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Abstract:Onlinesocialcommunitiesarebecomingwindowsforlearningmoreaboutthehealth

ofpopulations,throughinformationaboutourhealth-relatedbehaviorsandoutcomesfromdaily

life. Atthesametime,justaspublichealthdataandtheoryhasshownthataspectsofthebuilt

environmentcanaffectourhealth-relatedbehaviorsandoutcomes,itisalsopossiblethatonlinesocial

environments(e.g.,postsandotherattributesofouronlinesocialnetworks)canalsoshapefacetsof

ourlife.Giventheimportantroleoftheonlineenvironmentinpublichealthresearchandimplications,

factorswhichcontributetothegenerationofsuchdatamustbewellunderstood.Herewestudy

theroleofthebuiltandonlinesocialenvironmentsintheexpressionofdiningonInstagramin

AbuDhabi;aubiquitoussocialmediaplatform,citywithavibrantdiningculture,andatopic(food

posts)whichhasbeenstudiedinrelationtopublichealthoutcomes.Ourstudyusesavailabledata

onuserInstagramprofilesandtheirInstagramnetworks,aswellasthelocalfoodenvironment

measuredthroughthediningtypes(e.g.,casualdiningrestaurants,foodcourtrestaurants,lounges

etc.)byneighborhood. Wefindevidencethatfactorsoftheonlinesocialenvironment(profilesthat

postaboutdiningversusprofilesthatdonotpostaboutdining)havedifferentinfluencesonthe

relationshipbetweenauser’sbuiltenvironmentandthesocialdiningexpression,witheffectsalso

varyingbydiningtypesintheenvironmentandtimeofday. Weexaminethemechanismofthe

relationshipsviamoderationandmediationanalyses.Overall,thisstudyprovidesevidencethatthe

interplayofonlineandbuiltenvironmentsdependonattributesofsaidenvironmentsandcanalso

varybytimeofday. Wediscussimplicationsofthissynergyforprecisely-targetingpublichealth

interventions,aswellasonusingonlinedataforpublichealthresearch.
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1.Introduction

Onlinesocialcommunitiesconstituteasignificantpresenceinourlives. Researchersand

practitionersareusingonlinedatatoilluminate manyaspectsoflifeincludinghealth,politics

andculture,basedonwhatpeoplepost[1–5].Forexample,somestudieshavefocusedonrecipe

websitesandshownhowfoodnamesinonlinerecipescanbeaproxyforconsumptionanddietary

patternsofindividuals[6].Giventhegrowingliteraturethatusesonlinedataandsocialnetwork

behaviortounderstandhealthpatternsandoutcomes,thereisanimportantmissingpiece.Tobetter

understandlinksbetweenonlinebehaviordataandhealthoutcomes,weneedtounderstandthe

factorsthatcontributetoonlinepostingbehaviorforpertinenthealth-relatedtopics.Theimportance

Int.J.Environ.Res.PublicHealth2020,17,735;doi:10.3390/ijerph17030735 www.mdpi.com/journal/ijerph

http://www.mdpi.com/journal/ijerph
http://www.mdpi.com
https://orcid.org/0000-0001-8586-8711
https://orcid.org/0000-0002-5346-7259
http://dx.doi.org/10.3390/ijerph17030735
http://www.mdpi.com/journal/ijerph
https://www.mdpi.com/1660-4601/17/3/735?type=check_update&version=2


Int.J.Environ.Res.PublicHealth2020,17,735 2of20

ofunderstandingwhatinfluencessocialmediapostingbehaviorhasspurredagrowingliteratureon

thistopic.Forexample,arecentstudyexaminedtherelationshipbetweenonlinefactors(suchaspost

ephemerality,audience,etc.)andpostingbehavioronmultiplesocialmediasitesandtopics(including

food)[7].Theyfoundthatpostingbehaviorcouldbepredictedbyconsideringsuchcharacteristicsof

theonlineenvironmentbetterthanarandommodel.Thisisreasonedtobethecasebasedontheory

abouthowindividualsperceiveandvaluefeaturesoftheonlineenvironment[7,8].

Betterunderstandingoftheprocessbywhichonlinedataisgeneratedwillhelppublichealth

researchersandpractitionersimproveanalysesofpopulation-leveltrendsfromsocialmediadata

(byunderstandingwhatfactorsshouldbeaccountedfor). Aswell,understandingwhatfactors

caninfluenceonlinepostscanhelppractitionerscreate moretargetedinterventions(bybetter

understandingofhealthtrendsfromonlinedataandtocreatemorefocusedinterventionsusing

informationfromboththeofflineandonlineworlds). Therefore,weexploreonlineandoffline

environmentalfactorsinrelationtopostingbehaviorandhowtheysynergizeinthispaper. Wefocus

ondiningexpressiononsocialmediaduetoactiveresearchonusingbigdatasourcesforpredicting

andunderstandingbehaviorsandoutcomesrelatedtofoodconsumption[9–12].Giventhisbodyof

workthatisdrawingconclusionsbasedonwhatispostedonline,thereisanimportantneedforfurther

researchtounderstandwhatinfluencespeople’spostsaboutfoodanddining.

