Systematic Review

A Systematic Review of the Effect of Gene-Lifestyle
Interactions on Metabolic-Disease-Related Traits in South
Asian Populations

Manahil M. Bineid', Eduard F. Ventura 2, Aryan Samidoust', Venkatesan Radha?,
Ranjit Mohan Anjana®*?, Vasudevan Sudha*, Gemma E. Walton®, Viswanathan Mohan**~,
Karani Santhanakrishnan Vimaleswaran @' ”*

"Hugh Sinclair Unit of Human Nutrition, Department of Food and Nutritional Sciences, Institute for Cardiovascular and Metabolic
Research (ICMR), University of Reading, Reading RG6 6DZ, United Kingdom; 2Department of Biotechnology, Institute of Agrochemistry
and Food Technology-National Research Council (IATA-CSIC), 46980 Valencia, Spain; *Department of Molecular Genetics, Madras
Diabetes Research Foundation, ICMR Centre for Advanced Research on Diabetes, Chennai 603103, India; “Department of Foods, Nutrition
and Dietetics Research, Madras Diabetes Research Foundation, Chennai 600086, India; 5Department of Diabetology, Dr Mohan's Diabetes
Specialties Centre, IDF Centre of Excellence in Diabetes Care, Chennai 600086, India; °Food Microbial Sciences Unit, Department of Food
and Nutritional Sciences, University of Reading, Whiteknights, Reading RG6 6AP, United Kingdom; "The Institute for Food, Nutrition and
Health (IFNH), University of Reading, Reading RG6 6AH, United Kingdom

*Corresponding Author: Karani Santhanakrishnan Vimaleswaran, Hugh Sinclair Unit of Human Nutrition, Department of Food and
Nutritional Sciences, University of Reading, Reading RG6 6DZ, United Kingdom (V.karani@reading.ac.uk).

This article is part of a Special Collection on Precision Nutrition.

Context: Recent data from the South Asian subregion have raised concern about
the dramatic increase in the prevalence of metabolic diseases, which are influenced
by genetic and lifestyle factors. Objective: The aim of this systematic review was
to summarize the contemporary evidence for the effect of gene-lifestyle interac-
tions on metabolic outcomes in this population. Data sources: PubMed, Web of
Science, and SCOPUS databases were searched up until March 2023 for observatio-
nal and intervention studies investigating the interaction between genetic variants
and lifestyle factors such as diet and physical activity on obesity and type 2 diabe-
tes traits. Data extraction: Of the 14 783 publications extracted, 15 were deemed
eligible for inclusion in this study. Data extraction was carried out independently
by 3 investigators. The quality of the included studies was assessed using the
Appraisal Tool for Cross-Sectional Studies (AXIS), the Risk Of Bias In Non-
randomized Studies—of Interventions (ROBINS-I), and the methodological quality
score for nutrigenetics studies. Data analysis: Using a narrative synthesis
approach, the findings were presented in textual and tabular format. Together,
studies from India (n = 8), Pakistan (n = 3), Sri Lanka (n = 1), and the South Asian
diaspora in Singapore and Canada (n = 3) reported 543 gene-lifestyle interactions,
of which 132 (~24%) were statistically significant. These results were related to the
effects of the interaction of genetic factors with physical inactivity, poor sleep hab-
its, smoking, and dietary intake of carbohydrates, protein, and fat on the risk of
metabolic disease in this population. Conclusions: The findings of this systematic
review provide evidence of gene-lifestyle interactions impacting metabolic traits
within the South Asian population. However, the lack of replication and correction
for multiple testing and the small sample size of the included studies may limit the
conclusiveness of the evidence. Note, this paper is part of the Nutrition Reviews
Special Collection on Precision Nutrition.

Systematic Review Registration: PROSPERO registration No. CRD42023402408.
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INTRODUCTION

The prevalence of metabolic diseases, including obesity
and type 2 diabetes (T2D), has reached epidemic pro-
portions globally, notably in the South Asian (SA) pop-
ulation, who are known to have an increased propensity
for diabetes.' Data compiled between 2009 and 2019
from the SA subregion, comprising India, Pakistan,
Bangladesh, Sri Lanka, Bhutan, Maldives, Nepal, and
Afghanistan, have raised concerns about the spiked
increase in attributable deaths due to diabetes in these
countries.”” In particular, India accounts for the highest
mortality due to T2D,® which can be traced to unique
anthropometric, biochemical, and clinical characteris-
tics, including a higher degree of insulin resistance’ and
increased abdominal fat and central obesity rates.”"°
Additionally, early impairment of beta cell function was
recorded among SA individuals, even with mild dysgly-
cemia.'' This unique profile has been described as the
“Asian Indian Phenotype,” making the population more
susceptible to diabetes even at a younger age and with a
lower body mass index (BMI) compared with other eth-
nic populations.'*”"> Nevertheless, the rising prevalence
of the disorder was recorded in individuals of SA origin
both in their native communities and in the diaspora
when compared with the general population.”™'* This
impacts global health due to the significant number of
SA migrants living in Western countries.'

The rising diabetes and obesity burden in SA
results from urbanization and rapid lifestyle changes,
characterized by a shift toward Westernized dietary pat-
terns, sedentary lifestyles, and physical inactivity.">*?!
Moreover, the SA diet is typically higher in carbohy-
drates, trans fats, and saturated fats, and has a lower
daily consumption of fruits, vegetables, and dietary fiber
compared with other populations.'®** Additionally,
studies have reported increased refined sugar and proc-
essed food intakes during recent decades.””> However, it
has been suggested that multifactorial metabolic condi-
tions originate to a great extent from a complex interac-
tion between genetic and lifestyle factors.*>* Although
research findings have shown that lifestyle modifica-
tions can effectively reduce the incidence of diabe-
tes,”™! the response to lifestyle interventions differs
between individuals and specific ethnic groups due to
the influence of genetic variations.’*>’

To this end, nutrigenetic studies have revealed the
distinct impact of lifestyle factors on the genetic suscepti-
bility of various populations to metabolic diseases.”*
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Thus, the discovery of gene-lifestyle (G-L) interactions
provides a comprehensive understanding of the patho-
genic mechanisms underlying obesity and diabetes pheno-
types; however, it remains a challenging task to explain the
basis for these interactions and identify which gene and
genetic variants are involved in the interaction with life-
style factors.””® Understanding the drivers of increased
metabolic risk in high-risk populations and identifying G-
L interactions may help optimize prognostic tools and
enable targeted intervention approaches that are particu-
larly effective in a population subgroup of similar genetic
makeup.'®***” Furthermore, data from nutrigenetic stud-
ies can be fed into systems that employ modern technol-
ogy, such as artificial intelligence and machine learning, to
predict disease risk and mitigate the burden of noncom-
municable diseases.’® Although some systematic reviews
on G-L interactions have been conducted in other popula-
tions*>**~** only one mini-review has focused on the SA
population.”* Thus, to fill the gap in the literature, the aim
was to systematically review studies investigating the
effects of interactions of genetic variants with diet, physical
activity (PA), and other lifestyle factors on metabolic traits,
including obesity and T2D in populations from the south-
ern subregion of Asia.

