides.” PloS one vol. 19,5 e0300844. 29 May. 2024,

doi:10.1371/journal.pone.0300844

Mayneris-Perxachs, Jordi et al. “Effects of 1-year intervention with a Mediterranean diet on
plasma fatty acid composition and metabolic syndrome in a population at high cardiovascular

risk.” PloS one vol. 9,3 €85202. 20 Mar. 2014, doi:10.1371/journal.pone.0085202

Michielsen, Charlotte C J R et al. “Disentangling the Effects of Monounsaturated Fatty Acids
from Other Components of a Mediterranean Diet on Serum Metabolite Profiles: A
Randomized Fully Controlled Dietary Intervention in Healthy Subjects at Risk of the
Metabolic Syndrome.” Molecular nutrition & food research vol. 63,9 (2019): e1801095.

do0i:10.1002/mnfr.201801095

Andreu-Reinén, Maria Encarnacion et al. “Mediterranean Diet and Risk of Dementia and
Alzheimer's Disease in the EPIC-Spain Dementia Cohort Study.” Nutrients vol. 13,2 700. 22

Feb. 2021, do1:10.3390/nu13020700

Foster, Hamish M E et al. “The effect of socioeconomic deprivation on the association

between an extended measurement of unhealthy lifestyle factors and health outcomes: a



10
prospective analysis of the UK Biobank cohort.” The Lancet. Public health vol. 3,12 (2018):

€576-e585. doi:10.1016/S2468-2667(18)30200-7

60. Buergel T, Steinfeldt J, Ruyoga G, Pietzner M, Bizzarri D, Vojinovic D, Upmeier Zu Belzen
J, Loock L, Kittner P, Christmann L, et al. Metabolomic profiles predict individual

multidisease outcomes. Nat Med. 2022;28:2309-2320. doi: 10.1038/s41591-022-01980-3

Table 1: Baseline characteristics of 92,299 UK Biobank participants stratified by incident all-cause

dementia status.

All-cause dementia

Overall Yes No
Characteristics N =92,299 N =975 N =91,324
Age (years), mean (SD) 56-3(7-9) 64:3 (4-2) 56:2(7-9)

Sex
Men 43,804 (47-5) 550 (56-4) 43,254 (47-4)



Women 48,495 (52-5) 425 (43-6) 48,070 (52-6)
BMI (kg/m?), mean (SD) 271 (4:6) 27-4 (4:7) 27-1(4:6)
TDI, mean (SD) -1-7(2:8) -1:6 (29) -1-7(2-8)
Smoking status

Never 52,265 (56-6) 469 (48-1) 51,796 (56-8)

Previous 32,784 (35-5) 430 (44-1) 32,354 (35-4)

Current 7,026 (7-6) 69 (7-1) 6,957 (7-6)

Unknown 224 (0-3) 7 (0-7) 217 (0-2)
Education

Higher 54,901 (59-5) 454 (46-6) 54,447 (59-7)

Lower 36,984 (40-1) 513 (52-6) 36,471 (39-9)

Unknown 414 (0-4) 8 (0-8) 406 (0-4)
Depression 4,815 (5-2) 69 (7-1) 906 (1:0)
Cardiovascular disease 5,413 (5-9) 171 (17-5) 804 (0-9)
Cancer 8,222 (8-9) 119 (12-2) 856 (0-9)
Diabetes 3,881 (4-2) 114 (11-7) 861 (0-9)
APQEA4 (carriers) 23,433 (25-4) 496 (50-9) 471 (0-5)
MEDAS, mean (SD) 4-2(2:0) 3-:8(2:1) 4-2(2:0)

11

Abbreviations: BMI, body mass index; TDI, Townsend deprivation index,; SD, standard deviation. The
number of missing values was 112 for TDI, 200 for BMI and 750 for APOE4. All figures are expressed
as absolute numbers (and percentages, %) unless otherwise specified.
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Figure 1: Flowchart of study design.
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Hazard Ratio (95% Cl) Metabolic signature

All-cause dementia (N = 975)
Age- and sex- adjusted model 0.87 (0.81, 0.93) -
Multivariable-adjusted model  0.91 (0.84, 0.97) -
Alzheimer's disease (N = 346)
Age- and sex- adjusted model 0.83 (0.80, 0.99) -
Multivariable-adjusted model 0.89 (0.79, 1.01) .
Vascular dementia (N = 151)
Age- and sex- adjusted model 0.81 (0.68, 0.95) D
Multivariable-adjusted model 0.94 (0.79, 1.13) I —

Figure 3: Associations of metabolic signatures with all-cause dementia, Alzheimer’s disease and
vascular dementia. Abbreviations: CI, confidence interval; Hazard ratio and 95% CI per SD increment
in metabolic signature; Multivariable-adjusted model, based on an age and sex-adjusted model, further
adjusted for BMI, TDI, diabetes, smoking status, education level, depression, cancer, cardiovascular
disease and APOE4 status. The z-score of metabolic signature of MEDAS consists of 26 identified

metabolites.
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Supplementary Methods
Supplementary Text 1. Data sources

Discovery cohort: The UK Biobank [1] is a resource for examining the determinants of disease in middle and older life. It is an ongoing
multi-centre prospective cohort study with over half a million participants. This study's design and methodology have been previously
reported. In short, using National Health Service (NHS) patient registers, men and women between the ages of 40 and 70 were recruited
from all around England, Scotland, and Wales between 2006 and 2010. Attending one of 22 assessment centres, participants filled out
a touchscreen questionnaire, had a verbal interview, and contributed biological samples along with physical function measurements.
Participants were then asked to take part in further tests, such as improved nutritional evaluations, imaging, and evaluation of other
health-related outcomes. Linkage to electronic health records (cancer, inpatient, death, and primary care) is another feature of UK
Biobank that facilitates illness determination.

Validation cohort: The Epirus Health Study (EHS) is a population-based prospective cohort study that was launched in June 2019 and
to date over 2,500 participants have been recruited [2, 3]. The overall aim is to improve the general health of the Greek population by
shedding light on the complicated aetiology of multiple chronic diseases. The EHS cohort includes individuals who live permanently in
Greece's Epirus region between the ages of 25 and 70 and who did not have any signs of an active infection at the time of recruitment.
The design and methods of this study have been described in detail elsewhere. The University of loannina's Research Ethics Committee
gave its approval for the study, which is carried out in compliance with the Helsinki Declaration. Prior to taking part in the study, each
subject provided written informed consent.



Supplementary Text 2. Metabolic biomarker measurements by Nuclear Magnetic Resonance (NMR)

EDTA plasma samples from aliquot 3 were assessed using Nightingale Health's NMR-based metabolic biomarker profiling technology.
Between June 2019 and June 2022, the measurements were conducted in two stages. For the initial data release, samples were drawn at
random from the complete cohort. The samples were produced directly in 96-well plates by UK Biobank. At least 85 pL of plasma was
aliquoted into each well using TECAN freedom EVO 150 robotic liquid handlers, which have coefficients of variation in pipetting
volume at 0.75% across 8 tips. Batches of 5,000 to 20,000 plasma samples were shipped to Nightingale Health's labs in 96-well plates
on dry ice. The platform and experimentation specifics have already been covered in prior descriptions [22, 69]. In a nutshell, EDTA
plasma samples were kept at -80°C in a freezer. Prior to processing, frozen materials were gently mixed and centrifuged (3 min, 3400
g, 74°C) to get rid of any potential precipitation. A liquid handler (PerkinElmer Janus Automated Workstation) automatically transferred
aliquots of each sample into 3-mm outer-diameter NMR tubes and mixed them in a 1:1 ratio with a phosphate buffer (7S mM Na2HPO4
in 80%/20% H20/D20, pH 7.4, as well as 0.08% sodium 3-(trimethylsilyl) propionate-2,2,3,3-d4 and 0.04% sodium azide).The
measurement consistency inside and between spectrometers for the UK Biobank samples was continuously tracked by Nightingale
Health. Each 96-well plate contained two control samples provided by Nightingale Health in order to track consistency between different
spectrometers. Furthermore, the UK Biobank supplied two blind duplicate samples for every well plate, the location data was only
unlocked following the delivery of the results. The coefficients of variation (CV) targets for the metabolic biomarker profile were pre-
established for both the blind duplicates from UK Biobank and the internal control samples from Nightingale Health. The objectives
were met for every batch of 25,000 samples that were measured one after the other. The CVs for most metabolic markers are less than
5%. Information about the assessment of metabolic biomarkers by NMR sees the document you can obtain at
https://biobank.ndph.ox.ac.uk/ukb/ukb/docs/nmrm_companion_doc.pdf,
https://biobank.ndph.ox.ac.uk/ukb/ukb/docs/NMR_companion_phase2.pdf.

Supplementary Text 3. Identification of metabolic signature for MEDAS

We modelled MEDAS as a nonlinear function of 249 metabolites to identify the associated metabolic signature. Nonlinearity was
incorporated by including squared terms for each metabolite. Prior to regression, MEDAS was standardized into z-scores. Metabolites
were transformed using a rank-based inverse normal transformation, and their squared terms were subsequently computed [4]. The
machine learning methodology, including feature selection and hyperparameter tuning were implemented following the literature [5].
Feature selection and metabolic signature were conducted using the discovery population. The external population was reserved
exclusively for final evaluation and did not contribute to any machine-learning analyses. We applied the multi-step adaptive elastic-net
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(MSA-Enet), a regularization model that effectively addresses the high dimensionality and multicollinearity of metabolomics data [6].
Feature selection was performed using stability selection across 100 bootstrap samples, retaining metabolites appearing in more than 60
iterations [7]. Thereafter, data were split into train (80%) and test (20%) sets and performed grid searching to tune the model using 10-
fold cross-validation (CV). The metabolic score was derived from the predictive values (weighted sum) of the tuned model selected as
optimal based on the 1000-bootstrapped root mean square error (RMSE). The 1000 bootstrapped Pearson’s correlation coefficient was
calculated to evaluate the performance of the identified metabolic signature. For external validation, the resulting metabolic score, which
was calculated as the weighted sum of the 26 metabolites using the coefficients derived from UK Biobank, was applied to the EHS
dataset. We evaluated the performance by calculating RMSE, Pearson correlation coefficient and, R2.
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Supplementary Tables

Supplementary Table 1. Median and Interquartile range of concentrations for the 249 metabolites quantified by Nuclear
Magnetic Resonance (NMR) for the discovery population (UK Biobank, N =92,299) and external validation population (Epirus
Health Study, N = 1,608)

UK Biobank (N =92,299) Epirus Health Study (N = 1,608)

Metabolites Median IQR Median IQR
Total-C (mmol/l) 4.623 4.021, 5.248 5.162 4.528, 5.809
Non-HDL-C (mmol/l) 3.276 2.748,3.845 3.621 3.069, 4.281
Remnant-C (mmol/l) 1.542 1.279, 1.827 1.622 1.362, 1.952
VLDL-C (mmol/l) 0.703 0.551, 0.875 0.696 0.532,0.877
Clinical-LDL-C (mmol/l) 2.533 2.070, 3.025 2.921 2.418,3.448
LDL-C (mmol/l) 1.732 1.457,2.029 2.000 1.700, 2.336
HDL-C (mmol/l) 1.284 1.091, 1.522 1.464 1.284, 1.694
Total Triglycerides (mmol/l) 1.203 0.901, 1.618 1.131 0.878, 1.519
VLDL-TG (mmol/l) 0.828 0.569, 1.183 0.744 0.543, 1.079
LDL-TG (mmol/l) 0.139 0.118, 0.166 0.144 0.121,0.170
HDL-TG (mmol/l) 0.138 0.113,0.170 0.124 0.100, 0.153
Total-PL (mmol/l) 2.921 2.620, 3.237 3.136 2.829,3.424
VLDL-PL (mmol/l) 0.453 0.346, 0.581 0.435 0.325, 0.569
LDL-PL (mmol/l) 0.604 0.515, 0.700 0.683 0.586, 0.785
HDL-PL (mmol/l) 1.527 1.331, 1.750 1.643 1.469, 1.865
Total-CE (mmol/l) 3.361 2.928, 3.809 3.766 3.324,4.219
VLDL-CE (mmol/l) 0.421 0.331, 0.520 0.420 0.329, 0.530
LDL-CE (mmol/l) 1.268 1.067, 1.486 1.461 1.239,1.719
HDL-CE (mmol/l) 1.001 0.847, 1.188 1.144 0.999, 1.324
Total-FC (mmol/l) 1.261 1.089, 1.441 1.381 1.205, 1.576
VLDL-FC (mmol/l) 0.281 0.216, 0.357 0.271 0.203, 0.352
LDL-FC (mmol/l) 0.464 0.388, 0.544 0.541 0.461, 0.623
HDL-FC (mmol/l) 0.284 0.242, 0.337 0.322 0.281, 0.373
Total-L (mmol/l) 8.815 7.785,9.912 9.461 8.431, 10.654

VLDL-L (mmol/l) 2.000 1.504,2.616 1.894 1.429, 2.508
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LDL-L (mmol/l)

HDL-L (mmol/l)

Total-P (mmol/l)
VLDL-P (mmol/1)
LDL-P (mmol/l)

HDL-P (mmol/l)

VLDL particle size (nm)
LDL particle size (nm)
HDL particle size (nm)
Phosphoglycerides (mmol/l)
TG/PG (ratio)

Total cholines (mmol/l)
Phosphatidylcolines (mmol/l)
Sphingomyelins (mmol/l)
ApoB (g/1)

ApoAl (g)
ApoB/ApoAl (ratio)
Total fatty acids (mmol/l)
Unsaturation (degree)
Omega-3 (mmol/l)
Omega-6 (mmol/l)

PUFA (mmol/l)

MUFA (mmol/l)

SFA (mmol/l)

LA (mmol/l)

DHA (mmol/l)

Omega-3 (%)

Omega-6 (%)

PUFA (%)

MUFA (%)

SFA (%)

LA (%)

DHA (%)

PUFA/MUFA (ratio)
Omega-6/0Omega-3 (ratio)
Alanine (mmol/l)
Glutamine (mmol/l)
Glycine (mmol/l)
Histidine (mmol/l)

Total BCAA (mmol/l)

2.479
2.957
0.017
<0-001
0.001
0.015
38.609
23.937
9.610
2.272
0.540
2.559
2.090
0.449
0.839
1.439
0.581
11.792
1.361
0.506
4.477
5.006
2.746
3.983
3.434
0.229
4.258
38.429
42911
23.358
33.831
29.279
1.957
1.839
8.859
0.292
0.549
0.159
0.065
0.354

2.103, 2.884
2.572,3.414
0.015, 0.019

<0-0001, 0-0001

0.001, 0.001
0.014, 0.017
37.768, 39.507
23.874,23.991
9.491,9.771
2.021, 2.539
0.405, 0.714
2.297,2.836
1.854,2.343
0.403, 0.497
0.715, 0.976
1.290, 1.606
0.480, 0.700
10.407, 13.378
1.311, 1.409
0.386, 0.656
4.053, 4.933
4.507, 5.547
2.318,3.290
3.463, 4.599
3.015, 3.892
0.185, 0.283
3.426, 5.240
35.939, 40.414
40.352,44.933
21.834,25.195
32.699, 35.075
26.981,31.38
1.593, 2.376
1.607, 2.050
7.078,11.243
0.243, 0.349
0.496, 0.604
0.129, 0.201
0.059, 0.072
0.307, 0.410