Researchinpublichealthprovidesthetheorytomotivatevariablesweselectinthisstudy,

thatcouldpotentiallyinfluencefoodpostingbehavior.First,food-relatedbehaviorsareknownto

beinfluencedbythebuiltenvironment(e.g.,bytypesoffoodavailablenearus)[13].Decadesof

publichealthresearchshowsthatwhatisaroundusinthebuiltenvironment;forexample,lack

ofsidewalks,longdistancestoschools,theneedtocrossbusystreets,caninfluenceourbehaviors

suchaswhatweeat[13].Moreover,recentchangesinthenutritionenvironment,includinggreater

relianceonconveniencefoodsandfastfoodsarerelatedtowhatpeoplecanaccessandconsume[14].

Second,amajordeterminantofhumaneatingbehaviorissocialmodeling,wherebypeopleuseothers’

eatingasaguideforwhatandhowmuchtoeat[15].Literatureindicatesthatsuchinformation

caninfluencechoiceandquantityoffoodeaten,andaswellcouldbeusedtopromotehealthy

changestodietarybehavior[16]. Moreover,thereisanincreasingliteraturedescribingtheonline

socialenvironment(socialreinforcementvialikesandcommentsfromtheonlinesocialnetwork)

inregardstofoodconsumptionandhealth-relatedbehaviors[17].Forexample,linkingfacebook

likesorfoursquarecheckins,andspecificallyInstagramfoodposts,toobesityatthepopulation

level(refs.[9,10].Suchinfluenceshavebeenhypothesizedtooccurbymultiplerationales—-socially

connectedindividualssharesimilarexperiences,events,influences,andsupportwhichleadtosimilar

behaviors,peoplechoosetoassociatewithotherslikethem(homophily),andindividualsexert

influenceonothers[18,19].Itshouldbeclarifiedthatthisstudyisnotaimedatprobingthereasons

fortheselinkswithintheonlinesocialenvironment,howevergiventhisresearchontheexistenceof

socialenvironmentmechanisms,itisclearthatweneedtobetterunderstandhowbothbuiltandsocial

environmentsrelatetoonlinefoodpostingbehavior.

To-date,workthathasexaminedrelationshipsbetweenonlineandofflinephenomenahasassessed

mediatingandmoderatingmechanisms[20];motivatingustoalsoassesstheseformsofmechanisms.

Mostcloselyrelatedtotheworkhere,Walkeretal.performedapost-hocmediationanalysesfinding

thatonlinephysicalappearancecomparisonandonlinefattalkcouldbemediatingtheassociation

betweenFacebookintensityanddisorderedeating[21].

Giventheexistingresearch, weconsiderand measureoneparticularaspectofthebuilt

environmentthathasbeen wellstudied;thetypesoffoodoptionsavailableinauser’s

neighborhood[22,23].Forthesocialenvironmentweconsidertheproportionofprofilesinauser’s

networkthatpostaboutdining.Auser’sdiningpostsarequantifiedbytheproportionofpoststhat

arediningrelated.Indeed,thedriversbehindouronlinepostingbehaviormayinvolvemanyoffline

andonlinevariables,andthewaythesenumerousvariablesmaysynergizeiscomplex.Thus,choosing

theseinitialvariablesandanalysesrepresentastepforwardtoempiricallyillustratingthesesignificant,
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yetnotwellunderstoodrelationships.Assumingpostingdisproportionatelyaboutunhealthydining

isundesirable,publichealthmessagingandinterventionscouldbetargetedbetterbasedonknowing

whatfactorsfromthebuiltandsocialenvironmentbothmatter. Wethusstudythesefactorsthrough

thelensofInstagramandinthecityofAbuDhabi.AbuDhabihasbothavibrantsocialmediaand

largeculinary/restaurant-goingculture[24,25].Inparticular,itmaybemorecommonforpeoplein

AbuDhabitopostphotosofwhattheyaredoing(or,forexample,eating),comparedtophotosofother

peopleduetodifferentculturalandlegalprivacynormsregardingexpectationsofprivacythaninother

partsoftheworld[26].Moreover,thisstudymayimprovethepresenceofstudiesinplacesthatare

under-representedinthesocialmedialiterature(asimplePubMedsearchon29December2019shows

99resultsinIJERPHwiththekeywordShanghaianywhereinthetext(usingthe[tw]fieldinPubMed),

17withToronto,28withLondon,40with“NewYorkCity”and3with“AbuDhabi”).Agnosticto

location,theapproachandfindingsinrelationtotheinterplayofbuiltandonlineenvironmentsshould

beconsideredasanexemplarstudyforfood-relatedpostingandotherstudiesofcontentonsocial

mediainrelationtotopicsofpublichealthimportance.