MATERIALS AND METHODS

This systematic review was conducted following PRISMA
guidelines®® and synthesis without meta-analysis (SWiM)
in systematic reviews reporting guidelines.** The PICOS
(population, intervention, comparison, outcomes, and
study design) criteria used for study selection are outlined
in Table 1. The protocol for this systematic review was
previously registered in the International Prospective
Register for Systematic Review (PROSPERO, registration
number CRD42023402408).

Eligibility criteria

Articles investigating the interaction between genetic
variations and lifestyle factors, including diet and PA,
on metabolic traits in SA populations from Bangladesh,
Pakistan, Sri Lanka, Bhutan, Maldives, India, Nepal,
and Afghanistan or SA diaspora were eligible for inclu-
sion. The articles were in English and included observa-
tional and intervention studies. Studies that did not
investigate the effects of G-L interactions on T2D or
obesity or did not include SA populations were
excluded.
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Table 1. PICOS Criteria for the Inclusion of Studies
Parameter Inclusion criterion

Population SA population, including India,
Bangladesh, Pakistan, Sri Lanka, Bhutan,
Maldives, Nepal, Afghanistan and the
South Asian diaspora

Intervention or  Lifestyle factors such as dietary factors, PA,

exposure smoking and sleep patterns, and genetic
factors
Comparison Interactions between genetic susceptibility
and exposure to lifestyle factors
Outcomes T2D and obesity-related traits
Study design Observational and intervention studies

published in English

Abbreviations: SA, South Asia; PA, physical activity; T2D, type
2 diabetes.

Search strategy

Until March 2023, literature searches were conducted
independently by M.M.B, E.F.V, and A.S. in MEDLINE
(via PubMed), Web of Science, and SCOPUS until liter-
ature saturation. At that point, the included publica-
tions had also been searched for potential articles in
reference lists. The search strings were created using
Medical Subject Headings (MeSH) vocabulary and
other terms, adapted to follow the Peer Review of
Electronic Search Strategies (PRESS) guideline,*> which
can be found in Table S1.

Study selection

Duplicate records were removed using EndNote soft-
ware.*® Considering the pre-established inclusion crite-
ria shown in Table 1, titles and abstracts were blindly
screened by the 3 reviewers (M.M.B, E.F.V, and A.S.),
followed by full-text screening and discussion until
reviewers reached a consensus. The authors were con-
tacted if the information required to determine the
study’s eligibility was unavailable. Reasons for study
exclusion were (1) without G-L interaction; (2) without
exposure/outcome of interest; (3) non-South Asian pop-
ulation; and (4) not original articles (Figure 1).
Additionally, one paper was excluded due to missing
data, as there was no response from the corresponding
author.”’

Data extraction

The 3 reviewers (M.M.B, E.E.V, and A.S.) extracted data
from the included literature with Microsoft Excel 2023
software.*® A narrative synthesis of the findings was
performed following the SWiM in the Systematic
Reviews guideline.** The reviewers ensured consistency
in the extracted data; this included population charac-
teristics, lifestyle factors, study designs, genetic
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variations, metabolic traits, and P-values for the effects
of G-L interactions on metabolic traits (Table 2).
Pipteraction Tefers to the P-values for effects of G-L interac-
tions on metabolic markers; P-values < .05 were consid-
ered statistically significant. In addition, a graphical
representation of the significant interactions was visual-
ized through a heat map, where color intensity repre-
sented the P-value for the effects of the interaction, and
the darker the color, the lower the P-value. All heat maps
were created using the ggplot2 package in R software®
within an RStudio environment.’® Meta-analysis was not
possible, given that the included studies investigated sev-
eral dietary factors, genetic variants, and metabolic traits,
in addition to methodological heterogeneity.

Risk of bias and quality assessment

The risk of bias (ROB) in the included cross-sectional
studies was evaluated using the Appraisal tool for
Cross-Sectional Studies (AXIS).”' The AXIS appraisal
tool is a 20-point questionnaire that assesses the quality
and reporting of a study, covering areas such as the
Introduction, Methods, Results, Discussion, and other
relevant sections. Each question was scored following
the scoring system: “yes”=1, and “no” or “do not
know”=0. Studies scoring >15 points were classified as
high quality, those scoring 10-15 were considered as
medium quality, and those scoring <10 points were
considered as low quality. The Risk of Bias in Non-
randomised Studies-of Interventions (ROBINS-I) tool
was also used to assess cohort studies, case-control
studies, and nonrandomized trials.”>>* This tool con-
sists of signaling questions that cover 7 domains: con-
founding, selection of study participants, classification
of exposure, deviation from intended exposure, missing
data, measurement of outcomes, and selection of the
reported result. The assessment options for each signal-
ing question were Yes, Probably Yes, Probably No, No,
or No Information. Following a domain-level assess-
ment, the overall ROB was classified into low, moderate,
serious, and critical risk (Table S2). The methodological
quality of the included studies was further assessed
using a scoring system previously employed in genetic
association studies.*>*">* This score included 8 parame-
ters: interaction as the primary aim of the study, inter-
action test, correction for multiple testing, correction
for ethnicity, Hardy-Weinberg equilibrium, test for
group similarity at baseline, sample size, and sufficient
methodological details. For each parameter, numeric
values were assigned to the categorical responses;
“yes”=1, “not known”=0, and “no”=-1. In line with
the previous reviews,>*' the tool’s grading scale was
from -8 to 8, and the studies were classified as high
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S
E 14 783 Records identified through
§ database screening:
= PubMed (n = 8482)
g Web of Science (n=2617)
= Scopus (7 = 3684)
—
—_— v
Records screened
(n=13848)
o0 Records assessed for eligibility through
£ full-text article screening.
= —
g (n=137)
5
@
—
v

Studies included in this review
(n=15)

— | screening

—»| Records excluded based on full-text article

(n=935)

Records excluded based on title and abstract

(n=13821)

screening (n = 22)

Reasons:

e Review (n=3)

Without gene-lifestyle interaction (n = 4)
Without exposure of interest (n = 3)
Without outcome of interest (n = 2)
Multi-ethnic population (# =1)
Non-South-Asian population (7 = 8)

The corresponding author was contacted
but we received no reply (n=1)

Figure 1. PRISMA Flow Diagram of Identification and Selection of Studies and Reasons for Excluding Studies. The literature search was con-
ducted in MEDLINE (via PubMed), Web of Science, and SCOPUS search engines up until 15 March 2023

quality (6 to 8 points), intermediate quality (2 to 5
points), or poor quality (-8 to 1 point) (Table S3).