2.826
3.239
0.018
<0-001
0.001
0.016
38.364
23.974
9.672
2.483
0.450
2.809
2.290
0.496
0.905
1.547
0.584
12.522
1.344
0.407
4.902
5.347
2.919
4.158
3.903
0.206
3.237
39.847
43.149
23.400
33.473
31.791
1.672
1.842
12.180
0.340
0.622
0.238
0.079
0.393

2.411,3.290
2.872,3.690
0.017, 0.020
<0-0001, 0-0001
0.001, 0.002
0.015,0.018
37.638,39.239
23.904, 24.025
9.544,9.824
2.221,2.727
0.363, 0.591
2.536, 3.064
2.043,2.536
0.452,0.541
0.777, 1.068
1.410, 1.707
0.481, 0.705
10.961, 14.132
1.311, 1.377
0.312,0.524
4.445, 5.420
4.811, 5.887
2.483,3.459
3.640, 4.728
3.477,4.468
0.176, 0.242
2.646, 3.894
37917, 41.333
41.455, 44.395
22.293,24.893
32.646, 34.317
29.995, 33.442
1.450, 1.926
1.677,1.986
9.928, 15.305
0.296, 0.392
0.568,0.678
0.208, 0.279
0.071, 0.086
0.339, 0.452



Isoleucine (mmol/l)
Leucine (mmol/l)

Valine (mmol/l)
Phenylalanine (mmol/l)
Tyrosine (mmol/l)
Glucose (mmol/l)

Lactate (mmol/l)
Pyruvate (mmol/l)
Citrate (mmol/l)
3-Hydroxybutyrate (mmol/l)
Acetate (mmol/l)
Acetoacetate (mmol/l)
Acetone (mmol/l)
Creatinine(pmol/l)
Albumin(g/1)
Glycoprotein acetyls (mmol/l)
XXL-VLDL-P (mmol/l)
XXL-VLDL-L (mmol/l)
XXL-VLDL-PL (mmol/l)
XXL-VLDL-C (mmol/l)
XXL-VLDL-CE (mmol/l)
XXL-VLDL-FC (mmol/l)
XXL-VLDL-TG (mmol/l)
XL-VLDL-P (mmol/1)
XL-VLDL-L (mmol/l)
XL-VLDL-PL (mmol/l)
XL-VLDL-C (mmol/l)
XL-VLDL-CE (mmol/l)
XL-VLDL-FC (mmol/l)
XL-VLDL-TG (mmol/l)
L-VLDL-P (mmol/)
L-VLDL-L (mmol/l)
L-VLDL-PL (mmol/l)
L-VLDL-C (mmol/l)
L-VLDL-CE (mmol/l)
L-VLDL-FC (mmol/l)
L-VLDL-TG (mmol/l)
M-VLDL-P (mmol/l)
M-VLDL-L (mmol/l)
M-VLDL-PL (mmol/l)

0.048
0.100
0.206
0.046
0.061
3.516
3.919
0.080
0.065
0.043
0.015
0.010
0.013
0.066
39.543
0.794
<0-0001
0.163
0.026
0.045
0.026
0.020
0.092
<0-0001
0.179
0.034
0.051
0.029
0.021
0.094
<0-0001
0.308
0.062
0.094
0.050
0.044
0.152
<0-0001
0.564
0.126

0.039, 0.059
0.085,0.119
0.181, 0.235
0.040, 0.053
0.053, 0.071
3.074, 3.980
3.228,4.707
0.063, 0.099
0.057, 0.073
0.030, 0.068
0.012, 0.019
0.006, 0.015
0.011, 0.016
0.058, 0.075
37.477,41.628
0.723, 0.874
<0-0001, <0-0001
0.072,0.315
0.012, 0.050
0.024, 0.077
0.013, 0.043
0.010, 0.034
0.037, 0.188
<0-0001, <0-0001
0.107, 0.278
0.020, 0.053
0.033,0.071
0.020, 0.039
0.013, 0.032
0.052, 0.154
<0-0001, <0-0001
0.205, 0.440
0.038, 0.091
0.065, 0.128
0.035, 0.067
0.029, 0.062
0.101, 0.222
<0-0001, <0-0001
0.438,0.711
0.097, 0.160

0.050
0.116
0.228
0.067
0.061
4.563
2374
0.028
0.061

0.020
0.022
0.016
68.445
43.189
0.806
<0-0001
0.076
0.010
0.026
0.017
0.009
0.039
<0-0001
0.151
0.027
0.046
0.028
0.018
0.078
<0-0001
0.291
0.056
0.087
0.046
0.040
0.146
<0-0001
0.593
0.135

0.040, 0.061
0.098, 0.137
0.201, 0.259
0.059, 0.076
0.053, 0.069
4.148, 4.992
1.993, 2.835
0.018, 0.041
0.055, 0.069

0.014, 0.028
0.014, 0.036
0.014, 0.020
59.668, 78.859
41.064, 45.956
0.731, 0.886
<0-0001, <0-0001
0.028, 0.197
0.003, 0.028
0.014, 0.053
0.010, 0.032
0.004, 0.021
0.014,0.113
<0-0001, <0-0001
0.095, 0.244
0.016, 0.046
0.030, 0.067
0.019, 0.039
0.011, 0.028
0.047,0.132
<0-0001, <0-0001
0.196, 0.43
0.035, 0.086
0.057,0.124
0.031, 0.064
0.026, 0.059
0.103, 0.217
<0-0001, <0-0001
0.457,0.752
0.102, 0.171



M-VLDL-C (mmol/l)
M-VLDL-CE (mmol/l)
M-VLDL-FC (mmol/l)
M-VLDL-TG (mmol/l)
S-VLDL-P (mmol/l)
S-VLDL-L (mmol/l)
S-VLDL-PL (mmol/l)
S-VLDL-C (mmol/l)
S-VLDL-CE (mmol/l)
S-VLDL-FC (mmol/l)
S-VLDL-TG (mmol/l)
XS-VLDL-P (mmol/l)
XS-VLDL-L (mmol/l)
XS-VLDL-PL (mmol/1)
XS-VLDL-C (mmol/l)
XS-VLDL-CE (mmol/l)
XS-VLDL-FC (mmol/l)
XS-VLDL-TG (mmol/l)
IDL-P (mmol/l)

IDL-L (mmol/l)
IDL-PL (mmol/l)
IDL-C (mmol/l)
IDL-CE (mmol/l)
IDL-FC (mmol/l)
IDL-TG (mmol/l)
L-LDL-P (mmol/l)
L-LDL-L (mmol/l)
L-LDL-PL (mmol/l)
L-LDL-C (mmol/1)
L-LDL-CE (mmol/l)
L-LDL-FC (mmol/)
L-LDL-TG (mmol/l)
M-LDL-P (mmol/l)
M-LDL-L (mmol/l)
M-LDL-PL (mmol/l)
M-LDL-C (mmol/l)
M-LDL-CE (mmol/l)
M-LDL-FC (mmol/l)
M-LDL-TG (mmol/l)
S-LDL-P (mmol/l)

0.169
0.091
0.078
0.264

<0-0001

0.406
0.096
0.154
0.096
0.058
0.153

<0-0001

0.352
0.103
0.182
0.125
0.057
0.067

<0-0001

1.227
0.291
0.836
0.618
0.218
0.096
0.001
1.580
0.356
1.129
0.833
0.295
0.093

<0-0001

0.616
0.161
0.423
0.303
0.119
0.031

<0-0001

0.128,0.214
0.067,0.117
0.059, 0.098
0.195, 0.349

<0-0001, <0-0001

0.326, 0.496
0.077,0.117
0.122, 0.190
0.076, 0.119
0.046, 0.071
0.118,0.195

<0-0001, <0-0001

0.299, 0.412
0.087,0.121
0.151,0.215
0.103, 0.149
0.048, 0.067
0.055, 0.081

<0-0001, <0-0001

1.042, 1.419
0.250, 0.335
0.700, 0.978
0.516, 0.723
0.183, 0.256
0.082,0.114
0.001, 0.001
1.343, 1.834
0.303, 0.411
0.951, 1.319
0.703, 0.974
0.247, 0.346
0.080, 0.110

<0-0001, <0-0001

0.511, 0.729
0.134,0.189
0.349, 0.503
0.248, 0.364
0.099, 0.141
0.026, 0.038

<0-0001, <0-0001

0.181
0.100
0.082
0.270

<0-0001

0.400
0.100
0.156
0.094
0.061
0.143

<0-0001

0.346
0.101
0.182
0.126
0.055
0.064

<0-0001

1.346
0.319
0.933
0.696
0.236
0.097
0.001
1.806
0.397
1.314
0.971
0.343
0.097

<0-0001

0.703
0.185
0.483
0.344
0.140
0.032

<0-0001

0.142,0.234
0.076, 0.127
0.063, 0.105
0.202, 0.360

<0-0001, <0-0001

0.317, 0.504
0.079, 0.123
0.122, 0.195
0.072,0.118
0.049, 0.076
0.111, 0.187

<0-0001, <0-0001

0.290, 0.413
0.083,0.120
0.151,0.217
0.105, 0.152
0.046, 0.066
0.052, 0.079

<0-0001, <0-0001

1.147, 1.543
0.271, 0.362
0.785, 1.075
0.589, 0.806
0.199, 0.270
0.082, 0.115
0.001, 0.001
1.548, 2.092
0.342, 0.459
1.120, 1.526
0.826, 1.128
0.293, 0.397
0.082,0.114

<0-0001, <0-0001

0.583, 0.831
0.156,0.218
0.400, 0.576
0.281, 0.411
0.117,0.162
0.027, 0.039

<0-0001, <0-0001



S-LDL-L (mmol/l)
S-LDL-PL (mmol/l)
S-LDL-C (mmol/l)
S-LDL-CE (mmol/l)
S-LDL-FC (mmol/l)
S-LDL-TG (mmol/l)
XL-HDL-P (mmol/l)
XL-HDL-L (mmol/l)
XL-HDL-PL (mmol/1)
XL-HDL-C (mmol/l)
XL-HDL-CE (mmol/l)
XL-HDL-FC (mmol/l)
XL-HDL-TG (mmol/l)
L-HDL-P (mmol/1)
L-HDL-L (mmol/l)
L-HDL-PL (mmol/l)
L-HDL-C (mmol/l)
L-HDL-CE (mmol/l)
L-HDL-FC (mmol/l)
L-HDL-TG (mmol/l)
M-HDL-P (mmol/l)
M-HDL-L (mmol/l)
M-HDL-PL (mmol/l)
M-HDL-C (mmol/l)
M-HDL-CE (mmol/l)
M-HDL-FC (mmol/l)
M-HDL-TG (mmol/l)
S-HDL-P (mmol/l)
S-HDL-L (mmol/l)
S-HDL-PL (mmol/l)
S-HDL-C (mmol/l)
S-HDL-CE (mmol/l)
S-HDL-FC (mmol/l)
S-HDL-TG (mmol/l)
XXL-VLDL-PL (%)
XXL-VLDL-C (%)
XXL-VLDL-CE (%)
XXL-VLDL-FC (%)
XXL-VLDL-TG (%)
XL-VLDL-PL (%)

0.282
0.088
0.179
0.130
0.050
0.014
<0-0001
0.150
0.068
0.075
0.052
0.022
0.007
0.001
0.587
0.296
0.262
0.203
0.059
0.029
0.004
1.026
0.482
0.488
0.403
0.086
0.052
0.010
1.157
0.659
0.445
0.330
0.115
0.051
15.719
26.468
14.613
11.695
57.834
18.769

0.242, 0.327
0.077,0.101
0.152,0.210
0.109, 0.152
0.042, 0.058
0.012,0.018

<0-0001, <0-0001

0.113,0.205
0.047, 0.100
0.058, 0.098
0.039, 0.072
0.019, 0.027
0.005, 0.009
0.001, 0.002
0.414, 0.836
0.212, 0.413
0.173, 0.392
0.133,0.304
0.040, 0.088
0.022, 0.037
0.003, 0.004
0.886, 1.179
0.421, 0.549
0.412, 0.575
0.341, 0.472
0.070, 0.103
0.041, 0.064
0.009, 0.011
1.059, 1.260
0.602, 0.720
0.407, 0.486
0.301, 0.361
0.105, 0.126
0.041, 0.063
14.495, 16.869
23.089, 32.281
12.223,18.531
10.507, 13.900
51.606, 61.855
17.808, 19.602

0.316
0.099
0.204
0.146
0.058
0.014

<0-0001

0.175
0.080
0.088
0.064
0.023
0.006
0.002
0.725
0.360
0.342
0.266
0.076
0.026
0.004
1.105
0.513
0.547
0.451
0.098
0.046
0.010
1.211
0.684
0.481
0.356
0.124
0.046
13.242
30.500
19.185
11.228
55.692
17.773

0.272,0.367
0.087,0.113
0.173,0.237
0.123,0.170
0.050, 0.067
0.012,0.018

<0-0001, <0-0001

0.134, 0.233
0.057,0.113
0.071,0.112
0.051, 0.085
0.020, 0.028
0.005, 0.008
0.001, 0.002
0.532,0.982
0.266, 0.476
0.241, 0.473
0.187,0.370
0.054, 0.105
0.019, 0.034
0.004, 0.005
0.981, 1.250
0.458, 0.577
0.477,0.630
0.394, 0.515
0.084,0.114
0.035, 0.057
0.010, 0.011
1.120, 1.308
0.632,0.739
0.445,0.518
0.327, 0.386
0.115,0.134
0.037, 0.057
8.890, 15.259
24.622,42.057
14.699, 28.692
9.516, 13.805
45.377, 62.944
16.232, 18.687



XL-VLDL-C (%)
XL-VLDL-CE (%)
XL-VLDL-FC (%)
XL-VLDL-TG (%)
L-VLDL-PL (%)
L-VLDL-C (%)
L-VLDL-CE (%)
L-VLDL-FC (%)
L-VLDL-TG (%)
M-VLDL-PL (%)
M-VLDL-C (%)
M-VLDL-CE (%)
M-VLDL-FC (%)
M-VLDL-TG (%)
S-VLDL-PL (%)
S-VLDL-C (%)
S-VLDL-CE (%)
S-VLDL-FC (%)
S-VLDL-TG (%)
XS-VLDL-PL (%)
XS-VLDL-C (%)
XS-VLDL-CE (%)
XS-VLDL-FC (%)
XS-VLDL-TG (%)
IDL-PL (%)
IDL-C (%)
IDL-CE (%)
IDL-FC (%)
IDL-TG (%)
L-LDL-PL (%)
L-LDL-C (%)
L-LDL-CE (%)
L-LDL-FC (%)
L-LDL-TG (%)
M-LDL-PL (%)
M-LDL-C (%)
M-LDL-CE (%)
M-LDL-FC (%)
M-LDL-TG (%)
S-LDL-PL (%)