Weaddressthefollowingspecificresearchquestions:

• (i)Whatistherelationshipbetweenthebuiltenvironment(measuredthroughtypesofrestaurants

inneighborhood)anddiningpostingbehaviorbyuserswhopostinthoseneighborhoods?

(ii)Whatistherelationshipbetweenthesocialenvironment(measuredthroughproportionof

auser’ssocialnetworkinAbuDhabithatpostsaboutdining)anddiningpostingbehaviorby

usersinAbuDhabi?

• Doesthesocialenvironmentmoderatetherelationshipbetweenthebuiltenvironmentand

proportionofdiningpostsauserposts?

• Doesthesocialenvironment mediatetherelationshipbetweenthebuiltenvironmentand

proportionofdiningpostsauserposts?

2. Methods

2.1.DataCollection

2.1.1.InstagramData

WeobtainedInstagramdata(postswithlinkedusername,comments,captionsandhashtags

andlikes)usinganApplicationProgrammingInterface(API)providedbyDialogFeed(https:

//www.dialogfeed.com/)fromOctober2017toDecember2017. AfterInstagrammadechanges

toitsAPIin2016,onlyapprovedoutsidedeveloperscoulddirectlyaccessInstagramdata.However,

dataismadeavailablelegallytoselectproviderswhichmainlyusethedataformarketingpurposes.

Accordingly,weusedtheservicesofDialogFeed,anapprovedInstagramdatafeedprovider.Thedata

associatedwitheachInstagrampostavailablefromDialogfeedincludes:theimage,hashtags

(forexample;#photography,#uae),thenumberoflikes,thedateandtimeofthepostandgeo-location

(iftaggedbytheuser).Specificdatacollectionsteps,includingtoensurepostsdistributedacross

AbuDhabiwerecollected,andfilteringpoststoobtainthoserelatedtodining. Wegenerateda

1302worddictionary(includingwordsinEnglish,HindiandArabic)inordertofilterpostsrelated

todining.ComprehensivedetailsaboutthisdictionaryanditsdevelopmentareinAppendixA.In

sum,thisresultedin252,773postsfromuserswithpublicprofiles,containingwordsthatarepresent

inthefood-relateddictionary(inanyofthecaptions/hashtags/comments)withageo-locationwithin

AbuDhabi.Figure1showsasamplepost. Weselectasampleofusersforthestudybasedonthis

data(explainedindetailinSection2.1.2).Giventhatitisnotpossibletoobtaintheprofileofthosein

thenetworkofagivenuserfromDialogFeed,wehadtomanuallygatherthenetworkinformation,

explainedfurtherinSection2.1.4.

https://www.dialogfeed.com/
https://www.dialogfeed.com/
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Figure1.Asampledining-relatedInstagrampostfromAbuDhabi.

2.1.2.SampleSelection

WeidentifiedspecificusersfromAbuDhabiforourstudy(anddiscludedpeoplewhoareonly

visitingAbuDhabi).Althoughtourists’postscouldbeinfluencedbytheenvironmenttheyvisitas

wellastheinformationintheirsocialmedianetwork,astheyarenotresidents,theinfluenceofthe

localenvironmentmaynotbeconsistentwiththeinfluenceonresidents,soweexcludethemtofocus

thestudyonthelocals.Toaccomplishthis,ourteammanuallyscannedthroughthepostandcomment

textaswellastheimagesofeachofthe96,050Instagramuserswhogeneratedatotal252,773posts,

outofwhich894Instagramusershadpostedaboutdiningrelatedcontent(eventhoughtheyallwere

filteredbythesamedining-relatedkeywordsandwerecapturedbytheDialogFeedAPI).Wethen

filteredtheuserstodetermineiftheuserresidesinAbuDhabibyexaminingpostsfromtheirlast

30days.Basedontheusers’postswewereabletoassesswhohadsimplytraveledtotheregion

recently,andexcludedthoseusers. Wefoundthatthistimeperiodandthetypeofpostsweresufficient

toclassifysomeoneasaresident.Accruingdatafromthistimeperiodandprocessidentifiedasample

of200usersresidinginAbuDhabiwithdiningrelatedcontent.Thissamplesizewasdeemedadequate

giventhatweexpectasmalltomediumindirecteffectandpartialmediationwithasufficientpower

(80%)[27],andwasfeasibletoobtainwithinthedataacquisitiontimeperiod.Aslinkeddemographic

informationisnotavailableviaDialogFeed(orInstagram),ourteamalsomanuallyexaminedthe

profile(photoandhandle)ofeachincludedusertoidentifytheirgender. Weassignedeachprofiletoa

binarygendercategorization.Therewerenocaseswhereourteamdisagreedaboutthetouristversus

local,orgendercategorization.Therearemanyunmeasuredvariablesthatcanconfoundrelationships,

howeverthiswasthemostsimplepotentially-relatedvariabletoinfer,thoughwestressthatitisan

inference.Distributionofthenumberofdiningpostsbyuserintheresultingsampleisillustratedin

FigureA1i.