RESULTS
Characteristics of the included studies

A total of 14783 records were identified from 3 data-
bases (Figure 1). After removing duplicates, 13848
articles were screened for title and abstract, and 37 full-
text articles were assessed for eligibility. Of those, 15
met the inclusion criteria and were considered in this
review. Of the included studies, 8 were in the Indian
population,”>**™®" 3 were in the Pakistani popula-
tion,*>"** 3 were in the SA diaspora living in Canada®
and Singapore,*>®’
tion.”® The study design of these articles included 3
case-control studies (20%) and 12 cross-sectional

and 1 was in the Sinhalese popula-
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studies (80%). Descriptions of individual studies are
shown in Table 2. Dietary protein intake was the most
widely investigated dietary factor explored among the
studies, followed by carbohydrates, fat, dietary fiber,
and alcohol intake. In addition to PA, several lifestyle
exposures relating to eating patterns, sleep patterns,
shift work, and smoking were studied in the articles.
Across the 15 included studies, 135 genetic variants
were investigated individually or as a genetic risk score
(GRS), with FTO and TCF7L2 single nucleotide poly-
morphisms (SNPs) being the most studied genetic var-
iations. The GRS is a commonly used approach to
assess the combined impact of several genetic factors,
each with modest effects. Six included studies employed
the GRS approach by adding the number of disease-
associated alleles across each SNP.>~>*¢16%%% The stud-
ies used a relatively similar methodology to calculate the
GRS. A value of zero, 1, or 2 was assigned to each SNP,
indicating the number of risk alleles present.
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https://academic.oup.com/nutritionreviews/article-lookup/doi/10.1093/nutrit/nuae115#supplementary-data

(panunuod)

(1sk @zL DLYaH
14 'Dd) s”19qelp

alieuuonsanb

palepi|eA paniodai-j|as/1vd
044 paiepijea
Po431SIUIWPE-ISMBIAISIUI
/(peo| J1wad4|6
paisnfpe-Abiaua ‘xapul
J1WdA|6 parsn(pe-Abiaua
‘(6) 199y ‘(%)

(9107 210 ‘(41 Ausaqo 9y e1ul Ab1sua seieipAyoqued €209/01 1S4 (K0z<) (QzL veL
UeJEMS[RWIA ON ‘INg ‘OMm) Auseqo pue ‘uia101d ‘1ey) AresaiQ pue 9¢10508s! 0.4 ‘IDN ¥88) 8191 = u/uelpu|
alieuuonsanb
paiepijeA pauodal-)9s/1vd
044 palepljea
PaJR1SIUIWLIPR-IOMIIAIRIUI
(Rusaqo /([6] v4nd ‘v4nW 81700TES! pue ‘/zes)
10(C207) uowwod ‘g V45 “4aqy ‘sareipAyoqued Td7 Pue :[96£8/ 151 (KoL Ft¥) (Tl 09T
[e 33 1unpm ON HM DM) Ausaqo ‘utpl04d ‘1ey) Lieaiq d13D ‘S¥D dNS-€ ‘19N ££7) L6% = u/ueipy|
aJieuuonsanb
paiepijeA pauodal-)as/1vd
044 pa1epljea
paJlaisiulwpe-1amalniaiul
(OIs @zl DLYIH /([6] 3je3ur y4nw pue 9% 1£06/51 pue
os(£107) ‘|4 'Dd) sa19qelp ‘v4nd "12qy ‘sarespAyoqued ‘TLESSTTLSI TTLDL (A0z<) (azL 198
[e 13 lulypog ON ‘(IWg OM) Ausaqo ‘uti01d ‘1e)) A1e3aIQ ‘CLETBLLLSI YPOW ‘19N 1Z8) 7891 = u/uelpu|
9€10508s/
014 '9¥1€06/54
pue z/£S57T LS
044 pa1epljea Z1/401 ‘SYD dNS-€
paJa1siulWwpe-1aMaIAIRIUI €209/015S4 pue
/([6] ui2104d 1ueld YPLE6LLSI 'ELH88S LS
pue [6] utiod 'LE08L6SI ‘9£L0S08S!
OLVvaH [ewliue ‘o, ejul 0.4 ‘91 £06/54
6(L200) ‘14 ‘D) s19qelp AB1aua sajeipAyoqied pue 7/£SSTT LS (A2l Sb) (@TL 995
[e 33 lwe|ns|y ON ‘(IWg OM) Ausaqo pue ‘uRioud ‘1ey) Areaig Z1/421 ‘SYD dNS-L ‘19N 90%) 7901 = u/uelpu|
w‘__m::o_umw:U €LEC8LLLSA
palepljeA payiodal-y|as/1vd YD PUe 9y LE06/S)
044 paiepljea pue z/£557Ls
OLvaH paJalsIuIWpe-1aMBIAIBIUI/ (% 71421 'S0¥88€TS (K0z<) (azL
45(0200) ‘14 ‘D) sa19qelp aejut ABb1aua sarespAyoqued pue 91050854 014 /1 nagelp-aid LGL
[e 33 ueylely ON “(IWg OM) Ausaqo pue ‘uRioud ‘1ey) Areaig ‘SYD-d110qeIdN dNS-S ‘19N 612) S¥'S = u/ueipu
aJieuuonsanb
poailepijeA Umtoam‘_.tmm\._,qa
044 paiepijea (534nD) Apnis
(OLVGH ‘4 ‘D) PRJ33SIUIWPE-IIMBIAISIUL/ (% S0v88¢€Ts! (K0z<) (azL ABojoiwapid3
,5(e6107) sa1aqelp ‘(INg aejur AB1oud sareipAyoqued pue 9€10508s/ 9/1 "naqelp-aid g§1 [eany ueqin
[e 33 UepuaINg ON HM DM) Ausaqo pue ‘uiaroid ‘1ey) Aesal 014 'S49-0.14 ‘19N 2T?) 8¢S = u/ueipy| S leuuayd/elpu
(abe) ubisap aweu
CRUEIETEY] uonedijday sawodnQ 1003 JudWIssasse/ainsodxy SYD 10 SINS 9zis d|dwes/uonejndod Apms Moyod/£nuno)

S9IpNiS |enplAIpU| JO Sdiisueloeley) g ajqel

1065

Nutrition Reviews® Vol. 83(6):1061-1082



(panunuod)

(OVdD) a4reuuonsanb
Auanoe [ediskyd [eqolb/1vd
‘D44 paiepijea

LZeLyLLS
1NW pue S088.L/s4
91N4 ‘6LTYTEVESS
INDL ‘29970954
ZUN4 TLLL8TLYS
T9ATD ‘€09LELLSA
INDL *€£S9€€TS
0Z€Q@D TTT108LS)
NENJ ‘168L¥0LS]
1SdD "€€LLO8LSI
H4HIW -S4D-CLg
¢560€0S5s4 pue
'09£526T51 'L9TT6LES
OLNdYD '617SS!
LLINDY ‘9t L€06/5)
pue g/esseelss
T7/421 *91967TTs