28.051
16.207
11.813
53.273
19.812
30.008
16.128
13.959
50.619
22.393
30.539
16.664
13.849
47.059
23.715
38.297
23.813
14.431
37.971
29.183
51.962
35.806
16.151
18.874
23.865
68.288
50.338
17.830
7.876
22.476
71.435
52.799
18.701
5.941
26.171
68.774
49.262
19.493
5.068
31.183

24.297,32.775
13.171, 20.087
10.984, 12.771
48.412,57.418
18.424,20.759
27.436, 32.725
14.000, 18.408
13.286, 14.617
47.586, 53.53
21.210, 23.447
25.860, 34.840
13.156, 19.961
12.658, 14.913
41.763, 52.863
22.440, 25.008
35.137,41.192
21.932,25.526
13.029, 15.759
33.860, 42.365
28.652,29.766
48.798, 54.474
32.930, 38.116
15.757,16.458
16.675,21.630
23.267,24.447
66.330, 69.824
48.757,51.644
17.120, 18.487
6.766, 9.397
21.987,22.997
70.446, 72.293
52.001, 53.509
17.888, 19.409
5.181, 6.947
25.630, 26.680
67.795, 69.480
48.051, 50.378
18.327,20.505
4.414, 5.997
30.147, 32.294

29.456
18.153
11.222
53.360
19.134
28.383
15.130
13.322
52.973
22.417
31.094
17.403
13.709
46.460
24.653
39.017
23.524
15.337
36.214
28.973
52.791
36.826
15.948
18.294
23.652
69.259
51.692
17.443
7.187
21.975
72.563
53.606
18.944
5.367
26.541
68.914
48.820
20.051
4.598
31.297

25.335, 33.848
14.703, 21.807
10.475, 12.090
48.540, 57.551
17.389, 20.106
26.058, 30.859
13.283,17.180
12.639, 14.008
49.832, 56.066
21.416, 23.456
27.202, 34.811
14.360, 20.278
12.726, 14.687
41.796, 51.357
23.548,25.934
35.946, 41.578
21.644,25.148
14.171, 16.572
32.622, 40.239
28.373,29.516
50.453, 54.993
34.646, 38.920
15.652,16.201
16.411, 20.483
23.120, 24.109
67.853,70.381
50.426, 52.810
16.916, 17.960
6.361, 8.228
21.660, 22.364
71.701, 73.304
52.826, 54.363
18.390, 19.455
4.750, 6.121
26.022,26.983
68.078, 69.536
47.473,50.101
19.025, 20.955
4.111,5.279
30.402, 32.185



S-LDL-C (%) 63.543 62.277, 64.588 64.206 63.168, 65.019
S-LDL-CE (%) 45.908 44.609, 47.165 45.674 44.688, 46.677
S-LDL-FC (%) 17.784 16.534, 18.710 18.567 17.695, 19.169
S-LDL-TG (%) 5.095 4.306, 6.204 4.448 3.930, 5.220

XL-HDL-PL (%) 45.933 42.007, 49.023 46.091 42.309, 49.09
XL-HDL-C (%) 49.322 47.121, 52.279 49.991 47.735, 53.000
XL-HDL-CE (%) 35.094 33.595, 36.634 36.876 35.549, 38.617
XL-HDL-FC (%) 14.509 12.628, 16.785 13.201 11.827,15.113
XL-HDL-TG (%) 4.348 3.054, 6.325 3.565 2.722,4.973

L-HDL-PL (%) 49.87 48.433,51.780 49.078 48.112, 50.353
L-HDL-C (%) 45.301 41.753,47.822 47.383 45.285, 48.962
L-HDL-CE (%) 35.212 32.093, 37.347 36.920 35.051, 38.383
L-HDL-FC (%) 10.232 9.560, 10.706 10.509 10.042, 10.897
L-HDL-TG (%) 4.728 3.410, 6.772 3.475 2.642,4.694

M-HDL-PL (%) 46.890 46.198, 47.792 46.277 45.731, 46.877
M-HDL-C (%) 47.964 45.872,49.679 49.622 48.117, 50.903
M-HDL-CE (%) 39.654 37.851, 41.081 40.801 39.493, 41.932
M-HDL-FC (%) 8.336 7.891, 8.782 8.790 8.459,9.174

M-HDL-TG (%) 5.148 4.058, 6.387 4.165 3.249, 5.155

S-HDL-PL (%) 57.016 56.233, 57.817 56.497 55.825,57.223
S-HDL-C (%) 38.583 37.345, 39.683 39.743 38.658, 40.639
S-HDL-CE (%) 28.680 27.453,29.737 29.537 28.445, 30.466
S-HDL-FC (%) 9.884 9.590, 10.219 10.199 9.927, 10.540
S-HDL-TG (%) 4.435 3.661, 5.286 3.758 3.139, 4.493

Abbreviations: -C, cholesterol; -TG, triglycerides; -PL, Phospholipids; -CE, Cholesteryl esters; -FC, Free cholesterol; -L, Total lipids; -P, Lipoprotein particle concentrations; XXL-
, Chylomicrons and extremely large; XL-, Very large; L-, Large; M-, Medium; S-, Small; XS- Very small; LA, Linoleic Acid; DHA, docosahexaenoic acid; FA, fatty acids; HDL,
high-density lipoprotein; IDL, intermediate-density lipoproteins; LDL, low-density lipoprotein; MUFA, monounsaturated fatty acid; PUFA, polyunsaturated fatty acid; SFA, saturated
fatty acid; VLDL, very low-density lipoprotein; VHDL, very high-density lipoprotein, %, Percentage; IQR, interquartile range.




Supplementary Table 2. Components and scoring of the MEDAS Mediterranean diet adherence scales



Food component

Contributing foods from the Oxford WebQ

MEDAS!

Servings required for
0 points

Servings required for 1
point

Olive oil

Type of fat/ oil used for cooking (20090, 103980)

Non-consumption

Consumption

Vegetables

Carrot (104170), spinach (104300), broccoli (104140), cabbage/ kale (104160),
sprouts (104310), courgette (104200), cauliflower (104180), parsnip (104270),
turnip/ swede (104360), leek (104230), onion (104260), garlic (104220),
mushroom (104250), sweet pepper (104290), side salad (104090), lettuce
(104240), cucumber (104210), celery (104190), watercress (104370), fresh
tomato (104340), tin tomato (104350), sweet corn (104320), beetroot (104130),
avocado (104100), mixed vegetables (104060), vegetable pieces (104070),
butternut squash (104150), other veg (104380), olives (102490), coleslaw
(104080), guacamole (20088), vegetables from canned soup (102540, 20108),
vegetables from homemade soup (102620, 20109)

<2/d

22/d

Fruit

Apple (104450), pear (104560), orange (104530), satsuma (104540), grapefruit
(104490), banana (104460), grape (104500), melon (104520), peach/ nectarine
(104550), plum (104580), berry (104470), dried fruit (104430), stewed fruit
(104410), mixed fruit (104440), prune (104420), cherry (104480), mango
(104510), pineapple (104570), other fruit (104590), fruit added to cereal
(100880), grapefruit juice (100200), orange juice (100190)

<3/d

23/d

Red meat

Beef (103020), pork (103030), lamb (103040), red meat from canned soup
(102540, 20108), red meat from homemade soup (102620, 20109), bacon
(103070), ham (103080), sausage (103010), liver (103090), meat from Scotch
egg (102970)

>1/d

<1/d

Butter, margarine or
cream

Butter/ margarine on potato (104040), baguettes with butter/ margarine
(101350, 20099), baps with butter/ margarine (101390, 20100), bread rolls with
butter/ margarine (101430, 20101), bread slices with butter/ margarine (101310,
20098), crackers/ crispbread with butter/ margarine (101470, 20102), oatcakes
with butter/ margarine (101510, 20103), other bread with butter/ margarine
(101550, 20104), butter/ margarine used in cooking (20090), cream (20088)

>1/d

<1/d

Sweetened or
carbonated drinks

Fizzy drinks (100170), low calories drinks (100160), squash intake (100180)

>1/d

<1/d

Wine

Red wine (100590), rose wine (100630), white wine (100670)

<7/wk

=T7/wk




Legumes

Peas (104280), green beans (104120), broad beans (104110), baked beans
(104000), pulses (104010), tofu (103270), hummus (20088), pulses from canned
soup (102540, 20108), pulses from homemade soup (102620, 20109)

<3/wk

=3/wk

Seafood

Battered fish (103180), breaded fish (103170), white fish (103190), oily fish
(103160), shellfish (103220), other fish (103230), tinned tuna (103150), prawn
(103200), lobster/ crab (103210), fish from canned soup (102540, 20108), fish
from homemade soup (102620, 20109)

<3/wk

>3/wk

Sweets or pastries

Chocolate biscuit (102350), chocolate covered biscuit (102340), chocolate bar
(102260), chocolate sweets (102310), chocolate raisins (102300), dark
chocolate (102290), milk chocolate (102280), white chocolate (102270), sweet
biscuits (102360), cakes (102190), cheesecake (102220), doughnut (102200),
fruitcake (102180), Danish pastry (102060), sponge pudding (102210), milk
based pudding (102140), other milk based pudding (102150), other desert intake
(102230), soya desert intake (102170), sweets (102330), diet sweets (102320),
other sweets (102380), ice cream (102120)

>2/wk

<2/wk

Nuts

Unsalted nuts (102440), salted nuts (102430), unsalted peanuts (102420), salted
peanuts (102410), peanut butter (20088)

<3/wk

=3/wk

White meat

Poultry (103060), breaded poultry (103050), white meat from canned soup
(102540, 20108), white meat from homemade soup (102620, 20109)

Less white meat than
red meat

More white meat than
red meat

Sofrito

Tomato-based sauce (103310, 20088)

<2/wk

>2/wk




Supplementary Table 3. ICD-9 and ICD-10 codes used for ascertainment of dementia diagnosis

Dementia sub-type ICD-9 ICD-10

All-cause dementia (other codes) 290.2,290.3,291.2,294.1,331.2,331.5  AS81.0,F02, F02.1, F02.2, F02.3, F02.4, F02.8, F03, F05.1, F10.6, G31.1, G31.8
Alzheimer’s disease 331.0 F00, F00.0, F00.1, F00.2, F00.9, G30, G30.0, G30.1, G30.8, G30.9
Vascular dementia 290.4 FO01, F01.0, FO1.1, FO1.2, FO1.3, F01.8, F01.9, 167.3

Abbreviations: ICD, international classification of diseases

Supplementary Table 4. Antidiabetic drugs as coded in UK Biobank (Data-field 20003)



1140857494 glibornuride
1140857496 glutril 25mg tablet
1140857500 glymidine

1140857502 gondafon 500mg tablet
1140857506 pramidex 500mg tablet
1140874646 glipizide

1140874650 glibenese Smg tablet
1140874652 minodiab 2-5mg tablet
1140874664 tolazamide
1140874666 tolanase 100mg tablet
1140874674 tolbutamide
1140874678 glyconon 500mg tablet
1140874680 rastinon 500mg tablet
1140874686 glucophage 500mg tablet
1140874690 orabet 500mg tablet
1140874706 chlorpropamide
1140874712 diabinese 100mg tablet
1140874716 glymese 250mg tablet
1140874718 glibenclamide

1140874724 daonil Smg tablet

1140874726 semi-daonil 2-5mg tablet
1140874728 euglucon 2-5mg tablet
1140874732 malix 2-5mg tablet
1140874736 diabetamide 2-5mg tablet
1140874744 gliclazide

1140874746 diamicron 80mg tablet
1140883066 insulin product

1140884600 metformin

1141152590 glimepiride

1141153254 troglitazone

1141153262 romozin 200mg tablet
1141156984 amaryl 1mg tablet

1141171646 pioglitazone

1141171652 actos 15mg tablet

1141177600 rosiglitazone

1141177606 avandia 4mg tablet
1141189090 rosiglitazone 1mg / metformin 500mg tablet
1141189094 avandamet 1mg / 500mg tablet

Supplementary Table 5. Summary of all relevant UK Biobank Data-fields



Variable Designation
Demographic

Age (years) 21003
Sex 31
Townsend Deprivation Index 22189
Education 6138
Ethnic background 21000
Lifestyle factors

Physical activity 22032
Alcohol status 20117
Smoking status 20116
Sleep duration (hours/day) 1160
Body mass index (kg/m?) 21001
Genetic

ApoE4 affy16020316, affy16020324
Genetic sex 22001
Medication and diseases

Medication for cholesterol, blood pressure or diabetes 6177
Medication for cholesterol, blood pressure, diabetes or take exogenous hormones 6153
Treatment/medication code 20003
Non-cancer illness, self-reported 20002
Cancer code, self-reported 20001
Type 2 diabetes diagnosis 2443
Glycated haemoglobin (HbAlc) 30750
Diagnoses - ICD10 41270
Diagnoses — ICD9 41271
Date of first in-patient diagnosis - ICD10 41280
Date of first in-patient diagnosis — ICD9 41281
Date of death 40000
Underlying (primary) cause of death: ICD10 40001



Contributory (secondary) causes of death: ICD10 40002

Supplementary Table 6. Baseline characteristics of Epirus Health Study participants (N = 1,608)




Overall

Characteristics N =1,608
Age (years), mean (SD) 46-8 (11-1)
Sex
Men 658 (40-9)
Women 950 (59-1)
Smoking status
Never 737 (45-8)
Previous 326 (20-3)
Current 545 (33-9)
Alcohol status
Never 207 (12-9)
Less than once/month 480 (29-8)
1-3 times/month 245 (15-2)
1-2 times/week 476 (29-6)
3-4 times/week 120 (7-5)
Almost everyday 80 (5-0)
Education
Primary school 10 (0-6)
Junior High school 105 (6-5)
High school 461 (28-7)
University degree 654 (40-7)
Master’s degree 273 (17-0)
Doctor of philosophy 104 (6-5)
BMI (kg/m?), mean (SD) 26-8 (4-8)
SBP (mm Hg), median (IQR) 115-0 (108-0 - 125-0)
DBP (mm Hg), median (IQR) 75-0 (67-0 - 83-0)
Cancer 28 (1-7)
Diabetes 55(3-4)
MEDAS, mean (SD) 7-2(1-7)

Abbreviations: BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure; SD,
standard deviation; IQR, interquartile range. All figures are expressed as absolute numbers (and percentages,
%) unless otherwise specified.