2.1.3.UserDiningPosts(DependentVariables)

WethenstudiedthissampleofindividualsresidinginAbuDhabitogetthefollowingdining

behaviorrelatedinformation:numberofpoststhathavediningrelatedcontentintheirmostrecent

30Instagramposts. Wecreatedasystematicprotocolandcriteriaforcountingsomethingasa“dining”

post,ornot.Thiswasachievedbyexaminingnotjustthephotopostedbutthespecificlocation,such

asthespecificrestaurant(ifincluded)aswellasthehashtags,captions,andcommentsonthepost.
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Wefoundthattheunclearpostswerethoseaboutbakedgoods.Thiswasdiscussedandresolved

basedbyremovingpostswithhashtagsthatindicatedbaking(suchas#homebaking,or#bakeshome).

Otherthanbakingposts,wedidnotfindanydiscrepanciesbetweenourteammembersregarding

theclassificationofpostsasdiningout,ornot. Weconsideredthelatest30posts(fromthedateof

analysis)inordertoassesspostsoverareasonableamountoftime,whiletradingofftheamountof

timeneededtoexaminethedata.Theminimumtimespanfor30postswas0days(all30postswere

madeinasingleday),maximumwas56daysandmeanwas7days.Ratherthanincludeproportionof

Instagrampoststhatwerediningrelated,weincludedtheabsolutenumbertorepresenttheamountof

diningpostsaswellastheirgeneralpostingbehavior,withinasimilartimeperiod.Distributionofthe

numberofdiningpostsbyuserintheresultingsampleisillustratedinAppendixC.Foraddedrigor

instudyingthevariedinfluencesondiningposts,weassessedtheeffectsatdifferenttimesofday. We

considerthreeperiodstocapturedifferentmealtimes;morning(postsmadebetween6:00a.m.–12:00

p.m.localtime),afternoon(12:00p.m.–6:00p.m.),andevening(postsmadeafter6:00p.m.).Sincewe

alreadyhavethetimeatwhichanindividualposted(thetimeforeachpost)wedeterminethenumber

ofdiningpostsmadebyanindividualinthemorning(lDPmorning),afternoon(DPafternoon)andevening

(DPevening).ThedependentvariablesconsideredareincludedintheTable1summary.

Table1. Summaryofvariablestested:independentvariables(IV), mediatorvariable(M)and

dependentvariable(DV).

Feature(Numberof) FeatureDescription Mean Range(Min,Max)

IV:
Casualdining Eaterieswithgeneralmenu 35.32 (0,187)
Cafeterias Counters/stallsservingfood 20.08 (0,164)

Beverageshops Shopsservingjuices/beverages 1.67 (0,10))
Finedining Formalsettingscateringselectedmenu 2.06 (0,18)
Quickbites Informalsettingwithspecificmenu 9.17 (0,52)
Bakeries Shopsservingbakeditems 2.15 (0,13)
Lounges Formalsettingservingfood,drinks 1.15 (0,9)
Kiosks Smallshops/cartsservingspecificmenu 0.15 (0,3)

FoodCourts Indoorsettinginsidemalls 4.86 (0,27)

M:
Diningprofiles Networkprofilesthatpostaboutdining 59.60 (0,381)

Non-diningprofiles Networkprofilesthatdonotpostaboutdining 183.91 (0,966)
Personalprofiles Personalprofilesintheusers’network 163.32 (0,915)
Businessprofiles Businessprofilesintheusers’network 79.89 (0,538)

Gender Genderoftheuser;female(F)representedas1 0.66 F:120,M:80

DV:
DPtotal Totaldiningpostsmadebytheuserin30days 6.51 (0,30)
DPmorning Diningpostsmadeduringmorning 0.86 (0,10)

DPafternoon Diningpostsmadeduringafternoon 2.21 (0,18)

DPevening Diningpostsmadeduringevening 3.62 (0,24)

2.1.4.Networks(PossibleMediatorVariables)