(OLVaH paJo1siulwpe-1amalniaiul pue glez8//1s4 (aooo)
‘14 '04) se19qelp /(6) 199y (% drIIN 9€10508s4 s9leqeld
20(d6107) (% 49 ‘INg DH aejul Ab1aua sareipAyoqued pue 6096£6654 (A05-52) pue AusaqQ jo
|€ 19 ueipusins ON "HHM DM) Ausaqo pue ‘uiajoid ‘1ej) Aiesaiq 014 :SYD-31joqeIdsN Ayeay 601 = u/asajeyuls S-D dlidusH/eyue U
787108154
DYVdd ‘T560£0554
'19TT6LE5)
0LNdVD ‘8710815
L-SHI ‘L€8ET6LS
‘SL8LLLLSI
X3HH ‘1991 1801s/
9/VINIQD ‘T669SLLS
‘08¥SLLS
LIVNAD '7€999TE LS
alleuuonisanb 8Y0€J7S '6£50L¥ 1S
/(uwdn1ed uonesbiw ‘09620151
‘Bupjows ‘yd) ajhisayn 7dg9749] ‘TLESSTTLSA
«<(5107) alleuuonsanb 'G0C96L L 1S (A 0¥<) (sjo3u0d
‘Appay pue /(uondwnsuod joyod|e ‘pooy ‘Ot L £06/51 |ewJou | z9 ‘syuaned
14304 ewin ON (su @zl) se1eqelq Qun( ‘suqey pooy) A1eraiq T7£401 'SdNS SL ATl 8SL) 6LEL = u/ueipu] D elpuj
alieuuonsanb
(OLYaH patepijea paniodal-j|as/1vd
‘uippauodipe 044 paiepijea
wnJas PaJ91SIUIWPE-JIIMIIAIDIUL (S34ND) Apnis
bunsey ‘|4 04) /() 1391 “(%) ABojoiwapid3
0o(LT0T) [ 12 sa12qelp ‘(IINg eyl ABIaus sajespAyogied LlevLTes (K0z<) (azl L6 |einy ueqin
uelemss|ewin ON YHM “DM) Ausaqo pue ‘uRi0ud ‘1ey) Areaig 19¢€y unuawo ‘19N S¥6) 9881 = u/ueipu] ) leuuayd/eipuj
(obe) ubisap aweu
EMTEYETEN | uonedijday Sawo0d3nQ 1003 Judwissasse/ainsodxy SyD 10 SdNS 9zis 3|dwes/uonejndod Apms 1oyod/£nuno)

panunuo) °z 3jqel

Nutrition Reviews® Vol. 83(6):1061-1082

1066



‘91N4 ‘uondieju| _m_Emuobz ‘| ‘ones 3ybiay-isiem ‘YiHM ‘ones

‘wisiydiowAjod apnoappnu 3|buls ‘gNS ‘DIURISISIY UIINSU| JO JUSWISSISSY
[9POA 213LISOBWOH “HI-YINOH ANAnDe [edishyd ‘vd D1y uiqojbowsH \u:ﬁ_._ ‘aareuuonsanb Auane [edisAyd [eqoD ‘DYdD ‘[eUOI1D3S-SS0ID ‘S-) {| Uiwiejeqodsuel] ‘I NDL ‘9 aselajsuesjAsoon

1Y-1SIBM “YHAA ‘(WD) 9JUISJWNDIID ISIEM DA ‘8| UIDI0I] SUBIQUISWISURI] ‘@[ A/TINL “POOJ dSUIP-1e) piemol Aousp

-u3] ‘441 ‘¢ ulwejeqodsuell ‘zZyJJ ‘7 MI|-£ 101de) uondudsuely ‘z7/4)1 ‘syuaned salaqelp g 2dA1 ‘gzl ‘pioe A13e) pajeinies ‘y4S [UeIsy YInos ‘ys ‘pide A11ey pajeinjesunijod ‘y4nd ‘ewwen

101da33Y PaleAIDY J01RIYI|0d SWOSIX0IDd ‘DYYdd ‘1 uUidijiad ‘LNITd (A1eIuapas/mo| ‘wnipaw ‘ybi
-390 ‘S|enpIAIPUI JURID|01-950dN|6 |ewIou ‘| DN {| Jo)e|nbay
-|AyLw ‘Y4H1y 1103d333I-p-uniodoueRW ‘YH) N Bsedl| U190l
Buipuig YNYW 7 1039B4 YIMOID )I-UlNSU| ‘Zdg9Z4D] XoqoawoH passaidx3 AjjednsiodolewseH ‘XIHH ‘(wd) 9ouasajwndin diy “OH ‘2103 Ysii d139uab *
-abAxo1p 1uspuadap s1eseIn|bolay-eydie ‘0l YESEENd U101 PaziaIdeIeydUN SAIRING ‘LESEET4 ‘Ulnsul bunsey ‘|4 ‘8s0dn|b Bunsey ‘o4 ‘Biieuuonsan

d

odi| ‘747 ‘L L 9B [ A|iweygng [suuey) buikoay

b0

[9A9] AAIDE [edISAYd “Tyd ‘SHel) paie|al-salaqelp ‘salaqelp ‘syel) pale[ai-A1Isaqo ‘Aus
IMOJD) [RUOININ ‘[YDIN ‘dseInw yo)-JAuojew|AyIsy \NSS\ ‘pide A11ey pajeiniesunouow ‘4NN ‘95e1npal 91ej0joipAyeiISIsud

[PAeMU| WINISSRIOG ‘[ [FNDY ‘1 S3elIsqns J01dadal uljnsul ‘| -SY| ‘g u19lo.d
'z asesgysuesyjAsodn4 ‘z N ‘aseu
uanbayy pooy D4 -uljiqnd ‘NgNd

:wmmﬁc\nmBms%o;a-;oemo_hmugwmuamm\:<ou-_mEm:_qu\:u.\c_an _N\Gcmb qum_awuw_o;u\&udim_o:g_;c_mmmc_v:cwvcwawn_c__u>u\<mzxou;wv___-_c_ﬁoa_oﬂm_uommm-y_c
-ngns A1oyenbas gYAD “LIvNAD ‘uled|ed ‘NdVvD *(,w/0¥) xapul ssew Apoq ‘|ng ‘26ejusdiad jey Apoq “94g 103084 J1ydoljoinaN paArag-ulelg ‘ANQg ‘zv ursioidodijode ‘2y0dy sUonpIA3IGqY

(4I-YWOH) KoL+
,(1107) sa)aqelp 044 paiepljer/(% 7805S! 0v) (Uelpu] uelsy = 6)
e 13 e|j210D SOA ‘(Iwg) Ausaqo el AB1sud v4S) Aieraig D < 1§9Z-W TYOdY 709t = u/eiodselp ueipu ) Asning
044 paiepi|ea/(% axelul y3[eaH |euonen
5(9007) (4I-YWOH AB1aua sajespAyoqed pue 1 < vs66vL (A69-81) (ueipuj 869) alodebuls
€33 e||310) ON 14 'D4) sa19qelq VAN ‘V4Nd ‘v4S 18y) Kiesaig puey < 5z8yLL NITd L0l = u/esodselp uelpu S /310debuig
Apms (HNL)
044 M3IIM yijesH pue
+(8107) palIpow-01U0I0] 3Y}/(% (K62-00) (¥S soiwoudbiny
[ 32 BB ON OM ‘Wg) Auseqo  eun ABssus uioid) K1esaig T068951S1014 /L) 6€91 = u/elodselp yS ) 0ju0J0] /epeue)
£0(9100) alleuuonsanb (KoeF (SIWOoYd)
e 19 pewyy ON (W) Ausaqo pajepijea/bunjows “Tyd Y6TEELOVLSI HESEETS 8'€S) LEL ¥L = u/lueispyed S Apms uonoieju|
(K96 F8°€S) (sjonuod |e1pJedoAN
20(SL0T) alleuuonsanb SdNS G6 U0 paseq SYH z€T8 ‘swusned | Jo sy
e 32 pewyy ON (Iwa) Ausaqo paiepijea/bunjows “yd SdNS $6 §T64) LSL 9L = u/luelspjed 2D uejsiyed/uelsiied
alleuuonsanb payodai-jas
/(¥d MO| ‘S 1om Yiys 7SL518Ts!
3124 9xjem—daa|s ‘uoneinp 1Y9IN ‘L1LEL9S/SA
(4IHM pue das)s ‘ssausnoidsuod 8LWIWL ‘S80LTHLSA (K0z<)
4o(L20T) YHM DH ‘DM 121p ‘4041 ‘usaed 014 '5929s! ANQE (]o13u0> 88T ‘sased 3saqo
e 33 euey ON ‘IINg ‘%44) Ausaqo buiies) sio1ey 3jf1s9417 "CLETBLLLSI YPIW 067) 845 = u/iueispjed 2D ueispied
(abe) ubisap aweu
ERLUEIETEY] uonedday sawod1nQ 1003 Judwissasse/ainsodxy SYD 10 SdNS 9zis 9|dwes/uone|ndogd Apms uoyod/£nuno)