Supplementary Table 7: Metabolites ranked from the highest to the lowest MSA-Enet regression coefficients for MEDAS (N =
92,299)

MEDAS
Metabolite B Metabolite B
Linoleic Acid to Total Fatty Acids, LA (%) 0-251  Omega-6 Fatty Acids to Total Fatty Acids (%) -0-122
Docosahexaenoic Acid to Total Fatty Acids, DHA (%) 0-117  Cholesteryl esters to total lipids ratio in very large VLDL (%) -0-111
Omega-3 Fatty Acids to Total Fatty Acids (%) 0-091  Omega-6 Fatty Acids (mmol/l) -0-087
Free cholesterol to total lipids ratio in very large VLDL (%)  0-074  Glycoprotein acetylation, GlycA (mmol/l) -0-080
Triglycerides in LDL (mmol/1) 0-072  Degree of Unsaturation -0-072
Valine (mmol/1) 0-050  Omega-6 Fatty Acids to Omega-3 Fatty Acids ratio (%) -0-070
Phospholipids in medium HDL (mmol/l) 0-041  Creatinine (mmol/l) -0-063
Albumin 0-035  Phospholipids to total lipids ratio in very small VLDL (%) -0-059
Phospholipids in very large VLDL (mmol/l) 0-026  Triglycerides to total lipids ratio in large HDL (%) -0-052
Beta Hydroxybutyrate (mmol/l) 0-025  Lactate (mmol/l) -0-023
Acetate (mmol/l) 0-020  Glutamine (mmol/l) -0-019
Acetone (mmol/1) 0-017  Isoleucine (mmol/l) -0-018
Saturated Fatty Acids to Total Fatty Acids, SFA (%) 0-002  Polyunsaturated Fatty Acids to Monounsaturated Fatty Acids ratio (%) -0-004

Abbreviations: HDL, high-density lipoprotein, LDL, low-density lipoprotein, MEDAS, Mediterranean diet adherence screener, MSA-Enet, multi-step adaptive
elastic net, TG, triglycerides, VLDL, very-low density lipoprotein- Exposure contrast is per SD/z-score increase of the metabolite.




Supplementary Table 8. Associations of metabolic signature with all-cause dementia, Alzheimer’s disease and vascular
dementia.

Metabolic signature”

HR (95% CI)! P-value

All-cause dementia (N = 975)

Age- and sex- adjusted model 0-87 (0-81, 0-93) 3:-15x 107
Multivariable-adjusted model® 0-91 (0-84,0-97) 6:66 x 1073
AD (N = 346)

Age- and sex- adjusted model 0-89 (0-80, 0-99) 3-84 x 102
Multivariable-adjusted model? 0-89 (0-79, 1-01) 6:61 x 102
VD (N = 151)

Age- and sex- adjusted model 0-81 (0-68, 0-95) 125 x 102
Multivariable-adjusted model? 0-94 (0-79, 1-13) 5-21 x 107!

Abbreviations: CI, confidence interval, HR, hazard ratio, “: The metabolic signature consists of the 26 identified
metabolites presented in Supplementary Table 7, :HR and 95% CI per SD increment in metabolic signature, 2: Based on
an age and sex-adjusted model, further adjusted for BMI, TDI, diabetes, smoking status, education level, depression,
cancer, cardiovascular disease and APOE4 status.




Supplementary Table 9. Stratified associations of metabolic signature with all-cause dementia.

Modifier Level Metabolic Signature® HR (95% CI) ! Metabolic Signature p interaction (FDR)
Age <57 years 0.72 (0.51, 1.01) NS
Age 257 years 0.93 (0.87, 1.00)

BMI <25 kg/m? 0.92 (0.82, 1.03) NS
BMI =25 kg/m? 0.89 (0.82,0.97)

TDI <-2.43 0.98 (0.88, 1.08) <0.001
TDI 2-2.43 0.84 (0.77, 0.93)

Sex Women 0.92 (0.83,1.02) NS
Sex Men 0.90 (0.82, 0.98)

Education High 0.92 (0.83,1.01) NS
Education Low 0.89 (0.81, 0.98)

APOE4 Carrier 0.95 (0.86, 1.04) NS
APOE4 Non-carrier 0.86 (0.79, 0.95)

Smoking Current 0.87 (0.69, 1.09) NS
Smoking Former 0.94 (0.85, 1.04)

Smoking Never 0.88 (0.80, 0.97)

Abbreviations: CI, confidence interval; HR, hazard ratio; NS, non-significant; *: The metabolic signature consists of the 26 identified
metabolites presented in Supplementary Table 7, :HR and 95% CI per SD increment in metabolic signature. Age, BMI, and TDI were
dichotomised at the median. Estimates are from multivariable Cox models fitted in multiply imputed data and adjusted for age, sex, BMI,
TDI, diabetes, smoking status, education, depression, cancer, cardiovascular disease, and APOE4 carrier status, except when the
corresponding variable was used as an effect modifier. Interaction p-values are from likelihood ratio tests comparing models with and
without the exposurexmodifier term and are adjusted for multiple testing using the Benjamini—Hochberg FDR.




Supplementary Table 10. Sensitivity analyses for associations between metabolic signature with all-cause dementia,
Alzheimer’s disease and vascular dementia.



Metabolic signature”

HR (95% CI)"

P-value

Sensitivity analysis 1

All-cause dementia (N = 474)

Age- and sex- adjusted model
Multivariable-adjusted model?

AD (N = 160)

Age- and sex- adjusted model
Multivariable-adjusted model®

VD (N =73)

Age- and sex- adjusted model
Multivariable-adjusted model®

Sensitivity analysis 2

0-94 (0-85, 1-03)
0-97 (0-88, 1-08)

106 (0-90, 1-25)
1-04 (0-87, 1-25)

0-93 (0-73, 1-18)
1-09 (0-84, 1-41)

1-79 % 107!
5:94 x 10!

493 x 10!
6-41 x 10!

5:58 x 10!
5:34 x 10!

All-cause dementia (N = 973)

Age- and sex- adjusted model
Multivariable-adjusted model®

AD (N = 345)

Age- and sex- adjusted model
Multivariable-adjusted model®

VD (N = 151)

Age- and sex- adjusted model
Multivariable-adjusted model®

Sensitivity analysis 3

0-87 (0-82, 0-93)
0-91 (0-85, 0-98)

0-89 (0-80, 0-99)
0-89 (0-79, 1-01)

0-81 (068, 0-95)
0-94 (0-79, 1-13)

491 x 103
8:76 x 103

417 x 102
679 x 102

1-24 % 10?2
5:29 x 10°!

All-cause dementia (N = 925)

Age- and sex- adjusted model
Multivariable-adjusted model®

AD (N = 330)

Age- and sex- adjusted model
Multivariable-adjusted model®

VD (N = 138)

Age- and sex- adjusted model
Multivariable-adjusted model®

0-87 (0-82, 0-93)
0-91 (0-85, 0-98)

0-89 (0-80, 1-00)
0-90 (079, 1-02)

0-84 (0-71, 1-00)
0-99 (0-82, 1-19)

8:73 x 10°°
123 x 102

4-52 x 102
9-17 x 102

5:30 x 102
891 x 107!



Abbreviations: CI, confidence interval, HR, hazard ratio, “: The metabolic signature consists of the 26 identified
metabolites presented in Supplementary Table 7, ': HR and 95% CI per SD increment in metabolic signature, %: Based
on an age and sex-adjusted model, further adjusted for BMI, TDI, diabetes, smoking status, education level, depression,
cancer, cardiovascular disease and APOE4 status.

Sensitivity analysis 1: excluded participants with less than twice dietary assessment (N = 54,693).

Sensitivity analysis 2: excluded participants with less than 1 year of follow-up (N =92,297).

Sensitivity analysis 3: excluded participants with less than 5 years of follow-up (N = 92,249).




Yalidation cohort

Epirus Health Study, full cohort,
(N=2,539)

Exclusion of :
v participants without metabolomic data (N = 926)
v participants without dietary data (N=1)

.

[ Participants with full metabolomics and dietary data ]

(N=1,612)

v participants with dementia, epilepsy, schizophrenia, bipolar disorder and Parkinson's disease at baseline (N = 4)

[ Exclusion of :

Participants included in the main analysis gop
(N =1.,608)

Supplementary Figure 1. Flowchart of participant selection in the Epirus Health Study validation cohort
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(NMR) for the discovery population (UK Biobank, N = 92,299). B) Percentage of missing values for the 250 metabolites
quantified by Nuclear Magnetic Resonance (NMR) for the external population (Epirus Health Study, N =1,608)



Supplementary Figure 3. Directed Acyclic Graph illustrating the causal relationships between Metabolic signature and all-cause
dementia. The minimal sufficient adjustment set includes age, sex, BMI, TDI, diabetes, smoking status, education level,
depression, cancer, cardiovascular disease and APOE4 status.
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of Thessaly, 35131 Lamia, Greece lenging for researchers to select the most appropriate tools for their specific needs. This

systematic review aims to provide a comprehensive overview of the currently available
software tools and databases for GWAS summary statistics analysis. We conducted

a comprehensive literature search to identify relevant software tools and databases.
We categorized the tools and databases by their functionality, including data manage-
ment, quality control, single-trait analysis, and multiple-trait analysis. We also compared
the tools and databases based on their features, limitations, and user-friendliness. Qur
review identified a total of 305 functioning software tools and databases dedicated

to GWAS summary statistics, each with unique strengths and limitations. We provide
descriptions of the key features of each tool and database, including their input/out-
put formats, data types, and computational requirements. We also discuss the overall
usability and applicability of each tool for different research scenarios. This comprehen-
sive review will serve as a valuable resource for researchers who are interested in using
GWAS summary statistics to investigate the genetic basis of complex traits and dis-
eases. By providing a detailed overview of the available tools and databases, we aim

to facilitate informed tool selection and maximize the effectiveness of GWAS summary
statistics analysis.

Keyword: GWAS, Summary statistics, Software, Database, Systematic review

Background

Genome-wide association studies (GWAS) enable the simultaneous testing of thousands
of genetic variants, usually SNPs, across the genome in order to find variants associated
with a trait or a disease [1]. The GWAS methodology, so far, has generated many robust
associations for various traits and diseases and has revolutionized our understanding of
the genetic architecture of complex traits. With increasing sample sizes, new sequenc-
ing technologies and the accumulation of large biobanks it is expected that our ability to
investigate the effects of human genetic variation in complex traits will increase in the

©The Author(s) 2024. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 Inter-
national License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified

the licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The
images or other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a
credit line to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of
this licence, visit httpy/creativecornmons.org/licenses/by-nc-nd/4.0/.
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near future [2]. In the first years of the development of the field, efforts were oriented
towards the statistical aspects of the analysis [3], which involved thousands of SNPs
simultaneously, including the methodology for multiple testing and quality control. This
task was successful and enabled the discovery of associations replicated in subsequent
studies, and in several cases, validated experimentally and functionally using a wide vari-
ety of methods [4]. However, it was soon clear that most variants discovered via GWAS
have small overall effects on disease susceptibility [5]. Thus, it became evident that inte-
grating data from multiple sources and developing reliable bioinformatics tools was a
necessary step in order to address the complexity of the underlying genetic basis of com-
mon human diseases [5].

Soon after the publication of the first GWAS it also became evident that, at least theo-
retically, individuals could be identified in such cohorts even if only the summary sta-
tistics are available [6]. This led to imposing strict control access for sharing individual
patients’ data (IPD) from GWAS. Subsequent works found that privacy attacks are pos-
sible in theory but unsuccessful and unconvincing in real practice. For instance, even
sharing 1,000 SNPs for datasets with more than 500 individuals generally leads to a low
power of the “attack” [7]. A more thorough investigation is given in [8]. In practice, how-
ever, not all studies share their data, at least when it comes to the studies published in
the first decade of GWAS. It has been estimated that the proportion is only 13%, which
increased from 3% in 2010 to 23% in 2017 [9]. On the contrary, researchers sharing their
summary data has been shown to receive on average 81.8% more citations, an effect that
probably is related, at least partially, to the usability of the data in downstream analyses
[10]. Summary statistics do not only offer the additional protection of privacy, but also
offer significant advantages in computational cost when using the data in downstream
analyses, which does not scale with the number of participants in the study [11]. Thus,
it is of no surprise that during the last years a large variety of methods have been devel-
oped to perform a so-called post-GWAS analysis using the summary results of a sin-
gle study, or of several studies, and in most cases integrating data from other sources
[11]. The majority of these methods use the summary data in the form of per-allele SNP
effect sizes (log odds ratios or betas) along with their standard errors, or equivalently
the z-scores (per-allele effect sizes divided by their standard errors). These methods
seek to go a step further from the simple analysis, or re-analysis of a study, and aim to
improve our understanding about the functional role of the identified variants [12]. The
most important factors that played significant role in the development of such methods,
in this so-called post-GWAS era, is the linkage disequilibrium (LD) information from a
population reference panel such as HapMap or 1000 Genomes Project, the gene expres-
sion variation in the form of eQTL, and the integration of functional information on
biological pathways [13-15].

The methods developed so far cover a broad range of different types of analysis, either
in the study of a single trait or in the combined analysis of multiple traits. For a sin-
gle trait, we may have methods for meta-analysis [16, 17], methods for inferring her-
itability [18, 19], gene-based tests [20], methods for Gene Set (or Pathway) Analysis
[21], or methods for fine-mapping causal variants [22]. Regarding the analysis of mul-
tiple traits there is also a variety of methods [23], ranging from those that estimate the
genetic correlation between traits [24], the joint analysis of multiple traits [25], or the
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methods that try to estimate causality between traits such as Mendelian Randomization
[26], transcriptome-wide association studies [27], or colocalization [28]. Of course, the
data standards [29] used to facilitate these analyses and the databases that the results are
stored in, are also of great importance for the community.

In order to provide a comprehensive overview of the currently available software tools
and databases for GWAS summary statistics we performed a systematic review fol-
lowing the PRISMA guidelines [30]. We conducted a comprehensive search of the lit-
erature to identify relevant software tools and databases. We categorized the tools and
databases by their functionality, in categories related to data, single-trait analysis, and
multiple-trait analysis, along with their sub-categories mentioned in the previous para-
graph. We also compared the tools and databases based on their features, limitations,
and user-friendliness. Our review identified a wide range of software tools and databases
for GWAS summary statistics analysis, each with unique strengths and limitations. We
provide descriptions of the key features of each tool and database, including their input/
output formats, data types, and computational requirements. We also discuss the overall
usability and applicability of each tool for different research scenarios. This comprehen-
sive review will serve as a valuable resource for researchers who are interested in using
GWAS summary statistics to investigate the genetic basis of complex traits and diseases.
By providing a detailed overview of the available tools and databases, we aim to facili-
tate informed tool selection and maximize the effectiveness of using GWAS summary
statistics.

The systematic review

In order to collect all the available published papers, we performed a systematic review
of the literature following the PRISMA guidelines [30]. The search was performed in
PubMed (https://pubmed.ncbi.nlm.nih.gov) with the following query: ("Summary Sta-
tistics” OR "Summary Data” OR "Summary Association Statistics” OR "Summary Asso-
ciation Data") AND (GWAS OR genomewide OR genome-wide). The abstracts initially,
and then the full articles were scrutinized in order to collect the necessary information.
The inclusion criteria state that methods, software tools and databases, suitable for the
analysis of GWAS summary data are suitable for inclusion. Methods papers that do
not report software, or software pages not currently available are excluded. Additional
searches were performed in the reference lists of the identified articles in order to iden-
tify additional studies that were missing. In many cases multiple articles regarding a sin-
gle tool were found, so we kept only one. We decided to include reports deposited in
preprint servers like medRxiv/bioRxiv, but some of these papers were eventually pub-
lished in peer-review journals, so in such cases we retained only the latter reference.
Tools regarding Polygenic Risk Scores (PRSs) and visualization were excluded. For all
included tools we recorded the URL, the PMID, and the main functionality/es along
with comments regarding its main methodological features. The initial search identified
2942 articles (22/12/2023).