TheonlinesocialenvironmentofanInstagramuserconsistsoftheInstagramprofilesthata

userfollows. Before March2018,theInstagramfeedconsistedonlyabouttheinformationthat

theprofilesinauser’snetwork(profilesthattheInstagramuserchoosestofollow)share(https://

instagram-press.com/blog/2018/03/22/changes-to-improve-your-instagram-feed/).Later,thefeed

waspersonalizedforeachindividual,butsinceourtimelinedoesnotextendbeyondthedateofthis

change,consideringtheInstagramprofilesinauser’snetworkandtheirpostsarerelevantmeasures

ofthesocialenvironmentforpossibleinfluenceonauser’spostingbehavior.Toaccessandcategorize

thenetworkprofiles,giventhelargenumberoftotalprofilestoconsider,andgiventhatitisnot

possibletoobtaindatafromDialogFeedviatheInstagramhandle(onlyviakeywords/locations),we

https://instagram-press.com/blog/2018/03/22/changes-to-improve-your-instagram-feed/
https://instagram-press.com/blog/2018/03/22/changes-to-improve-your-instagram-feed/
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hadtomanuallyquerytheInstagramsearchengineandautomaticallyclassifythelocationofprofiles

andpostsofeachuserfollowedinordertoobtainlocationinformationofthenetworkprofileand

determineifitwasAbuDhabibased.FigureA1iishowsthedistributionofthenetworksizesofthe

users.Tostudythenetworkprofiles(focusingonlyonthepublicprofilessincetheprivateprofiles

cannotbestudied)welabelledeachpublicprofilethattheuserfollowsaseitherdiningrelated(ifthe

profilehadanydiningcontent)ornot. Wealsodelineatedprofilesaspersonalorbusinessprofiles.

AllfourmediatorvariablesaresummarizedinTable1.Labelsforthenetworkprofileswereassigned

viaanAmazonMechanicalTurk(AMT)task(detailsinAppendixB).

Thepossible mediator/moderatorvariablesarethus—numberofoverallnetworkprofiles

thatpostaboutdining,andthenumberofnon-diningprofiles. Weusetheabsolutenumber

ofdining/non-diningprofiles,insteadofproportionsinordertoassessthepossibleeffectof

eachindividually.

2.1.5.MappingPostsandUserstoNeighborhoods

Asthenumberofeachrestauranttypeisattheneighborhoodlevel, weneedtoassigna

neighborhoodtoeachuser;weselectthisbasedontheneighborhoodmostfrequentedbytheuser

fordiningpurposes.Itshouldbenotedthatthisisnotnecessarilytheneighborhoodauserlives

in. Wedividedthecityinto23neighborhoodsbasedoncategorizationonZomatoandusedthe

geo-locationassociatedwitheachposttoassignittoaneighborhood. Unlikeothersocialmedia

platformslikeTwitter,eachuser’sprofiledoesnothaveagenerallocationassociatedwithiton

Instagram. However,thepostsdohaveageo-locationandthepostsarecapturedbyDialogFeed

basedonthisgeo-location.Althoughausermightchoosenottodisclosethelocationofthepost

ontheplatform,Dialogfeedcapturesthepostsbasedontheinternalgeo-locationprovidedby

Instagramwhichmightnotbemadeavailablebytheusertotheirfollowers,butisstillmade

availableandaccessibletoDialogFeed; wethereforeobtainthegeo-locationofalongwiththe

post.UsingneighborhoodboundariesfromGoogleMaps,wegeneratedashapefiletodefinethese

neighborhoods.Thisshapefilewasthenusedtomapeachuserposttoaneighborhood(thisis

necessarysinceweareinterestedintheneighborhoodfromwhichapostismadeasopposedtothe

specificlatitude/longitudeofthepost).Havingtheneighborhoodofeachuserpostenablesusto

thenassignauniqueneighborhoodtoeachuser.Theneighborhoodassignedistheonefromwhich

maximumnumberofpostsaremadebytheuser.Theresultingneighborhooddistributionofusersis

illustratedinFigure2

0
10
20

30

# individuals

Mussafah

Airport

Khalifa city

Yas Island

Al Reem 
Island

.
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2.1.6.NeighborhoodBuiltEnvironment(IndependentVariables)

Potentiallymultipleaspectsofthebuiltenvironmentcaninfluencediningbehaviorandinturn

diningpostingbehavior. Averywellknowninfluenceonwhatapersoneatsisbasedonwhich

restaurantsareavailableintheimmediateenvironmentofauser[28]. Thereforebasedonthis

knowledgefrompublichealthresearch,weusedatafromZomato(https://www.zomato.com)to

determinethefoodenvironment(viatypeandnumberofrestaurants)byneighborhoodinAbuDhabi.