panunuo) °z ajqel

1067

Nutrition Reviews® Vol. 83(6):1061-1082



Subsequently, these values were aggregated by adding
the number of risk alleles across all targeted SNPs for
each participant. This cumulative score represented the
individual’s genetic predisposition to the outcome of
interest. Based on the median number of risk alleles, the
scores were divided into categories, allowing for the
identification of individuals with higher or lower
genetic risk for the outcome of interest. Additionally, all
studies employed an unweighted method to construct
the GRS, primarily due to limited information regard-
ing the effect size of the investigated SNPs within the
targeted population.

Concerning the outcome measure, investigated
obesity traits included obesity risk, BMI, waist circum-
ference (WC), hip circumference (HC), waist-to-hip
ratio (WHR), waist-to-height ratio (WHtR), and per-
centage body fat (BF%), while T2D-related measured
outcomes were mainly fasting glucose (FG), fasting
insulin (FI), and HbA1C. The sample size of the studies
varied between 109 and 16157 adults, including both
men and women. Regarding the assessment of lifestyle
exposures, all studies that measured dietary exposure
used an interviewer-administered food frequency
questionnaire (FFQ).>>°¢761%%%7 1n a similar scenario,
studies investigating PA exposure wused self- or
investigator-administered questionnaires (Table 2).>>>"%®

Additionally, by exploring the genetic model tests
chosen for the SNP genotype data, most of the studies
(n=10) utilized an additive genetic model (comparison
between the 3 genotypes), 3 used a dominant model
(comparing individuals with common homozygous
genotypes with the combined group of rare homozy-
gotes and heterozygotes), and 2 employed a recessive
model (comparing individuals with rare homozygotes
genotypes with the combined group of common homo-
zygous and heterozygotes) in their analyses. Rationales
for the chosen genetic models were provided in a few
studies.

Study quality and risk of bias

The methodological quality evaluation of G-L research
identified 5 as high-quality studies®”>**°***°® and 10 as
medium-quality studieg?>°>°6-58:61-63.65-67 (Tqple S4).
The main reasons for the reduction in methodological
quality of the studies were a small sample size and fail-
ure to report information about corrections for multiple
testing. According to the AXIS ROB assessment, all
cross-sectional studies were evaluated as having a low
ROB (Table S5). The ROBINS-I tool was applied to
assess the ROB for the 3 included case-control stud-
ies®>®*%* (Table S6 and Figure S1). One article,? was

judged to have a serious ROB due to high bias in the
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classification of exposure, while the others®®* had a
moderate ROB.

Effects of gene-lifestyle interaction on obesity

Of the 15 included studies, 13 investigated the effects of
G-L interactions concerning obesity outcomes and
reported 120 significant interactions. These findings,
including P-values for effects of interactions, are shown
in Table 3,°>°*** Table 4,°>°® and Figure 2.>>°"6>04%8
The results were stratified by lifestyle factors to identify
exposure-specific G-L interactions.

Effects of interaction between gene and dietary intake on
obesity traits. Starting with protein intake, the most
commonly investigated dietary factor among the stud-
ies, a cross-sectional interaction study of 109 healthy
Sinhalese adults from the Genetics of Obesity and
Diabetes cohort (GOOD) found that protein-energy
intake (%) significantly interacted with a B12-GRS con-
sisting of MTHFR, CPS1, CUBN, CD320, TCN2,
CLYBL, FUT2, TCN1, FUT6, and MUT variants and a
metabolic-GRS based on FTO, MC4R, TCF7L2,
KCNJj11, and CAPNIO variants influencing obesity
risk.®® However, the influence of B12-GRS on WC was
evident only under the impact of a high-protein diet.
Notably, individuals with <9 risk alleles exhibited lower
WC when following a high-protein diet in contrast to
those consuming a low-protein diet.

Gene-carbohydrate intake interactions were reported
in 2 studies.”>*® In the Sinhalese study®® an interaction
was found between carbohydrate energy intake (%) and
the metabolic-GRS on WHR and WC. Among those who
consumed a high-carbohydrate diet (78% energy), carriers
of <8 risk alleles for the metabolic disease had 6.46%
lower WHR than individuals with >9 risk alleles.”®
Another cross-sectional study (in 1618 Asian Indians)
reported a significant interaction between the FTO SNP
rs8050136 and carbohydrate energy intake (%) on obesity
risk, where individuals carrying the “A” allele had a 2.46-
fold higher risk of obesity compared with the “CC” geno-
type among individuals in the highest tertile of carbohy-
drate intake (71% energy).25 Moreover, interaction of the
FTO rs11076023 variant with dietary fiber intake (g) was
found to decrease obesity, and the “AA” carriers had
lower WC and BMI than the “T” allele carriers among
those who were in the highest tertile of dietary fiber intake
(44 g/d).”

Regarding the effect of fat intake, a cross-sectional
study using a sample of 497 Asian Indians reported a
significant effect of interaction between 3-SNP-GRS
(CETP and LPL variants) and total fat intake (g) on
WGC; however, this interaction did not remain signifi-
cant after adjusting for lipid subfractions (high-density
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Figure 2. Heat Map Showing the Results of the Significant Interactions Between Gene and Lifestyle Factors in Relation to Obesity in Indian,
Sinhalese, and Pakistani Populations. Surendran et al (2029b)%®: metabolic-GRS=FTO (rs9939609, rs8050136); MC4R (rs17782313, rs2229616);
B12-GRS=MTHFR (rs1801133); CPST (rs1047891); CUBN (rs1801222); CD320 (rs2336573); TCN2 (rs1131603); CLYBL (rs41281112); FUT2
(rs602662); TCNT (rs34324219); FUT6 (rs778805); MUT (rs1141321); Wuni et al. (2022)®": 3SNP-GRS=CETP (rs4783961); LPL (rs327, rs3200218);
Vimaleswaran et al (2016)%*; Rana et al (2021)%%; Ahmad et al (2016)%. Abbreviations: BF%, body fat percentage; BMI, body mass index; HC,
hip circumference; IN, Indian; IS, inadequate sleep; M-H TFDF, a moderate-to-high tendency toward fat-dense food; MUFA, monounsatu-
rated fatty acid; PAL, physical activity level; BDNF, brain-derived neurotrophic factor; FLJ33534, putative uncharacterized protein FLJ33534;
FTO, alpha-ketoglutarate dependent dioxygenase; MC4R, melanocortin-4-receptor; NEGR1, Neuronal Growth Regulator 1; TMEM18,
Transmembrane protein 18; PK, Pakistani; REP, random eating pattern; SFAs, saturated fatty acids; SI, Sinhalese; SW, shift work; SWC, irregu-
lar sleep—wake cycle; WC, waist circumference; WHR, waist-hip ratio; WHtR, waist-height ratio