In total we identified 305 tools and databases (Fig. 1). We classified them in three
broad categories: data, tools for single traits and tools for multiple traits, along with
the various sub-categories. The total breakdown is given in Table 1. Several tools may
perform different tasks and thus they can be considered for more than one category;
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Table 1 The broad categories and the sub-categories of tools and databases

Category Type N

Data Database 17 557%
QC 13 4.26%
Reconstruction [§ 1.97%
Imputation 10 3.28%

Single trait Meta-analysis 29 9.51%
Heritability 18 5.90%
Gene-based tests 30 9.84%
GSA 29 9.51%
Fine-mapping 25 8.20%

Multiple trait Genetic correlation 14 4.59%
Pleiotropy 38 12.46%
MR 31 10.16%
Colocalization 16 5.25%
TWAS 29 9.51%
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Fig. 2 Number of Tools and Databases included in the review Published Per Year

so, we classified them to the one most closely related to the primary goal of the analy-
sis they claim to perform. Other tools do not fit exactly to the general description of
the category, but we nevertheless classified them to the most similar one. The largest
sub-category consists of the tools for pleiotropy analysis, whereas the smallest one
is related to reconstruction of genotypes and effect sizes. Most tools are written in R
(56.4%) with the largest proportion being in the multiple traits category, followed by
Python (12.5%) and C/C+ +(8.2%) (Fig. 2). Apart from the publicly available data-
bases only a handful of tools are offered as webservers (6.95%). Most of the tools were
published after 2015 (Fig. 3). Nearly 60% of the tools and databases were published
in: Bioinformatics, American Journal of Human Genetics, Nature Genetics, Nature
Communications, Nucleic Acids Research and PloS Genetics (Fig. 4). In the following
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Journals
9PI;c:/S Genet __and other
0 17.2%

PLoS Comput Biol _—
3.0%
Nucleic Acids Res /

6.3%

Nat Genet y Am J Hum Genet
7.9% 11.2%
Nat Commun

6.6%

Genome Biol L. Bioinformatics

3.0% — 20.1%
Genet Epidemiol bioRxiv/medRxiv

4.3% 3.0%

Fig. 4 The journals in which the studies including in the review were published

sections we proceed with the detailed description of the various tools identified, clas-
sified in the different categories and sub-categories. The complete list of identified
tools along with the relevant information is given in Supplementary Table 1.

The data

Firstly, we are going to present the tools dedicated to the data themselves. We include
here tools for quality control of GWA summary statistics, tools for imputation and geno-
type reconstruction as well as the publicly available databases of summary results.

Standards and quality control

The need for sharing and re-using GWAS summary statistics has been an issue for the
community during the last years. Generally, it is acceptable that the minimum informa-
tion (“mandatory”) contained in GWAS summary statistics should include: the chromo-
some and the base-pair location, the p-value of the association, the risk allele and the
other allele, the risk allele frequency, and an estimate of the effect size (odds ratio or
beta) along with its standard error [29]. Other important summary statistics that never-
theless termed as “encouraged” ones include the sample size, the variant ID, the rsID, the
confidence interval of the effect size and so on. Such specifications were considered for
the GWAS-SSF format [31], which was developed to meet the requirements settled by
the community. GWAS-SSF consists of a tab-separated data file with well-defined fields
and an accompanying metadata file. Most repositories and programs use some vari-
ant of the GWAS-SSE. However, such tabular formats in several cases lead to ambigu-
ity or incomplete storage of information, or other times lack essential metadata. This
leads to poor performance and increased risk of possible errors in downstream analyses.
To address these issues, an adaptation of the well-known variant call format [32] was
developed, capable of storing GWAS summary statistics which was called GWAS-VCF
along with software tools to apply it in downstream analyses [33]. The VCF contains a
file header with metadata and a main file containing variant-level (one locus per row
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with one or more alternative alleles/variants) and sample-level (one sample per column)
information. This way, the VCF was adapted to include GWAS-specific metadata uti-
lizing the sample column to store variant-trait association data. The GWAS-VCEF is the
standard used by the MRC-IEU OpenGWAS database [34] and it comes with appro-
priate tools to map GWAS summary statistics to VCF with on-the-fly harmonization
(https://github.com/mrcieu/gwas2vcf).

Despite these efforts, not all available data are in line with the standards, especially
when dealing with data from older studies. Thus, there is a need for additional tools to
harmonize the data, as well as to identify and correct errors. Tools belonging to the for-
mer class were developed early and were focused mainly on harmonizing data in prepa-
ration of a meta-analysis. These include QCGWAS [35], GWAtoolbox [36] and EasyQC
[37]. GEAR [38] is very interesting in that it incorporates ideas from population genetics
which allow verification of the genetic origin and geographic location of each cohort and
identifying significant sample overlap. More recent tools like MungeSumstats [39] and
GWASlab [40] perform standardization and quality control handling the most common
formats, SumStatsRehab [41] can be used for data validation, restoration of missing data,
correction of errors or formatting, and GWASinspector [42] provides extensive QC
reports and perform harmonization being compatible with recent reference panels and
by handling insertion/deletion and multi-allelic variants. The latter class of methods,
additionally, leverages information from the LD among SNPs. One such tool is GQS [43]
which identifies suspicious regions and prevents erroneous interpretations by compar-
ing the significance of the association for each SNP to its LD value for the reported index
SNP. Similar functionalities are offered by DENTIST [44] which uses LD to detect and
eliminate errors and disagreements between GWAS data and the LD reference panel.
EXTminus23andMe [45] evaluates the quality of summary statistics after data removal
and the suitability of the down sampled summary statistics for typical follow-up genetic
analyses.

Databases
The publicly available biological databases played and continue to play a central role in
bioinformatics and in biological research in general [46—48]. The same is the case for
databases related to human research [49] and in particular those involved in GWAS [50].
The databases we identified can be roughly divided in two categories: databases that con-
tain summary statistics from GWAS and databases that contain important secondary
analyses on those data with some of the methods that we will describe in later sections.
Regarding the databases of the first category, NCBI's dbGAP [51] was developed to
contain the results of studies investigating the interaction of genotype and phenotype,
which include GWAS. One of the dbGAP’s primary objectives was to house individual
level GWAS data, but the database also contains summary data as well. Summary sta-
tistics are generally available to the public, whereas access to IPD requires varying levels
of authorization. The NHGRI-EBI GWAS Catalog [52], which was established in 2008
is considered for years the central repository of GWAS summary statistics. It is a high-
quality curated collection of all published GWAS and as of 2023—-12-20, contains 6,680
publications, 566,798 top associations and 66,825 full summary statistics (Fig. 5). The
database played an important role in the community efforts leading to the development
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Trait: type 2 diabetes melitus
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A
Fig. 5 A snapshot of the data. A A view of the Type 2 Diabetes Mellitus studies deposited in NHGRI-EBI GWAS
Catalog. B Type 2 Diabetes Mellitus studies contained in GWAS Central, depicting the significant hits in the
chromosomes. C The SFF format

of GWAS-SSF format. GWAScentral [53] previously known as the Human Genome
Variation (HGV) database of Genotype-to-Phenotype information is a database that
contains over 72.5 million P-values for over 5,000 studies, with over 7.4 million unique
genetic markers involved in more than 1,700 unique phenotypes. The database con-
tains data from several sources (including NHGRI-EBI GWAS Catalog, OpenGWAS,
Japanese GWASdb, dbGaP, WTCCC and so on). The IEU MRC OpenGWAS [34] is a
new addition and contains 346 million genetic associations from 50,037 GWAS sum-
mary datasets. It contains complete data from various consortia and the UK Biobank
and comes with a lot of tools for harmonizing the data and storing them in the GWAS-
VCEF format. At the time of writing there are 4,126 binary traits, 725 metabolites, 3,371
proteins, 3,143 brain imaging phenotypes, and 3,217 other continuous phenotypes. In
addition to the complete GWAS summary data, it also contains independent top hits
for every dataset, totaling 116,918 independent signals in which 7,109 datasets have at
least one hit. GeneATLAS [54] and GBE [55] contain associations from the UK Biobank
cohort. GeneATLAS currently contains data for 452,264 individuals, 778 traits and 30
million variants, whereas GBE contains summary statistics from over 750,000 individu-
als combining data from the UK Biobank, the Million Veterans Program and the Biobank
Japan. GTEx [56] and QTLbase [57] are the primary resources for xQTL data. The GTEx
project has been expanded over time, and currently contains data of genetic associations
for gene expression and splicing in 838 individuals in 49 tissues. QT Lbase, similarly, con-
tains genome-wide QTL summary statistics for many molecular traits across 95 tissue/
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cell types and multiple conditions. Contains tens of millions of significant genotype-
molecular trait associations under different conditions. Other resources of this category,
related to various large consortia (GIANT, WTCC, PGC etc.) as well as other biobanks
(FinnGen etc.) can be found in Supplementary Table 2.

The second category contains databases of important secondary analyses performed
on GWAS summary statistics with some of the methods that we describe in detail in
later sections, such as gene-based tests, heritability analysis, TWAS, colocalization and
so on. TSEA-DB [58] and PCGA [59] use information from gene-expression in various
tissues to perform tissue or cell-type enrichment analysis of the GWAS association sta-
tistics. webT WAS [60] and COLOCdb [61] also use information on eQTL but in differ-
ent fashion. webT WAS currently contains data for over 1,389 full GWAS for which it
calculates the causal genes using single tissue expression imputation (using MetaXcan
and FUSION), or cross-tissue expression imputation (using UTMOST). COLOCdb on
the other hand is the most comprehensive colocalization analysis by integrating publicly
available GWASs with different types of xQTL and different algorithms (COLOC, SMR).
GWAS ATLAS [62] contains results of 4,756 GWAS from 473 unique studies across
3,302 unique traits accompanied by useful information obtained from downstream
analysis. Each study is accompanied by MAGMA results (see also “gene-based tests”),
SNP heritability estimation and genetic correlations with other traits in the database.
GWASROCS [63], on the other hand, contains a large and comprehensive set of SNP-
derived AUROC:s and heritabilities. Currently includes 579 simulated populations (cor-
responding to 219 traits) and SNP data (odds ratio, risk allele frequency, and p-values)
for 2,886 unique SNPs. Phenome-wide association studies (PheWAS) invert the idea of
a GWAS by searching for phenotypes associated with specific variants across the range
of thousands of human phenotypes, or the “phenome [64—66]. Thus, it is expected that
a PheWAS will need large databases of GWAS results. PhenoScanner [67] is the most
complete such database with publicly available results from over 65 billion associations
and more than 150 million unique genetic variants. Similar functionalities are offered
also by OpenGWAS, GWAS ATLAS and PheWAS Catalog [68]. Lastly, we need to men-
tion LD Hub [69], a centralized database of publicly available GWAS results for 173 dis-
eases/traits which offers a web interface that automates the LD score regression (LDSC)
analysis pipeline (see also “Genetic correlation”).

Imputation and genotype reconstruction

Although some of the methods for quality control mentioned previously can cor-
rect errors and alter the data, the methods used for imputation go one step further. As
expected, imputation methods were developed initially for individual data for handling
studies genotyped with different platforms [70-72]. Such methods can infer missing
genotypes using LD information from reference samples genotyped using denser arrays
or sequencing. Genotype imputation increases the coverage of SNPs and thus can be
used to increase statistical power, increase the accuracy of fine-mapping and harmo-
nize the data in order to facilitate meta-analysis [70]. Several factors can influence the
imputation accuracy: the sample size, the suitability of the reference panel for the par-
ticular sample, the genotyping chip and the allele frequency [71]. In general, however,
these methods are time-consuming since they process individuals one at a time, and
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thus methods that impute directly the summary statistics were developed. These meth-
ods utilize only the information provided in the sample regarding the studied population
(p-value, z-score or odds-ratio/beta) and require additional information regarding the
LD structure. Nearly all methods perform a kind of multiple regression assuming the
multivariate normal distribution for the test statistics and utilizing the theoretical result
pointing that the correlation of such test statistics equals the correlation of the corre-
sponding variables [73], that is the genotype correlation, available through the reference
panel. Such methods include FAPI [74], ImpG [75], RAISS [76], DIST [77] and SSimp
[78] with most of the differences lying in the choice of the reference panel and the exact
details of the mathematical methods used to handle matrix inversions in the multivariate
normal. DISSCO [79] uses a similar framework but allows for covariates. Such methods
may perform poorly in cases where the sample has a different LD structure compared
to the reference panel. Thus, extensions such as DISTMIX [80] and ARDISS [81] were
developed to handle mixed ethnicity cohorts, improving the imputation performance.
Adapt-Mix [82] estimates the correlation structure in both admixed and non-admixed
individuals using simulated and real data and allows the use of this matrix with other
imputation methods. Other methods such LS-meta [83] and LSimputing [84] offer addi-
tional advantages; LS-meta imputes both genetic and environmental components using
information from additional omics-trait association summary data, whereas LSimputing
implements a non-parametric method that allows for nonlinear SNP-trait associations
and predictions in case a sample of IPD is available. Using the same principles, simG-
WAS [84] allows simulation of whole GWAS summary data, without generating indi-
vidual data as an intermediate step.

Genotype reconstruction methods take a different approach. Given the summary
statistics for a SNP (either directly measured or imputed), one can reconstruct the
genotype counts that produced it. This will offer many advantages, since with the recon-
structed genotypes the researchers could perform additional analyses using other statis-
tical methods suitable for grouped data and test different hypotheses [85]. For instance,
one can calculate grouped Polygenic Risk Scores (PRS) [85], perform logistic regression
for grouped data [85, 86], perform multivariate meta-analysis [87], or implement robust
tests for association that is expected to work better when the underlying model of inher-
itance deviates from the additive which is usually assumed [88, 89]. The details and the
success of the reconstruction depend heavily on available summary statistics. As one can
easily understand, p-values and z-scores cannot be used, and one must rely on available
effect sizes such as the odds ratio (OR). When the OR, the standard error and the sample
size is given, methods are available in epidemiology that allow the reconstruction of the
allelic 2X2 table [90]. If z-scores, confidence intervals or p-values are available one can
use them to obtain the standard error. React [85] uses an equivalent method relying on
solving a system of nonlinear equations. If the allele frequency in one group (usually the
controls) is also known, the allelic counts may easily be obtained with a simple calcula-
tion. In all cases the accuracy of the reconstruction may depend on the precision of the
available summary statistics. After the allelic 2X2 table is reconstructed, it is straightfor-
ward to obtain the genotype counts, assuming HWE (which as one might expect adds
another source of potential bias). MetaSustract [91] is a tool that recreates analytically
the results of the validation cohort from meta-analysis summary statistics, allowing the
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researchers to compute meta-analysis summary statistics that are independent of the
validation cohort, without requiring access to the IPD. Spkmt [92] works in similar fash-
ion but in families; it can be used to derive the summary statistics of one parent from
the data of the offspring and the other parent. Finally, we need to mention two tools that
work in somewhat different modes. OATH [93] is used to reproduce reported results
from a GWAS and recover underreported results from other alternative models with a
different combination of nuisance parameters, whereas LMOR [94] performs transfor-
mations from the genetic effects estimated under the Linear Mixed Model to the Odds
Ratio that only rely on summary statistics.