Zomatoisarestaurantreviewwebsite,similartoYelpwhichiscommonlyusedinothercountries

(adetailedlistofthecountriesusingYelpcanbefoundat:https://www.yelp.com/locations).Thetype

ofrestaurantsinseveralcategorieswereaggregatedbyneighborhood.Thetypesinclude:casual

diningrestaurants,cafeterias,finediningrestaurants,bakeries,lounges,kiosks,quickbiterestaurants,

dessertparlorsandfoodcourtrestaurants.ThesearesummarizedinTable1.Thedistributionof

restaurantsbycategoryandbyneighborhoodisalsoillustratedinFigure3.Ofnote,weexcluded

theneighborhoodAlKaramahasitconsistslargelyoftouristdestinations. Usersassignedto

thisneighborhoodweremappedinsteadtothesecond-mostcommonneighborhoodintheirposts.

Weincludedthesedifferentcategoriesasitmaybeintuitedthateachrestauranttypemayplaya

differentroleinitsinfluenceondiningposting.Thereforeeachoftherestauranttypesareindependent
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2.1.7.EthicsandPrivacy

Giventhesensitivenatureofsocialmediaresearch,wearecommittedtosecuringprivacyand

minimizinganypossiblerisks. Wehavenotdisclosedanyindividual-levelcontentinthispublication.

Wediscussedthetaskstoourinstitution’sIRBfortheirsuggestionsonbestpracticesforworkingwith

thedata(thoughinformedthestudyisnotundertheirpurviewforevaluationashumansubjects

research,basedonpublicnatureofthesocialmediadata).

https://www.zomato.com
https://www.yelp.com/locations


Int.J.Environ.Res.PublicHealth2020,17,735 8of20

2.2.AnalysisApproach

Totestresearchquestiononeparti),wefirsttesttherelationshipbetweenthebuiltenvironment

vianeighborhoodrestaurantcategories(theindependentvariable,IV),andauser’sdiningposting

behavioronInstagram(thedependentvariable,DV)intheabsenceofthenetworkfeatures. Wedo

sousingaregressionanalysis,theresultsofwhicharepresentedinTable2. Next,wetestthe

relationshipbetweenthesocialenvironment(profilesinanindividual’ssocialenvironmenton

Instagram(Mvariable)andauser’sdiningpostingbehavioronInstagram(thedependentvariable,

DV)alsousingaregressionanalysis;detailedresultsarepresentedinTable3.

Table2.Regressionresultsfortherelationshipbetweenthebuiltenvironment(IV)anduser’sdining

postingbehavioronInstagram(DV):IV→ DVwithDVbeingthetotalnumberofdiningpostsmade

byanindividual.

Feature(Numberof) β std.err p

Intercept 0.1240 0.0021 0.0410*

IV:
Casualdining −0.4389 0.0012 <0.0001***
Cafeterias 0.0646 0.0263 0.1132

Beverageshops 0.3140 0.1280 0.1424
Finedining −0.1162 0.0352 0.9801
Quickbites −0.6641 0.0176 0.8710
Bakeries 1.4124 0.0012 0.0328*
Lounges 0.6158 0.0310 0.0190*
FoodCourts −0.3475 0.0002 <0.0001***

***p<0.001,**p<0.01,*p<0.05,.p<0.1.

Table3.Regressionresultsfortherelationshipbetweenthesocialenvironment(M)anduser’sdining

postingbehavioronInstagram(DV):M→ DVwithDVbeingthetotalnumberofdiningpostsmade

byanindividual.

Feature(Numberof) β std.err p

Intercept 0.1093 0.0010 0.0320*

M:
Diningprofiles 1.5042 0.0001 0.0019***

Nondiningprofiles 0.0001 0.0901 0.0910.
Personalprofiles 0.0210 0.1210 0.0600.
Businessprofiles 0.0092 0.0222 0.1008

***p<0.001,**p<0.01,*p<0.05,.p<0.1.

2.2.1.ModerationAnalysis

ToexploretheeffectofMasamoderatorontherelationshipbetweenIVandDV,weexamine

thestatisticalsignificanceofMasacovariateintherelationshipbetweentheIVandDV.Amoderator

isgenerallyunderstoodtobearelationshipwhichaffectsthestrengthoftherelationshipbetweenthe

IVandDV. Withthevariablesconsideredhere,onemayinterpretthisasiftheassociationbetween

restaurantsinone’sneighborhoodandauser’sonlinediningpostswillbemoderatedbydining

profilesintheuser’ssocialnetworksuchthatthisassociationbetweenpresenceofrestaurantsinone’s

neighborhoodandonlinediningpostswillbemorepronouncedamongthosewhohavemoredining

profilesintheirsocialnetwork,comparedtothosewhohavelessdiningprofilesintheirnetwork.

Aswehavefourpossiblemediatorvariables,weperformoneregressionforeachMvariable.Table4

representsthemeanandstandarddeviationacrossthefourregressions,foreachindependentvariable.