lipoprotein, low-density lipoprotein, triglycerides, and
total cholesterol).® Additionally, the 3-SNP-GRS inter-
actions with saturated fatty acid (SFA) and monounsa-
turated fatty acid (MUFA) intake showed a significant
effect on obesity, where participants in the low-SFA
intake group (<23.2g/day), despite carrying >2 risk
alleles, exhibited a smaller WC in comparison with sub-
jects carrying <2 risk alleles. For those carrying >2 risk
alleles, high SFA intake (>23.2 g/day) was significantly
associated with a larger WC compared to low SFA
intake (Table 4). Nevertheless, no further significant
gene-diet interaction effects on obesity were found in
the SA population.

Interactions between genes and physical activity on
obesity traits. Significant effects of gene-PA interactions
on obesity were reported in 1 case—control study con-
ducted in the Pakistani population with a sample of 578
Pakistani adults®* (Table 3). This study established a
higher obesity risk that was attributable to the interac-
tion between low PA and 5 genetic variants. The
detected interactions between low PA and the FTO
rs1421085 or the TMEMI8 rs7561317 increased all

Nutrition Reviews® Vol. 83(6):1061-1082

obesity-related outcomes. Similarly, the risk allele A of
the NEGRI rs2815752 and the risk allele C of the MC4R
rs17782313 variants interacted significantly with low
PA, resulting in higher BMI, WC, HC, WHR, WHIR,
and BF% in this sample. Lastly, an effect of the interac-
tion of BDNF SNP rs6265 with PA was observed in
increased WC but not in other obesity-related varia-
bles.* Another case-control study conducted on a sam-
ple of 7925 myocardial infarction cases and 8232
controls recruited from the Pakistani PROMIS cohort
revealed effects of several G-L interactions in the con-
trol group (mean age 54.1+8.9) between PA and
genetic variants, including CLIPI rs11057405, CADM2
rs13078960, and GALNTIO rs7715256 on BMIL®
However, none of these findings remained significant
after correction for multiple testing. Further investiga-
tions of several genetic variants and GRSs showed no
significant  effects of with PA

Indian,>*”*® Sinhalese,*® or Pakistani populations.®”

interaction in

Effects of interactions between genes and other lifestyle
factors on obesity traits. In the case—control study of 578
Pakistani adults, the researchers further investigated the
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effects of interaction between the 5 SNPs, MC4R
rs17782313, FTO 1s1421085, TMEMI18 157561317,
NEGRI 1rs2815752, and BDNF rs6265 and several
unhealthy lifestyle factors (including random eating pat-
terns, a moderate-to-high tendency toward fat-dense
food, inadequate sleep [<7hours/day], irregular sleep-
wake cycle, and shift work) on obesity risk.®* This study
identified approximately 84 interactions, as listed in
Table 3. The study found that the risk allele “C” of the
MC4R rs17782313 interacted with random eating pat-
terns, a tendency toward fat-dense food, and irregular
sleep, leading to an increase in BMI, HC, and WHtR.
Specifically, interactions involving the tendency toward
fat-dense food and irregular sleep factors resulted in
higher WHR and WC measurements. Moreover, 21 sig-
nificant interactions between the risk allele “C” of the
FTO rs1421085 and random eating patterns, a tendency
toward fat-dense food, irregular sleep, and shift work
were observed to increase obesity-related traits such as
BMI, WC, HC, WHR, WHIR, and BF%. Regarding the
TMEM]18 rs7561317 variant, interactions of the risk
allele “G” with random eating patterns, tendency
toward fat-dense food, and irregular sleep significantly
increased all obesity traits, including BMI, WC, HC,
WHR, WHItR, and BF%. Interactions between the
TMEM18 variant and shift work and inadequate sleep
were also significantly associated with higher obesity
traits in this study. Lastly, researchers examined the
NEGRI rs2815752 variant and found 24 interactions
between the risk allele “G” and random eating patterns,
the tendency toward fat-dense food, inadequate and
irregular sleep, and shift work, which increased all obe-
sity parameters significantly.**

Concerning other lifestyle factors, 1 significant
gene-smoking interaction relating to obesity was identi-
fied in an investigation of healthy participants from the
PROMIS cohort in Pakistan.®® This interaction involved
the FLJ33534 rs140133294 variant, which exhibited a
positive association with BMI in non-smokers but a
negative association in current smokers (Table 3). A
separate sample from the same cohort showed a reverse
effect of smoking on the gene-BMI association. Several
variants (PTBP2 rs11165643, HIP1 rs1167827, GRID1
rs7899106) interacted with smoking to increase BMI;
however, these findings were inconclusive.®

Effects of gene-lifestyle interactions on T2D

The current study identified 10 publications that exam-
ined the effects of G-L interactions on T2D-related
traits such as FG, FI, and HbA1C, in which 12 signifi-
cant effects of interactions were reported. Findings
relating to effects of G-L interactions on T2D, including
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Pjpteractions are shown in Table 5, Table 6, and
. 25,56,59,68

Figure 3.

Effects of interactions between genes and dietary intake
on T2D traits. Effects of gene-diet interactions on T2D
were reported in 4 included studies.”>***>® In a sam-
ple of 1062 Indians recruited from the Chennai Urban
Rural Epidemiology Study (CURES) cohort, a signifi-
cant effect was noted of an interaction between 7-SNP-
GRS (TCF7L2 and FTO SNPs) and carbohydrate energy
intake (%) (65+6% total energy intake [TEI]) on FI,
which can be seen in Table 6.>° Carbohydrate intake
was also found to significantly interact with the TCF7L2
rs7903146 variant to modify FG and T2D risk in
another sample (n=1682) from the same cohort
(CURES).”® Additionally, with a GRS approach, cross-
sectional data from a sample of 109 healthy Sinhalese
adults reported a significant effect of an interaction of a
10-SNP metabolic-GRS (FTO, MC4R, TCF7L2, KCNJ11,
and CAPNIO0 variants) with carbohydrate energy intake
(%) (69.62 +8.80% TEI) and with protein energy intake
(%) (11.29+2.31% TEI) on FL°® Moreover, the influ-
ence of protein energy intake on gene-T2D associations
was identified in a cross-sectional study that included
1062 adult Indians, where a positive effect of interaction
between a 3-SNP GRS (TCF7L2 and FTO SNPs) and
total protein intake (%) on FG and HbAlc was
reported.”® In addition, low plant protein intake (<39 g/
day) was associated with increased HbAlc and FG
among carriers of >1 risk allele compared with individ-
uals with <1 risk allele. Additionally, a higher intake of
animal protein (>19 g/day) was associated with greater
FG and HbA1lc in those with >1 risk allele than in indi-
viduals with <1 risk allele.”® Furthermore, the same
study reported a significant effect of an interaction
between the 7-SNP GRS and protein intake (%) on
HbAlc. Another protein-intake-related interaction was
observed with the TCF7L2 SNP rs7903146 on T2D risk
in a cross-sectional study including 861 T2D and 821
NGT Indian subjects.*®