Analysis of a single trait

In this section we are going to present the various types of methods and tools dedicated
to the analysis of a single trait. These include tools for meta-analysis, tools for the esti-
mation of heritability, tools for implementing gene-based tests, gene set methods and fine
mapping methods.

Meta-analysis

One of the most obvious uses of GWAS summary data is to combine them and perform
a meta-analysis. Meta-analysis is the statistical procedure used to combine evidence
from multiple studies in order to increase statistical power and it is a methodology
widely used in medical research for decades [95]. A meta-analysis can be performed
with various methods [16] using IPD or summary data; the former offers many advan-
tages, but the latter is far more easy to be performed taking into account the various
restrictions imposed on sharing GWAS IPD and the difficulties in the logistics of such
a project [17]. Moreover, given the large samples usually encountered in GWAS it has
been shown, both theoretically and empirically, that meta-analysis using summary sta-
tistics has the same efficiency as the joint analysis of IPD [96]. A compromise between
these two extremes arises when a research group has access to individual-level geno-
type data of a limited sample size and wants to integrate these with existing summary
data available in the databases. Such methods are in use in epidemiology for years [97]
and several tools have been developed especially for handling GWAS data, for instance
IGESS [98], metaGIM [99] and LEP [100]. PolyGIM [101] can be applied with or without
IPD and uses polytomous logistic regression to investigate disease subtype heterogeneity
in situations when only summary data is available.

Regarding summary-data meta-analysis of GWAS, the most commonly used meth-
ods includes standard methods, such as combining p-values, z-statistics or effects
sizes like Odds Ratio (for binary traits) or mean differences (for continuous traits)
using fixed or random effects models [16, 102]. These statistical methods are straight-
forward to implement, and are available in general purpose statistical packages such
as STATA and R. However, there are several specialized tools that facilitate the pro-
cess and provide integration with useful bioinformatics or visualization functions.
Such widely used tools include METAL [103], GWAMA [104] and PLINK [105]. Other
tools are oriented to more specialized cases offering advanced options. For instance,
YAMAS performs meta-analysis including missing SNPs identified with LD with-
out performing imputation [106] and rareMETALS [107] uses a partial correlation
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based score to perform meta-analysis in the presence of large amounts of missing val-
ues. There is also a class of tools which focus on the replication of GWAS and the
combined analysis of data from primary and replication studies. Such tools include
rfdr [108] and Jlfdr [109] which control for False Discovery Rate (FDR), Rrate [110],
which determines the sample size of the replication study and checks the consist-
ency between the primary and the replication study, and MAJAR [111] which jointly
test prognostic and predictive effects in meta-analysis without the need of using an
independent cohort. metaGAP [112] is an online tool for calculating the statistical
power of a meta-analysis of GWAS (Fig. 6). METACARPA works with overlapping or
related samples, even when details of the overlap or relatedness are unknown [113],
MAGENTA [114] performs meta-analysis with gene set enrichment analysis (GSEA),
whereas GWASmeta [115] and MetABF [116] work in a bayesian framework calculat-
ing the Approximate Bayes Factor (ABF). Other tools offer more advanced options
such as meta-analysis with multiple traits (see also “multiple traits”), like nGWAMA
[117], metaCCA [118], CPASSOC [119], metaUSAT [120] and CPBayes [114] (and its
extension GCPBayes [121]), and others are designed for meta-analysis under different
genetic models, like GWAR [89] which uses robust methods (like MIN2 or MAX) in
order to handle the uncertainty in the underlying genetic model, or like the simula-
tion tool [122] which implements an alternate strategy for the additive genetic model
simulating data for the individual studies. Finally, we need to mention sPLINK [123]
which performs privacy-aware GWAS on distributed datasets, and XPEB [124] which
is an empirical Bayes approach designed to improve the power GWAS in minority
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populations by exploiting information from GWASs performed in populations of dif-

ferent origin.

Inferring heritability

Heritability is generally defined as the fraction of phenotypic variation explained by
genetic variation. Heritability is a dimensionless parameter of the population, and it was
introduced by Sewall Wright and Ronald Fisher in the previous century. Traditionally,
heritability is estimated using family-based designs such as twin studies. However, there
are controversies regarding the various methodologies for estimation and interpretation
of the results [125]. Despite all these, heritability is an important aspect of research in
modern genetics, and regarding the prediction of disease risk from genomic data [126].
The technological advancements have facilitated the development of methods that use
large samples of unrelated, or related, individuals. Thus, family-based designs using
genomic data (trio-genome-wide complex trait analysis, and so on) have emerged. Such
methods are discussed and compared in [127]. Of course, heritability can also be esti-
mated via the results obtained in a traditional GWAS using unrelated individuals. The
gap between these estimates and those obtained from classical heritability estimation
methods has been termed the "missing heritability problem" and it is an important open
question in current research [128]. Recent reviews of the methods that use GWAS data,
are given in [18, 19] focusing on their modeling assumptions, their similarities, and their
applicability.

One of the first and simplest methods to calculate heritability from allele frequency;,
odds ratio and prevalence of the disease was implemented in the SumVg package [129].
This method, however, utilizes only the significant SNPs. The same authors extended
the method later in order to allow calculation using the z-statistics from the whole
GWAS sample [130]. A disadvantage of this method is that LD is not taken care of,
and highly correlated SNPs need to be filtered manually. AVENGEME [131] is a tool
that treats causal effect sizes as fixed effects and models the genotypes as random cor-
related variables. HESS [132] which was presented later built upon the same ideas and
can be viewed as a weighted sum of the squares of the projection of effect sizes onto
the eigenvectors of the LD matrix at the particular locus, with weights inversely pro-
portional to the corresponding eigenvalues. LD Score Regression (LDSC) has been
frequently applied to summary statistics from GWAS and one of its functionalities is
to estimate the SNP heritability of a trait [133]. LDER [134] extends LDSC making full
use of the information from the LD matrix providing more accurate estimates, whereas
s-LDSC [135] is an extension suitable for partitioning heritability. SumHer [136] pre-
sented later and offers the same functionalities, with the main difference being that it
allows for different so called “heritability models” According to these, a SNP with high
MATF is expected to contribute more to the total heritability compared to one with low
MAF, whereas on the other hand, a SNP in a region of low LD is expected to contrib-
ute more compared to one in a region of high LD. On the contrary, LDSC estimates are
obtained by assuming that all SNPs contribute equally. HEELS [137] is a new tool using
REML to produce accurate and precise local heritability estimates and RSS, is a multiple
regression-based fine-mapping tool (see “Fine-mapping”), can also calculate SNP her-
itability from the regression model. VarExp [138] and GXxESum [139] are methods for
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estimating the phenotypic variance explained by genome-wide gene-environment (GxE)
interactions. There are also tools like GWIZ [63] and SummaryAUC [140] that calculate
the Receivers Operator’s Characteristic (ROC) curve and the associated Area Under the
Curve (AUC). GWIZ generates ROC curves and the AUC using simulations and then
estimates heritability using the square of the Somers’ rank correlation D. SummaryAUC
on the other hand approximates the AUC of a PRS and its variance. HAMSTA [141]
is a tool that, among others, estimates heritability explained by local ancestry using
data from admixture mapping studies. Estimating the Effect size distribution is also a
related important concept. GENESIS [142] uses LD and a Likelihood-based approach
to estimate effect-size distributions. It also allows predictions regarding yield of future
GWAS with larger sample sizes. GWEHS [143] calculates the distribution of effect sizes
of SNPs, as well as their contribution to trait heritability. Furthermore, it performs pre-
dictions for the change in the effect size as well as in the heritability when new variants
are identified. FMR [144] is a method-of-moments for calculating the effect-size distri-
bution and GWAS-Causal-Effects-Model [145] is a random effects model for estimating
the causal variants and their effect size distribution. Finally, there are tools to implicate
gene-expression in heritability analysis: MESC [146] which estimates the proportion of
heritability mediated by gene expression levels using linkage disequilibrium (LD) scores
and eQTL, and GCSC [147] which uses results from a TWAS (see “TWAS and Colo-
calization”) in the so-called gene co-regulation score regression, to identify gene sets
enriched for disease heritability.

Gene-based tests

Historically, association tests are oriented towards single variants, and this was the case
for both traditional association studies as well as for GWAS. However this approach has
some limitations that were noted earlier and a call for a shift towards gene-based tests
was made [148]. Gene-based tests aggregate individual variant associations within a
gene, providing a more comprehensive assessment of the gene’s overall contribution to
a trait or disease. This approach helps prioritize genes with multiple associated variants,
enhancing the biological relevance of findings, and it has proven to be useful particularly
in case of low frequency variants [148]. There are plenty of different methods for com-
bining the association statistics or p-values within a gene, ranging from simple Fisher’s
method or the minimum p-value approach, to more advanced methods like the Burden
Test (BT) [149] or quadratic tests like SKAT [150] with variations in power [151]. Never-
theless, there is a consensus regarding the importance of incorporating LD information
of the nearby variants into the methods for controlling the type I error rate at the desired
level [20].

VEGAS, GATES, fastBAT and GCTA are among the oldest tools available for sum-
mary data, which remain efficient and widely used. SKAT (Sequence Kernel Associa-
tion Test) is a well-known regression method for testing association between variants
and traits adjusting for covariates. As a score-based variance-component test, it calcu-
lates p-values analytically by fitting the null model containing only the covariates [150].
The original SKAT method uses only IPD, but later implementations like metaSKAT or
SKAT-O have been extended to handle summary data. GCTA and VEGAS also use the
multivariate normal framework adjusting the estimates for LD using a reference panel
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[152, 153]. Of note, GCTA also offers methods for conditional analysis (see “Fine map-
ping”), and same also holds for KGG [154], whereas VEGAS’s new version allows for
mixed ethnicity populations. GATES [155], on the other hand, uses an extended Simes
procedure that integrates functional information and association evidence to combine
p-values, whereas fastBAT [156] offers fast analytical p-value computations. The gene
analysis in MAGMA (Multi-marker Analysis of GenoMic Annotation) is based on
a multiple linear principal components’ regression model to account for LD and uses
an F-test to compute the overall gene p-value [157]. Its extension, nMAGMA, extends
the lists of genes that can be annotated by integrating local signals, long-range regula-
tion signals, and tissue-specific gene networks. It also provides tissue-specific risk sig-
nals, which are useful for understanding disorders with multi-tissue origins [158].
H-MAGMA [159] and eMAGMA [160] are two other extensions. The former integrates
3D chromatin configuration, whereas the latter leverages significant tissue-specific cis-
eQTL information to assign SNPs to putative genes. EPIC [161] and GAMBIT [162] also
utilize functional data for gene-based analysis; the former using cell-type-specific gene
expression data obtained from single-cell RNA sequencing and the latter using coding
and tissue-specific regulatory annotations. Such methods share several features in com-
mon with TWAS methods (see respective section). AgglomerativLD [163] also captures
LD between SNPs of nearby genes, which induces correlation of the gene-based test sta-
tistics. DOT [164] is one of the few methods that applies a decorrelation-based approach
before combining SNP-level statistics or p-values. Tools like GPA [165], oTFisher [166],
TS [167] and aSPU [168] implement some type of so-called adaptive tests (AT), that
is, they account for possibly varying association patterns across SNPs, whereas some
modern tools like MKATR [169], COMBAT [170], MCA [171], OWC [172], FST [173],
ACAT [174], HYST [175], GBJ [176] and sumFREGAT [177] perform analysis with mul-
tiple statistical methods and test and combine the results. Notably, tools like aSPU [168],
snpGeneSets [178], Pascal/PascalX [179, 180], MAGMA, chromMAGMA [181] and
FUMA [182], also offer the option of performing gene-set analysis after performing the
gene-based analysis (see next section), whereas HSVS-M [168, 183] tests the association
of a gene with multiple correlated traits.

Gene Set analysis

Gene set analysis (GSA), or Pathway Analysis, extends the concept of gene-based meth-
ods by jointly analyzing groups of functionally related genes and identifying biological
pathways enriched with trait-associated genes. By considering the collective impact of
multiple genes within a pathway, researchers can obtain a clearer picture of the under-
lying biological mechanisms influencing the phenotype under investigation. The first
applications of such methods borrowed ideas from the microarray data analysis lit-
erature, and since then they became widespread in analysis of GWAS [184]. Any GSA
method needs to address some issues. Firstly, how to handle SNPs of the same gene; sec-
ondly, how to define the appropriate gene-set or pathway, and finally how to combine the
effects from multiple SNPs/genes within the same set/pathway [185]. Thus, the choices
made by different methods can be very diverse leading to a wide variety of different
approaches. For instance, some methods operate with SNP-level statistics (effect sizes,
z, or p-values) assigning the SNP to the closest gene (usually within a range of+20 K
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bases), whereas others take as input a gene-level statistic or simply a gene list obtained
by a gene-based method (of course, several tools allow for both a gene-based and a GSA
approach). Regarding the choice of set there is a plethora of databases containing biolog-
ical pathways (KEGG, PANTHER etc.), or other types of gene-set representation like PPI
interactions, ontologies and so on [186]. Finally, regarding the statistical method used to
aggregate evidence there is also a wide range of different methods that handle with dif-
ferent approaches the gene set size and gene length, the LD patterns and the presence
of overlapping genes within pathways, or apply different statistical approaches such as
those using the so-called competitive null hypothesis, or those using the self-containing
one [14, 187]. A tutorial regarding the use of such methods is given in [21].

Among the most easily used and frequently cited are the tools that utilize a webserver.
FUMA [182] and iGSEAGWAS [188] are tools specialized in GWAS and use SNP-
level statistics as inputs, differing in the subsequent analyses: FUMA uses MAGMA
for gene-based testing and allows for ORA and Kologorov-Smirnov test (GSEA),
whereas iGSEAGWAS maps the most significant SNP to a gene and then performs an
improved GSEA with label permutation to obtain accurate p-values. Tools like Enrichr
[189], g:Profiler [190], DAVID [191], WebGestalt [192] and PANTHER [193] are gen-
eral purpose enrichment tools that provide functionalities for different types of omics
data (Fig. 7). They accept gene or SNP-list as input and provide Application Program-
ming Interface (API) ensuring interoperability, whereas for the statistical analysis they
all use some version of ORA and/or GSEA (WebGestalt also uses Network Topology-
based Analysis). A major feature of these tools is that they incorporate a large number
of biological and pathway databases, with g:Profiler and Enrichr offering the most com-
plete collection. GSA-SNP2 is one of the first methods to be developed for GWAS and
has seen several improvements regarding the calculation of the combined gene score
and the execution time, being among the fastest methods [194]. aSPUpath2 [195] and
GIGSEA [196] are two methods that integrate expression data (eQTL) in the pathway
analysis. The former uses an adaptive test that extends the aSPU methodology based on

mmEEn
o
EEEEREE

=
"
!
|
n
"
=
.

aE .

-
.