AfterconfirmingthestatisticalsignificanceofMvariablesinaregression(moderator)analysis,given

previousresearchthathasfoundmediationrelationshipsbetweenonlineandofflinephenomena,
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wealsoiftherelationshipbetweentheIVonDVoperatesviaM;thatis,ifMmayexplainthepartial

orfullrelationshipbetweenIVandDV(researchquestionthree).Inourcaseonemayinterpretthis

asiftheassociationbetweenrestaurantsinone’sneighborhoodandtheirdiningpostsispartially(or

fully)explainedbywhatauserseesintheironlinesocialnetwork.

Table4.RegressioncoefficientsfromModeratoranalysis(interactionterm=IV*M),Diningprofilesis

theonlymoderatorvariablepresentedheresinceitwastheonlymoderatorvariablethatimprovedthe

R2valueofthemodel.

Feature(Numberof)
WithoutModerator WithModerator

(MeanAdjustedR-Squared: (MeanAdjustedR-Squared:
0.0238) 0.1687)

Intercept 0.1341* 0.1091*

IV:
Casualdining −0.438*** −0.343**
Bakeries 1.412* 0.049*
Lounges 0.615* 0.078*
FoodCourts −0.347** 0.025*

Moderator(M):
Diningprofiles - 0.170*

Interactionterms:
Causaldining*M - 0.011*
Bakeries*M - 0.011*
Lounges*M - 0.010*
FoodCourts*M - 0.012*

***p<0.001,**p<0.01,*p<0.05,.p<0.1.

2.2.2.MediationAnalysis

Themostwidelyusedmethodtoassessmediationisthecausalstepapproachoutlinedinthe

classicworkofBaron&Kenny[29].Fourstepsareinvolvedinestablishingmediation.Tobegin,

thedirectrelationshipbetweenIV(inourcaseweactuallyconsidermultipletreatments,viathe

restaurantcategories:bakeries,loungesetc.)byneighborhoodandtheDV(Instagramdiningposts

byusersinthoseneighborhoods)isassessedusingamulti-levelregressionmodel(step1:IV→DV).

Multi-levelmodelsareusedheretoaccountforthehierarchicalnatureofthedata(individuals,

neighborhoods)sincemultipleusersareassignedtothesameneighborhoods.Next,theassociation

betweeneachofthesignificantindependentvariables(restaurantfeatures)(p<0.05)instep1and

thepotentialmediatorvariablesweretestedwithmulti-levelregression(step2:IV→ M).Athird

modeltestedtherelationshipbetweenthenetworkfeatures(mediator: M)andoutcomevariable

(userdiningposts)(step3:M→ DV).Ifafeaturehadasignificantassociationwiththenumber

ofdiningprofilesinthenetworkfrom1and3,thentheywerebothenteredintoafinalregression

modeltotesttheirjointassociationwithuserdiningposts(step4:IV→ M→ DV,IV→ M).Ifthe

restaurantfeatures(IV)becameinsignificantandthemediator(featuresofthenetwork)remained

significant,therelationshipbetweenbuiltenvironmentandonlinediningpostswasdeterminedto

befullymediated.Ifboththerestaurantmeasuresandthenetworkfeaturesremainedsignificant,

therelationshipwasdeterminedtobepartiallymediated.Ifthemediator(networkmeasures)did

notaffecttherelationshipbetweenrestaurantfeaturesandindividualposting(restaurantfeatures

remainedsignificant)andthemediatoritselfbecomesinsignificant,nomediationoccurs.Theprocessis

representedinFigure4ii.Insum,therelationshipscanbedescribedviaa“totaleffect”(betweenIVand

DV,intheabsenceofM),“directeffect”(effectofIVdirectlyonDVinthepresenceofmediatorM)and

“indirecteffect”(effectoftheindependentvariablethroughthemediator,IV→ M→DV).Thetotal

effectrepresentstheregressioncoefficientsofthebuilt-environmenttypesfromstep1(IV→DV).

TheseestimatesarereportedinTable5.Theregressioncoefficientsofthesamebuilt-environmenttypes
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fromstep4(IV→ M→DV,IV→DV)constitutethedirecteffect.Table5alsopresentsthedirect

effectofIVonDVinpresenceofM.Confidenceintervalsareobtainedbybootstrapping.Theindirect

effect(effectofIVonDVviaM)iscalculatedbysubtractingthedirecteffectfromthetotaleffect.Inall

modelsweusedaPoissonregressionbasedontheidentifieddistributions(FigureA1i,iiandFigure3).