Two cross-sectional studies from India reported
effects of gene-diet interactions on T2D traits involving
dietary fiber.>>*° First, an effect of an interaction
between the TCF7L2 SNP rs12255372 and total dietary
fiber intake (g) on FG was identified in a sample of
1682 adults recruited from the CURES study; however,
this trend was not observed between the SNP rs7903146
and dietary fiber intake on T2D risk.”® Another signifi-
cant effect of an interaction between the FTO SNP
rs8050136 and dietary fiber intake (g) (32 + 11 g/day) on
T2D was identified in a sample of 566 T2D cases and
496 NGT Indian adults.”> However, this interaction was
not observed for FTO SNP rs11076023. Nevertheless,
investigations of fat intake, alcohol consumption, and a
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Figure 3. Heat Map Showing the Results of the Significant Interactions Between Gene and Lifestyle Factors in Relation to T2D in Indian and
Sinhalese Populations. Alsulami et al (2021)°°, 7-SNP-GRS=TCF7L2 (rs12255372, rs7903146); FTO (rs8050136, rs918031, rs1588413,
rs7193144, rs1076023); Surendran et al (2019b)%, metabolic-GRS=FTO (rs9939609, rs8050136); MC4R (rs17782313, rs2229616); FTO, alpha-
ketoglutarate dependent dioxygenase; GRS, genetic risk score; HbA1c, Hemoglobin Alc; SNP, single nucleotide polymorphism; TCF7L2, tran-
scription factor 7-like; TCF7L2 (rs12255372, rs7903146); KCNJ11 (rs5219); CAPN10 (rs3792267, rs2975760, rs5030952); Bodhini et al (2017)°%;
Vimaleswaran et al (2016).2°> Abbreviations: FG, fasting glucose; Fl, fasting insulin; IN, Indian; PAL, physical activity level; SI, Sinhalese; T2D;
type 2 diabetes

vegetarian diet showed no significant effects of interac- metabolic diseases, including obesity and T2D, in the
tion with any SNPs or GRSs on T2D-related outcomes SA population. Seven of the 15 identified publications
in the studies from India.*>>>**®>* The effect of the reported statistically significant effects of G-L interac-
gene-diet interaction on T2D risk has also been tions on obesity or T2D traits>>>*>*°10>%%% (Figures 2
explored in a sample of 598 Asian Indian diasporas and 3). Several studies suggested that the FTO and
recruited from the Singapore National Health Survey TCF7L2 variants were the most robust genetic predic-
Cohort; however, researchers did not identify any sig- tors for obesity and T2D in SA, respectively”>* !
nificant effects of interactions between the PLIN SNP which is similar to the findings in European
rs894160 and dietary exposures on T2D risk in this research.”””> Therefore, variants of the FTO and
population.®® TCF7L2 genes were the most frequently examined var-
iants (alone or aggregated) across studies in the current
Effects of interactions between genes and physical activity review (in 11 and 6 studies, respectively). Most studies
on T2D traits. Across the included articles, 3 cross- found that the significant effects of interactions were on
sectional studies explored the effects of gene-PA interac- obesity-related parameters, including BMI, WC, and
tions on T2D-related traits in the SA population.>>*® WHR (Tables 3 and 4), while a limited number of
Nevertheless, only 1 reported a significant interaction reported interactions were related to T2D outcomes
where PA levels were found to modify the association (Tables 5 and 6).
between the FTO SNP rs8050136 and T2D risk in a sam- The current findings from the SA-origin population
ple of 734 T2D patients and 884 NGT participants from have demonstrated that multifactorial metabolic dis-
India; however, this effect was not shown for the FTO eases, including obesity and diabetes, are affected by the
SNP rs11076023.> The remaining studies did not identify interaction between genetic and lifestyle factors. In par-
significant effects of interactions between PA and GRSs on ticular, the variants of FTO and the TCF7L2 have been
any T2D-related outcomes in the Indian or Sinhalese found to have significant interactions with dietary
population.”®%® intake, including carbohydrates, protein, and dietary
fiber, in terms of T2D risk in the SA popula-
DISCUSSION tion.”>**>>%® This is corroborated by data from the
Nurses’ Health Study (NHS), which indicated that the
This is the first systematic review summarizing all of the risk of T2D associated with TCF7L2 was increased by
evidence of G-L interactions and their impacts on the quality and quantity of carbohydrates in the diet of
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diabetic American women.”* Furthermore, interactions
involving high carbohydrate intake were observed to
enhance obesity traits, resulting in an increased risk of
obesity. In contrast, the current findings indicated that
a higher dietary fiber intake may have an attenuating
influence on metabolic disease risk as determined by
genetic factors.”>*® A similar moderating effect of fiber-
gene interaction on T2D was also observed across vari-
ous populations.*' Additionally, the current data show
that protein and carbohydrate intakes interact with
B12-GRS, having a significant effect on metabolic-
related traits in Sinhalese populations.®® Although there
is limited evidence concerning the effect of interaction
of fat intake with genes on metabolic disease risk in the
SA population, interestingly, high intake of SFA (>23 g/
day) was reported to interact with 3SNP-GRS (CETP
rs4783961 and LPL rs327, rs3200218), increasing obesity
risk in Indians.®"

In addition to dietary factors, the current findings
validate the modifying impact of PA on the association
between genes and metabolic traits among SA individu-
als. Exposure to PA was intensively investigated in the
included studies. Low PA levels were shown to interact
with several gene variants to significantly increase obe-
sity risk, particularly in the Pakistani population.®>*
Similarly, physical inactivity was found to alter the asso-
ciation of the FTO gene variant with T2D in Asian
Indians, increasing the risk of the disease.””. Consistent
findings were shown for the role of PA in attenuating
the susceptibility to metabolic traits induced by FTO
variants in various populations.”>**”>””” This effect of
PA on the FTO-obesity association was also reported by
Roden et al”® in a multi-ethnic sample of 17 423 partici-
pants, of whom 15.8% were SA individuals.