>
NEEN N NN N NN EES  EEN N NN N EEEEEEEEEES

=mEmE sEEm

B B c
Fig. 7 Enrichment. A Summary view in g:Profiler of the significant SNPs for Type 2 Diabetes Mellitus. B
Enrichr results for the same set. C Output of GWAB for Type 2 Diabetes Mellitus SNPs. D Detailed results from
g:Profiler

L)
-
-

O m=mm mmmm w



Kontou and Bagos BioData Mining (2024) 17:31 Page 18 of 40

chi-square, whereas the latter uses a regression-based approach coupled with permu-
tations to calculate accurate p-values. In a similar fashion, deTS [197] and PGCA per-
form tissue-specific enrichment analysis (TSEA) for detecting tissue-specific genes and
for enrichment test of different forms of query data. Other methods use different def-
initions of the gene-sets, in some cases utilizing additional information. For instance,
dmGWAS [198] integrates PPI networks and uses a search method to identify subnet-
works. Compared with standard pathway methods it offers to the users the flexibility in
the definition of a gene set and can utilize local PPI information. GEMB [199] defines the
gene-sets using gene weights from model predictions and gene ranks from GWAS, and
GENOMICper [200] uses permutations of the identified SNPs by rotation with respect
to the genomic locations. GWAB [201] uses network connections to reprioritize candi-
date genes by integrating the GWAS and network data, whereas GenToS [202] searches
for trait-associated variants in existing human GWAS. We also need to mention PAPA
[203] which is a flexible tool for pleiotropic pathway analysis. As we already mentioned,
aSPU, snpGeneSets, PascalX/PASCAL and MAGMA/chromMAGMA are gene-based
methods that also perform GSA, whereas MAGENTA is a tool that performs meta-
analysis and subsequently GSA (see “meta-analysis”). Lastly, we need to mention Inferno
[204] and Mergeomics [205] which are webservers offering a variety of options, extend-
ing typical GSA applications. Inferno integrates a variety of functional genomics sources
to identify causal noncoding variants using COLOC, WebGestalt, LDSC and MetaXcan.
Mergeomics uses summary statistics of multi-omics association studies (GWAS, EWAS,
TWAS, PWAS, etc.) and performs correction for LD, GSEA, meta-analysis and identifi-
cation of regulators of disease-associated pathways and networks.

Fine-mapping

While GWAS can identify broad genomic regions associated with the trait, it doesn’t
pinpoint the exact causal variant within those regions. Fine mapping, working in the
opposite direction of that of the gene-based approaches, is a process aimed at narrow-
ing down and identifying causal variants, that is the specific genetic variants responsi-
ble for the observed associations between genomic regions and traits of interest. The
plethora of statistical methods and study designs makes it difficult to choose an optimal
approach. The different approaches that have been proposed to perform fine-mapping
can be divided in three broad categories: heuristic methods that select SNPs based on
LD patterns, conditional or penalized regression models that perform variable selection,
and Bayesian methods that calculate posterior probabilities or Bayes Factors. Based on
theoretical and empirical evidence it seems that Bayesian methods have superior perfor-
mance [22]. Several factors may influence the performance of fine-mapping approaches,
including the true number of causal SNPs in a region and their effect sizes, the local LD
structure, the sample size, and the SNP density [22, 206]. Functional annotations are also
of great importance leading to the so-called functionally informed fine-mapping (FIFM)
methods [206]. The hypothesis of a single causal variant is also very restrictive, and sev-
eral methods have been developed to allow multiple causal variants in a region as well
as to incorporate additional layers of functional annotations, like eQTL [207]. Moreo-
ver, methods for fine-mapping of multiple datasets have been proposed, either exploiting
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different LD patterns across ethnic groups or borrowing information between different
traits [207].

As we already noted Bayesian methods seem to have superior performance [22] and
thus it is of no surprise that most of the currently available methods operate in a Bayes-
ian framework calculating Posterior Inclusion Probabilities (PIP) and/or Bayes Factors
(BFs) in various settings: PAINTOR [208], DAP [209], fgwas [210], FINEMAP [211],
flashfm [212], EINMOM [213], CARMA [214] and CAVIAR/CAVIARBE [215]. MsCAV-
IAR [216] is an extension of the latter method leveraging information from multiple
studies, useful in trans-ethnic fine mapping. Similarly, XMAP [217] performs cross-
population fine-mapping by leveraging genetic diversity and accounting for confounding
bias. BEATRICE [218] is a unique method that combines a hierarchical Bayesian model
with a deep learning-based inference procedure, whereas RIVIERA-beta [219] performs
Bayesian fine-mapping using Epigenomic Reference Annotation. On a different level,
PolyFun/PolyLoc [220] do not perform fine-mapping per se but are used for estimat-
ing the prior causal probabilities of SNPs, which can then be used by other Bayesian
fine-mapping methods. SusieR [221], BVS-PICA [222] and JAM [223], operate also in
a Bayesian regression framework performing variable selection and penalized regres-
sion. Other regression-based methods, like SOJO [224] and ANNORE [225] work in a
frequentist framework and perform lasso-type and differential shrinkage via random
effects, respectively, whereas GSR utilizes a gene score regression approach [226] and
RSS performs multiple regression utilizing the so-called summary statistics likelihood
[227]. AHIUT [228] performs an intersection—union test based on a joint/conditional
regression model with all the SNPs in a region. Lastly, we need to mention PICS2 [229],
which performs probabilistic identification of causal SNPs and is the only of the methods
that is available as a web-server, and echocolatoR [230] which requires minimal input
from users and integrates a suite of fine-mapping tools to identify consensus variants,
test enrichment and visualize the results.

Analysis of multiple traits

In this section we analyze methods developed for handling multiple traits. Depending
on the type of data and the purpose of the analysis the methods can be divided into plei-
otropy methods, methods that calculate the genetic correlation, methods for mendelian

randomization, transcriptome-wide association and colocalization methods.

Pleiotropy

Pleiotropy is the phenomenon in which a single variant influences several traits [231].
Such methods are of great importance in genetic research and several methods have
been developed during the last years. A major goal of such methods is to increase the
statistical power over single trait methods. Imagine for instance a variant that produces
a near-significant effect when analyzed separately for two or three traits. A method that
can combine these estimates may produce significant results. Another application of a
joint analysis would be to identify variants that influence both traits, or variants that
influence only one of them. When all the relevant variants are considered, one can also
estimate the kind of relationship between the traits (see “genetic correlation”). A review
of the statistical methods to detect pleiotropy in complex traits can be found in [25].
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Usually, the methods that allow for multiple trait analysis are oriented toward quanti-
tative traits like BMI, SBP, DBP and so on, that traditionally are measured on a single
cohort, resulting in the existence of cross-trait correlation that needs to be taken into
account in the analysis. However, there are also methods for performing the same anal-
ysis with summary estimates derived from different cohorts, as well as methods that
allow for binary traits with the case—control design, using overlapped or non-overlapped
controls.

All methods base their inference on the assumption that the z-statistics follow a mul-
tivariate normal distribution (MVN) and perform different types of tests and/or differ-
ent procedures to estimate or approximate the correlation structure. ACA [232] one of
the first methods, estimates the traits covariance from a subset of the phenotypic data
or from published studies, p_ACT [233] integrates the MVN using the trait correlation,
PAT [234] uses a likelihood-ratio test, and PLEI [235] uses the union-intersection testing
method, but in addition to the likelihood ratio test, it also applies generalized estimat-
ing equations under the working independence model; it can be applied for both mar-
ginal analysis and conditional analysis. USAT [236] uses a score-based test, JaSPU [237]
uses an adaptive test which is robust to violations of the MVN assumptions and MTAR
[238] uses a Principal Components (PC)-based test. BMASS [239] on the other hand is
a Bayesian multivariate method, whereas TWT [240], MTAEFS [241] and EBMMT [242],
which are among the newer tools, perform a Cauchy Combined Test (CCT) to handle
the correlation structure and obtain accurate p-values. SHAHER [243] uses a linear
combination of traits by maximizing the proportion of its genetic variance explained by
the shared variants and allows both shared and unshared variants to be effectively ana-
lyzed and HIPO [244] performs heritability-informed power optimization for conduct-
ing multi-trait association analysis. HOPS [245] computes a horizontal pleiotropy score
by removing correlations between traits caused by vertical pleiotropy and normalizing
effect sizes across all traits and PDR [246] performs a pleiotropic decomposition regres-
sion to identify shared components and their underlying genetic variants. We also need
to mention methods like MTAG [247] and PLEIO [248] which use LDSC and apart from
sample overlap also allow data from multiple studies, something that can be considered
meta-analysis and methods like MSKAT [249], multiSKAT [250], MGAS [251], MAIUP
[252] and MTAR (multi-trait analysis of rare variants) [253] which are gene-based meth-
ods specialized for multiple traits. Finally, methods like iMAP [254] and graphGPA2
[255] use graphical models and are capable of performing analysis of large number of
traits.

On the other hand, there are several methods that assume independence of the stud-
ied samples. Most of them are designed for larger analyses of many traits from multi-
ple studies, for instance PolarMorphism [256], JASS [257], gwas-pw [258] and FactorGo
[259], sumDAG [260], combGWAS [261] and GCPBayes pipeline [262]. GCPBayes_
pipeline uses the functionality of GCPBayes to perform cross-phenotype gene-set analy-
sis between two traits. gwas-pw is used for the joint analysis of two GWAS in order to
identify variants influencing both traits. PolarMorphism is based on a transform from
Cartesian to polar coordinates and reports a per variant degree of 'sharedness’ across
traits, whereas FactorGo provides scalable variational factor analysis model that is com-
putationally efficient for large number of traits. JASS provides interactive exploration
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and visualization of the results of comparison of many traits through a web interface
(Fig. 8 A-C), sumDAG goes one step further and constructs phenotype networks by
using a Gaussian linear model and a directed acyclic graph, and combGWAS identifies
susceptibility variants for comorbid disorders and calculate genetic correlations. EPS
[263] and GPA [264] differ in integrating Pleiotropy and functional annotation from
eQTL.

Genetic correlation

Genetic correlation is related to pleiotropy and describes the relationship between two
traits, that is, the extent to which the genetic variants influencing one trait overlap with
the genetic variants associated with the other. It thus can quantify the overall genetic
similarity and provide insights into the polygenic genetic architecture of complex traits
[23]. As we already saw, analyzing simultaneously multiple traits may increase power in
case of horizontal pleiotropy; an additional potential application is to use the estimated
correlation in order to establish causality between traits in case of vertical pleiotropy
(see also next sections). Since heritability is the proportion of the phenotypic variance
explained by genotypic variation it is of no surprise that genetic correlation (or, the
genetic covariance) is related to the traits’ heritabilities. Thus, several of the methods for
estimating heritability discussed earlier, like HESS and SumHer can also calculate the
correlation between traits. The most commonly used method, however, for calculating
genetic correlation is LDSC (LD Score Regression). The method originally developed for
distinguishing polygenicity from bias by examining the relationship between test statis-
tics and LD score, but it is also used for estimating heritability and genetic correlation
[133]. LDSC is also available through the LD Hub server. PCGC-s [265] is an adaptation
of stratified LDSC for case—control studies and can also estimate genetic heritability,
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genetic correlation, and functional enrichment. Another popular tool is GNOVA [266]
which calculates annotation-stratified covariance using the method of moments and
allows for sample overlap. Its extension, SUPERGNOVA [267] identifies global and local
genetic correlations that could provide new insights into the shared genetic basis of
many phenotypes. Local correlations, among others, can be also computed using LAVA
[268]. HDL [269] is a likelihood-based method which produces more precise estimates.
A recent comparison found that LDSC and GNOVA are more similar and robust to LD
and sample overlap compared to HDL. HDL provides biased estimates of the genetic
covariance in most cases and could not distinguish genetic from non-genetic correla-
tion. Moreover, HDL restricts the users to using the built-in reference panel, and its
performs poorly when the number of shared SNPs between reference panel and GWAS
is small [24]. Other tools provide somewhat different types of analyses. For instance
Popcorn [270] estimates transethnic genetic correlation, GECKO [271] estimates both
genetic and environmental covariances, PhenoSD [272] uses LDSC for estimating phe-
notypic correlations and then performs correction for multiple testing using the spectral
decomposition of matrices, whereas LPM [273] is a latent probit model scalable to hun-
dreds of annotations and phenotypes that integrates functional annotations. ccGWAS
[274] is a tool for comparing two different disorders with small genetic correlation pro-
viding a case-case association test, and RHOGE [275] estimates the genetic correlation
between two traits as a function of predicted gene expression effect. LOGOdetect [276]
uses scan statistics with an LD score-weighted inner product of local z-scores to identify
small segments that harbor local genetic correlation between two traits. DONUTS [277]

is a unique method since it operates on summary statistics from families.

Mendelian randomization

Mendelian Randomization (MR) is a method suggested in the pre-GWAS era to inves-
tigate causal relationships between two traits, usually a phenotype and a disease [278]
using genotype—trait associations to make inferences about environmentally modifiable
causes of the traits. In technical terms, MR uses genetic variants as instrumental vari-
ables [279] to mimic the random assignment of exposures in a randomized controlled
trial, similar to the way Mendel’s laws of inheritance dictate the random assortment
of alleles during gamete formation. By utilizing the natural randomization of genetic
inheritance, MR aims to minimize biases introduced by confounding factors that usu-
ally affect observational studies when investigating the association of two traits. Usually,
we are interested in a disease and some other intermediate phenotype, or another dis-
ease. For instance, the MR approach may involve the relationship between hypertension
and BMI, or between hypertension and diabetes. Traditionally MR was performed with
one sample (1SMR) using a single variant (usually referred to IPD methods), and sub-
sequently multivariate methods for MR meta-analysis were developed [280]. With the
emergence of GWAS these methods evolved to the most commonly used two-sample
MR (2SMR) methods that utilize summary data estimates from several variants regard-
ing the genotype—phenotype and genotype-disease association from different samples
[26, 281]. To establish connection with the previous sections, MR seeks to analyze cor-
related traits [282] and to provide evidence for causation, in other words to distinguish
vertical from horizontal pleiotropy.
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Several standard methods for MR in GWAS with summary data have been made avail-
able during the last years: the inverse-variance weighted method (IVW), the various
types of median estimators (simple or weighted) and the MR-Egger regression approach.
IVVW gives consistent estimates only if all the genetic variants in the analysis are valid
instruments. The median estimator is consistent even when up to 50% of the information
comes from invalid instrumental variables, whereas MR-Egger performs equally well but
provides somewhat less precise estimates [283]. These methods are readily available in
standard packages like TwoSampleMR [284] and MR [285]. The functionalities of Two-
SampleMR are also offered, at least partially, through the webserver of MRBASE [284],
which is the only method available as such (see Fig. 8, D). BWMR [286] is a tool that
performs MR in a Bayesian framework. Besides the issue of weak instruments which is
of importance, most modern methods also aim to perform the MR analysis accounting
or correcting for horizontal pleiotropy. For instance, pIVW [287] is an extension of the
IVW that accounts simultaneously for weak instruments and balanced horizontal pleiot-
ropy and MRmix [288] uses a mixture approach allowing a fraction of the instruments
to have pleiotropic effect on the outcome. Similarly, MRcML [289], MR-LDP [290],
MR-Corr2 [291] and MR-PRESSO [292] provide functionalities to account for horizon-
tal pleiotropy, whereas IMRP [293] takes a different approach and searches iteratively
for horizontally pleiotropic variants and causal effects. MR-APSS [294] differs in that it
performs MR accounting for both pleiotropy and sample structure which seems to be
another important confounder (and includes population stratification, cryptic related-
ness, and sample overlap); MRlap [295] considers both weak instrument bias and win-
ner’s curse, accounting for sample overlap. MR.CUE [296] and TS_LMM [297] offer
additional functionality for handling variability of the estimates. LCV [298] is a method
that estimates causal associations between traits avoiding confounding by genetic cor-
relation, whereas OMR [299] uses information from all GWAS SNPs for causal infer-
ence and JAM-MR [300] performs variable selection and causal effect estimation in
MR. CS [301], BiDirectCausal [302], MRCI [303] and LHC-MR [304] constitute another
important class of methods since they can identify bidirectional causal effects. Another
important extension is offered by methods like MR2 [305], MV-MR [306], MRBEE [307],
MVMR-cML [308] and adOMICs [309] which extend the MR framework in the mul-
tivariate setting allowing more than one exposures or outcomes, as well as MR-BMA
[310] which go one step further performing multivariate MR in a Bayesian framework.
Finally, other methods like hJAM [311], MR.RAPS [312] and MRPEA [313] offer more
advanced options. hJAM unifies the framework of MR and TWAS and can be applied
to correlated instruments and multiple intermediates, MR.RAPS uses a three-sample
genome-wide design with many independent genetic instruments across the genome to
handle many weak genetic instruments and pleiotropy, whereas MRPEA uses pathway
association MR analysis approach using data of environmental exposures.