Inadequate sleep and increased tobacco use are fur-
ther results of the dramatic lifestyle changes that have
recently occurred in the South Asian population.'®
Sleep deprivation and disturbance are proven to be
associated with diabetes risk."®”® For instance, sleep
restricted to 4 hours per night has been shown to cause
an imbalance in the appetite-regulating hormones leptin
and ghrelin.*” Short sleep (<7 hours/night) was also
identified as an independent risk factor for T2D in
Hispanic and Caucasian populations.®' Particularly
among Asian Indians, studies have shown that snoring,
daytime sleepiness, and sleep apnoea are positively and
independently associated with glucose intolerance, met-
abolic syndrome, and FI levels.**® Although some
studies suggest that the interaction of sleep duration
with metabolic-associated variants does not influence
diabetes risk,** findings from the included studies indi-
cate that poor sleeping patterns, characterized by irregu-
lar sleeping and wake-up timing, inadequate sleep, and
shift work, significantly increased obesity risk by
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interacting with several genetic variants among the
Pakistani population.®* Although studies have found
convincing evidence of the effect of smoking on genetic
predisposition to obesity, the direction of the effect on
obesity-related traits has been inconsistent.®> According
to the findings, smoking mitigates the risk of obesity in
Pakistanis by interacting significantly with the FLJ33534
risk allele.®’

Most of the metabolic disease data were obtained in
India, the SA country with the largest diabetes bur-
den'®®®; therefore, most identified publications in this
study were in the Indian population (67%),>>>> °1*¢7
particularly from the CURES cohort.”>**"®! The current
systematic search did not identify any interaction stud-
ies from Afghanistan, Bangladesh, Bhutan, Maldives, or
Nepal, only studies from India, Pakistan, and Sri Lanka.
Consequently, this may have led to an wunder-
representation of other countries in the SA subregion.
Furthermore, the high heterogeneity of the studies
caused by the wide variation in the investigated lifestyle
factors, genetic variants, and outcomes limited the con-
duction of a meta-analysis.

One challenging task for nutrigenetic studies is rep-
licating the G-L interaction effects®>®’; this review indi-
cates that most G-L interaction data in the SA
population have yet to be replicated. Another challenge
in this study is the increased likelihood of false-positive
findings arising from testing for interactions across
multiple genetic variants with lifestyle variables, gener-
ating multiple comparisons.*® However, this can be
controlled by including correction for multiple testing
approaches, such as the Bonferroni correction.*>*” In
this study, fewer than half of the included studies con-
firmed a correction for multiple comparisons in their
methodology (Table S4). Another methodological con-
cern of nutrigenetic studies is low statistical power,
which may limit the chance of detecting an actual inter-
action.”' Hence, a large sample size of thousands of par-
ticipants is needed to identify significant effects of
interactions and diminish the probability of underpow-
ered analysis in such studies,”*® especially for investi-
gating multifactorial diseases with a slight genetic main
effect.”® It has been estimated that a minimum sample
size of around 6500 participants is required to reach
80% power to detect the G-L interaction effects in a
case—control study design.”’ In this review, approxi-
mately 70% of the studies had a sample size of <2000
participants, and only 2 studies exceeded 10 000 partici-
pants.>®> Moreover, most studies (47%) did not pro-
vide any information regarding power and sample size
calculations for the interaction analysis,”>>>%>%01:646>
while 20% stated incapability to perform power
calculations.>*7%
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Notably, FFQs and self-reporting questionnaires
were the only tools used for lifestyle exposure assess-
ment in the identified studies, which could be justified
by their low cost, feasibility, and suitability for prospec-
tive and retrospective study designs.”>*> However,
self-reported assessment instruments are subject to sub-
stantial error and misreporting, which generates bias,
decreases measurement accuracy, and consequently
affects the findings.”*>™® This is considered a crucial
concern in G-L studies.*’ Two studies included in this
review did not state whether the questionnaire was vali-
dated.”>** Additionally, it is important to consider the
utilization of population-specific dietary scores, such as
the Indian Diet Quality Score (IDQS), to accurately
evaluate the risk of metabolic disease in this popula-
tion.”” Furthermore, 80% of the studies included in this
review used a cross-sectional design; hence, recall bias
could be a potential problem, especially for studies
exploring lifestyle influences on conditions such as obe-
sity and T2D, since lifestyle exposure and outcome were
investigated concurrently.”®”®

The lack of replication and inconsistency in the find-
ings across the studies could be due to the small sample
size, imprecise measurements of dietary and lifestyle expo-
sures, and low statistical power of the current studies.
Although large population-based prospective cohorts such
as the UK Biobank have provided robust lifestyle measure-
ments,” "% this is still challenging for the SA population
due to the limited number of studies with large sample
sizes.>* However, some studies suggested that sufficient
statistical power could be achieved by investing in
repeated, more precise exposure measurements, which is
considered more appropriate and cost-effective than
increasing the sample size.'*>'** Moreover, combining the
effect of multiple SNPs using a GRS approach is recom-
mended to avoid loss of power due to multiple testing,
allowing for G-L interactions to be detected.'*>'"°

In this context, it is also consequential to consider
the application of artificial intelligence and machine-
learning approaches when planning for G-L interaction
studies, as the evolution of these approaches has gained
wider scientific attention. Machine learning and mathe-
matical modelling techniques have been applied in
nutritional epidemiological studies for evaluating and
predicting disease risks such as obesity,'”” "' identify-
ing genetic variants and dietary and G-L factors that
can be significant indicators of disease,'”® objectively
collecting dietary and PA data,'''"'**
ary recommendations.''” This is achieved by integrating

and driving diet-

plasma, microbiome, anthropometric, dietary, and life-
style data into a system that learns patterns within the
dataset and applies these patterns to predicting the met-
abolic outcome.”®**!'"> Therefore, employing advanced

Nutrition Reviews® Vol. 83(6):1061-1082

machine-learning approaches and analytical methods is
a substantial step forward for nutrigenetic studies.

This is the first study to systematically review and
analyze the effects of G-L interaction on metabolic-
disease-related outcomes in the SA population. Moreover,
in addition to the standardized ROBINS-I and AXIS tools,
a quality score designed explicitly for G-L studies was
applied to evaluate the methodological quality of the
included studies.*"** However, some limitations need to
be addressed. Given the small number of studies and the
variation in the investigated lifestyle factors, genetic var-
iants, and outcomes, conducting a meta-analysis was
infeasible. Another important consideration was that most
included studies originated from India, which may limit
the generalizability of the evidence to the broader SA pop-
ulation. However, most identified interactions were
derived from small-scale studies, without correction for
multiple testing, focusing mainly on Indian, Pakistani, and
Sinhalese people. Furthermore, most findings are yet to be
replicated in more extensive trials.

CONCLUSION

In conclusion, this systematic review revealed various
G-L interactions that modify metabolic disease risk in
the SA population. The findings of this study indicated
that exposure to unhealthy lifestyle factors such as low
PA, inadequate sleep, and irregular sleeping patterns
prompt susceptibility to obesity and T2D risk deter-
mined by genetic factors. Additionally, higher dietary
consumption of carbohydrates, protein, and fat has
been shown to influence metabolic risk in this popula-
tion through interactions with genetic variations.
Consequently, adopting healthy dietary patterns, which
include higher dietary fiber intake and increased PA,
may offer advantages to individuals with an increased
risk of metabolic diseases due to genetic predisposition.
It has been suggested that lifestyle interventions might
yield particularly good results among individuals at
high risk for T2D. While the evidence is of low cer-
tainty, it suggests inter-individual variability in how
people respond to these interventions.''® Hence, estab-
lishing large longitudinal quantitative trait studies with
precise lifestyle exposure measurements focusing on
macro- and micronutrients is pivotal to understanding
the effects of the interplay between genetic and lifestyle
factors on metabolic diseases in such high-risk popula-
tions. Future G-L interaction research should shed light
on other parts of the southern subregion of Asia, as cur-
rent evidence is mainly from India and Pakistan, allow-
ing the future development of personalized prognostic
and prevention strategies for obesity and T2D in SA,
especially in the face of the current metabolic disease
epidemic.
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