Colocalization and TWAS

As we already described, the MR approach involves the combination of two types of data,
a genotype-disease association, and a genotype—phenotype association. If the phenotype
involves gene-expression, that is the result of an eQTL study, then we have two distinct
but fundamentally related methods, the Transcriptome-wide association study (T WAS)
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and the colocalization approach (Fig. 9). TWAS is based on the idea that genetic variants
can influence gene expression, which subsequently can affect complex traits or diseases
[27]. Thus, the approach uses information from eQTL to identify associations between
predicted gene expression levels and complex traits/diseases [314]. Even though there
are several different methods, the resemblance to MR is obvious; in fact several meth-
ods like SMR that uses a single variant [315], GSMR that uses multiple variants [310],
and PMR [316] which can account for correlated instruments, horizontal pleiotropy, and
can accommodate both single traits and multiple correlated outcomes, all use the term
MR, whereas the authors of TScML [317], which uses two-stage constrained maximum
likelihood, which is an extension of 2SLS, explicitly state that can be used for both MR
and TWAS analyses. FUSION and S-PrediXcan are the oldest and most widely known
methods. FUSION is the current implementation of the first TWAS method [318],
whereas S-PrediXcan [319] is the summary-data version of PrediXcan. Xu et al. [320]
noted that PrediXcan and TWAS can be viewed as a special case of general association
testing with multiple SNPs in a GLM and proposed the so-called sum of powered score
(SPU) test implemented in aSPU-TWAS [320]. A subsequent evaluation has shown that
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the original TWAS statistic is equivalent to an LD-aware version of standard MR [321].
iFunMed [322] and sMIST [323] formulate the problem within the framework of media-
tor analysis, and similarly PTWAS [324] applies principles from instrumental variables
analysis. Comm-S* [325] uses a variational Bayesian EM algorithm and a likelihood ratio
test to assess expression-trait association. Its extension Tiss-Comm [326] leverages the
co-regulation of genetic variations across different tissues explicitly via a unified proba-
bilistic model and also detects the tissue-specific role of candidate target genes in com-
plex traits. Similar multi-tissue approaches are followed by fQTL [327], sCCA [328] and
UTMOST [329]. Primo [330], and OPERA [331] extend further the integration by allow-
ing different types of xQTL data (eQTL, pQTL, mQTL etc.) to allow estimation under
different conditions, whereas SUMMIT [332] uses a large eQTL summary-level dataset,
penalized regression and Cauchy Combination Test and HMAT [333] aggregates TWAS
association tests obtained across multiple gene expression prediction models using the
harmonic mean P-value combination (HMP). BGW [334] and ARCHIE [335] are two
methods that utilize trans-regulated eQTLs. Other tools use combination of methods,
like TIGAR [336] which combines DPR and PrediXcan, whereas others, like JEPEG-
MIX2-P [337] or FOCUS [338], perform TWAS using pathway information, or use LD
to perform fine-mapping over the gene—trait association signals obtained from TWAS,
respectively. Even though the various methods discussed here have different modeling
assumptions and many were initially developed to answer different biological questions,
a recent technical review of the TWAS methods showed that all can be viewed as ver-
sions of the two-sample MR analysis [339]. Indeed, several recent tools like MRLocus
[340], TWMR [341], and Mr.MtRobin [342] make explicit use of the MR methodology
and jargon in order to perform a sophisticated TWAS. MRLocus performs first a colo-
calization step to each nearly-LD-independent eQTL, and then performs an MR analy-
sis step across eQTLs. TWMR performs a multi-gene multi-instrument MR approach
to identify genes whose expression influence the phenotype. Finally, Mr.MtRobin uses
multi-tissue eQTL and a reverse regression random slope mixed model to infer whether
a gene is associated with a complex trait. As we have already noticed, webTWAS,
apart from the database, also offers a webserver for accessing S-PrediXcan, SMR and
UTMOST with user supplied datasets.

Another method that also uses GWAS results along with eQTL data is colocalization.
Colocalization approaches are used to assess whether two different traits or diseases
share a common causal genetic variant or set of variants at a specific genomic locus
[13]. Colocalization analysis identifies genetic variants that show significant association
in both GWAS and eQTL studies. However, unlike TWAS, it does not perform gene
expression prediction and gene-trait association tests, but it focuses on the colocalized
SNPs [28]. TWAS and colocalization are related approaches but not identical, since it
has been shown that may give different results under different conditions (for instance
in case of horizontal pleiotropy) and thus it has been suggested that they should be used
complementary [28, 343]. COLOC was one of the first methods for colocalization and
has seen several improvements [344, 345] (see also Fig. 9). The latest version uses SuSiE
and allows evidence for association at multiple causal variants to be evaluated simulta-
neously, while at the same time separating the statistical support for each variant con-
ditional on the causal signal being considered. MOLOC [346] is multiple-trait version
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of COLOC, operating in a Bayesian framework that integrates GWAS summary data
with multiple xQTL data to identify regulatory effects, HyPrColoc [347] is a determin-
istic Bayesian method that detects colocalization across large numbers of traits, and
SS2 [348] operates across any number of gene-tissue pairs allowing for sample overlap.
LLR [349] works for colocalizing genetic risk variants in multiple GWAS and pheno-
types, whereas POEMcoloc [350] is an approximation to the COLOC method that can
be applied when limited data are available. SparkINFERNO [351], PwCoCo [352] and
ColocQuiaL [353] are pipelines offering additional functionalities, all using COLOC.
eCAVIAR is another popular method [354] that uses a probabilistic model that accounts
for more than one causal variant at a given locus. MSG [355] increases the power using
a spliced gene approach and SharePro [356] integrates LD modeling and colocalization
assessment to account for multiple causal variants in colocalization analysis. PESCA
[357] uses estimates of LD that are ancestry-matched, in order to infer proportions
of population-specific and shared causal variants in two populations. These estimates
are then used as priors in an empirical Bayes framework for colocalization and test for
enrichment of these causal variants in loci of interest. Lastly, we have to mention the
methods that operate as webservers offering ease of use. Sherlock [358] which is also
one of the oldest methods, uses a database of eQTL associations from different tissues
to identify genetic signatures that match those for specific genes. Unlike other methods
it incorporates information from both cis- and trans- eQTL SNPs. LocusFocus [359] is a
web-based colocalization tool that tests colocalization using the Simple Sum method to
identify relevant genes and tissues for a particular GWAS locus in the presence of high
linkage disequilibrium and/or allelic heterogeneity. Regarding the analysis of eQTL data,
ezQTL [360] is a webserver performing various tasks like data quality control for vari-
ants matched between different datasets, LD visualization, and colocalization analysis
using eCAVIAR and HyPrColoc, whereas BAGEA [361] uses a variational Bayes frame-
work to model cis-eQTLs using directed and undirected genomic annotations.

Conclusions

Summary statistics offer protection of privacy over IPD, as well as significant advantages
in computational cost, which does not scale with the number of individuals in the study
[11]. Naturally, in the post-GWAS era it is expected that a large number of methods
would be developed to perform analysis using the summary results of GWAS [11]. The
particular methods, integrating data from multiple sources such as LD, gene expression
and biological pathways, aim to provide biological insight and improve our understand-
ing about the functional role of identified variants [12—15]. One thing which we should
emphasize is the fact that GWAS summary statistics are not mere replacements for
IPD. Of course, some types of analysis can be applied using both summary data or IPD,
like meta-analysis, heritability analysis, fine-mapping and so on. In such cases the sum-
mary data methods greatly enhance the applicability and the ease of use overcoming the
limitations of IPD mentioned earlier. However, methods for other types of analysis, and
particularly those that use multiple datasets, like TWAS, colocalization or Mendelian
Randomization were designed having in mind the summary data and the integration of
data from multiple sources. This is exactly the spirit of the so-called post-GWAS analy-
sis that brought bioinformatics into a central role in genetics research [11]. Most of the
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“success stories” in GWAS during the last years can be attributed to the development
and the application of such methods in identifying new variants, in functional annota-
tion, causal discovery or even in medical applications [2, 12, 362].

In this work we conducted, for the first time in the literature, a systematic review in
order to identify software tools and databases dedicated to GWAS summary data analy-
sis. We categorized the tools and databases by their functionality, in categories related
to data, single-trait analysis, and multiple-trait analysis, along with their sub-categories
which we analyzed and reviewed. We also compared the tools and databases based on
their features, limitations, and user-friendliness. Our review identified a wide range of
tools, each with unique strengths and limitations. We provided descriptions of the key
features of each tool and database, including their input/output formats, data types, and
computational requirements. We also discussed the overall usability and applicability
of each tool for different research scenarios. We identified families of related tools for
performing different or complementary tasks, for instance the CAVIAR tools (CAVIAR,
CAVIARBEF, msCAVIAR, eCAVIAR), the EpiXcan tools (S-MultiXcan, S-PrediXcan),
the LDAK programs (SumHer, GBAT), the MAGMA tools (hMAGMA, H-MAGMA,
eMAGMA) and so on. We need to emphasize that in many cases a tool, originally devel-
oped for IPD, is later adapted to handle summary data, whereas in other cases a tool is
succeeded by a newer version with added capabilities. For instance, the original PrediX-
can method uses only IPD, but it is now considered deprecated. S-PrediXcan and S-Mul-
tiXcan are later versions that are designed to be used with summary data. The same is
the case regarding SKAT. The original method uses only IPD, but later implementa-
tions like metaSKAT or SKAT-O allow for summary data as well. At the same time, it
is of importance that there are several tools that combine different functionalities. For
instance there are tools that can perform meta-analysis and GSA (MAGENTA), gene-
based methods that also offer functionalities for conditional analysis (GCTA), methods
for analysis of multiple traits with gene-based tests (multiSKAT, MSKAT), methods that
can be seen both as methods for multiple-traits or as meta-analysis (PLEIO, PASCAL),
methods that perform both GSA and gene-based tests (aSPU, snpGeneSets, PascalX,
PASCAL,MAGMA, FUMA). Of course, there are several single-purpose methods that
use and combine different statistical tests or different methods (OWC, MCA, TWT,
EBMMT, COMBAT, sumFREGAT, MKATR), and we may not forget methods like
LDSC, with its variants, which was originally developed for distinguishing polygenic-
ity from bias, but it is also used for estimating heritability and genetic correlation being
integrated in many other tools and pipelines.

As we already mentioned, the tools and databases included in the study were those
with a functioning URL. In many publications identified through the literature search
the URL was not working. In some situations, we recovered a valid link by perform-
ing google searches, or by identifying the authors’ websites, but in many cases, this
was not enough. Similarly, several tools deposited in CRAN had been removed or
archived. This kind of problem is something already known in the scientific commu-
nity for years [363-365]. However, there is more to it. Even for the tools included in
the review we could not verify without proper testing that they all work seamlessly,
especially for the older ones [366]. Operating systems evolve, programming languages
change, and with these the dependencies of each software also change. Even though
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there are available best practices [367], it is not always realistic to expect complex
software to work forever without maintenance. Even for some of the tools having
valid URLs, for instance deposited on GitHub, or on personal web pages, we found
statements by the authors indicating that the software is no longer maintained and
that it is not easy to provide technical support. It is clear that more advanced solu-
tions should be pursued. For instance, among the tools we identified the majority are
written in R and Python, but only a handful is available as a webserver: ten of the
tools for GSA, three tools for colocalization, two tools for meta-analysis, and one for
pleiotropy analysis, MR and fine-mapping. Of course, several of the secondary data-
bases we identified also provide the functionality of performing the analysis using
data provided by the user (webT WAS, TSEA-DB, PCGA), but even counting these
the proportion of web-tools is rather low (< 10%). Web servers and web services have
become of high relevance to the field of bioinformatics during the last 20 years [368],
so it is expected to have an increasing number of relevant webservers in the near
future as relevant tools are available to facilitate the incorporation of existing applica-
tions [369—-372]. On the other hand, some tools may be too computationally demand-
ing, so other solutions must be found. Container-based applications [373, 374] such
as Docker can simplify maintenance procedures and add to the reproducibility of
research [375]. Community efforts such as udocker [376] may promote usability of
complex software tools by non-experts in multi-user environments.

As data accumulates it is unavoidable to head to analyses on an even larger scale.
Traditionally the large-scale analysis of many gene-disease associations is modeled
by the so-called diseasome [377, 378] using graph theoretic methods [379, 380]. The
gene-disease network is composed of pairwise associations obtained from public
databases and is a bipartite network [379] consisting of two separate sets of nodes
and the interactions between nodes belonging to the different sets. The projection
to the one or the other of the sets may lead to the gene—gene or the disease-disease
projected networks that inform us about the associations between members of the
same set (for instance, two diseases are connected if they share common genes, and
so on). Such methods are available for years, but they treat the associations as fixed
inputs to the graph. As data accumulate and even more complex statistical methods
are developed that allow cross-trait comparisons and combined analyses of multiple
traits, along with the integration of different types of data such as xQTL, it is tempt-
ing to speculate that a fusion of these two traditions may come, in which the statisti-
cal formalism of the tools presented in this review will merge with the graph theoretic
approaches developed in the systems biology literature. For instance, we may see net-
work approaches leading to causal analyses (similar to MR) that consider simultane-
ously all the diseases and traits for which we have GWAS summary data, or similar
approaches that integrate xQTL data of various types, different tissues and so on.

We hope that this comprehensive review will serve as a valuable resource for
researchers who are interested in using GWAS summary statistics to investigate the
genetic basis of complex traits and diseases, as well as to methodologists that develop
and test relevant methods. We provided a detailed overview of the available tools and
databases, and we hope that this work will facilitate informed tool selection and will
maximize the effectiveness of using GWAS summary statistics.
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