Assecondaryanalyses,weperformmediationanalyseswithdifferentDVs,besidesthetotalnumber

ofdiningpostsmadebyanindividual;diningpostsmadeinthemorning,diningpostsmadeinthe

afternoon,diningpostsmadeintheevening.Thiswasstudiedtounderstandeffectofmediationat

differenttimesofday,whendifferentmealsarecommonlyeaten.Allvariableswerestandardized

IV DV IV DV

MIV  : Built environment (Independent variable)
DV : Dining Expression on Instagram (Dependent variable)
M  : Online Social Environment (Mediator)

T C

A B

(i) (ii)

andallstatisticalanalyseswereconductedusingRversion3.4.3.

Figure4.Diagramillustratingthemediationmodel:(i)denotesthetotaleffectoftheindependent

variableonthedependentvariable(ii)denotestheindirecteffectoftheindependentvariableonthe

dependentvariablethroughthemediatorvariable(pathsA,B))andthedirecteffect(pathC).

Table5.Mediationresults:total,directandindirecteffects(numberofdiningprofilesasthemediator

variable)withtotaldiningpostsDPtotalasthedependentvariable.Regressioncoefficientwith95%

CI.Onlythesignificant(p<0.05)independentvariables(IV)arereported.Totaleffectrepresentsthe

regressioncoefficientsofIVwithoutconsideringthemediatorvariable(step1:IV→ DV),Directeffect

representstheregressioncoefficientsofIVinstep4:IV→ M→ DV,IV→ DV.Theindirecteffectis

thedifferencebetweenthethesetwovalues.

IV
TotalEffect DirectEffect IndirectEffect

(Numberof)

Casualdining −0.44(−1.96,1.08) −1.41(−2.12,−0.70) 0.97
Bakeries 1.41(0.12,2.71) 0.27(−0.21,0.75) 1.14
Lounges 0.62(0.02,1.21) 0.18(−0.07,0.44) 0.44
Foodcourts −0.35(−0.56,−0.14) 0.40(0.22,0.57) −0.74

3.Results

3.1.DescriptiveAnalysisofPosts

Wequalitativelyexaminedthedistributionofhashtagsandcontentofthepostsbyuser,as

wellaslikesonpostsbyeachusertounderstandiftherewereanypatternsregardingtypesoffood

byneighborhood,orothermeasuresofsocialdesirability/perceptionthatcouldpotentiallyinform

furthervariablesforthestudy.Thetop10hashtagswere:#abudhabifood,#mac&cheese,#streetfood,

#meat,#buffet,#pizza,#diner,#salad,#foodphotography,and#desserts. Wefoundasimilardistributionof

thesetophashtagsacrosstheneighborhoods.Thisconsistencyisnotable;theexpressionviahashtags

(andpotentiallytypesoffoodsthatarepictured)doesnotvaryacrossneighborhoods,eventhoughthe

generalfrequencyofdiningexpressiondoes.
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3.2.ModerationAnalysisResults

ModerationanalysisresultsarepresentedinTable4.First,thetotaladjustedR2ofthemodel

increasesafterinclusionofthemoderatorvariable;meaningmoreofthevarianceintheIVisexplained

ifthemoderatorvariableisincluded.Further,wenotethattheinteractionterms(IV*M)being

statisticallysignificanthasapositiveeffectontheDV. Wehavemultipleinteractiontermsandeachof

thesearesignificant,indicatingthatinteractionofthebuiltandsocialenvironmentshelpbetterexplain

thevarianceinIV. Wefurthernoticethattheregressioncoefficientsof#Category:Deliveryand#Food

Courtschangesignsafterintroducingthemoderatorandtheinteractionterm,supportingthatthe

moderator(diningpostinginthesocialnetwork)hasanimpactontherelationshipbetweentheIV

andDV.Thenumberofnon-diningprofileswasnegativelyassociatedwitheachindependentvariable

andwasnotfoundtobesignificant.Thenumberofpersonalorbusinessprofileswasnotsignificantin

themodel,hencethosecoefficientsarenotreported,andfurtheranalysesaggregateoverallofthese

typesofnetworkprofiles(personalandbusiness).

3.3.MediationAnalysisResults

Withoutconsideringanymediatingvariables,wefoundthatbakeriesandlounges(loungesare

placespeoplegenerallyhangoutatnightinAbuDhabi)werepositivelyassociatedwithahigher

proportionofdiningpostsinauser’stimeline(Table5,totaleffects,AppendixDfullregression

results).Foodcourtrestaurants,casualdiningrestaurants(moreexpensiverestaurantsthanfoodcourt

restaurants)werenegativelyassociatedwithInstagramdiningposts.Inotherwords,asthenumber

ofbakeriesandloungesincreasesinaneighborhood,wearemorelikelytoseediningoutphotoson

Instagrambyuserslocatedinthoseneighborhoods.

Examiningthedirect,indirectandtotaleffects(Table5)shows,first,thatwedidseeatleast

small-mediumeffectsizes(basedonthethresholdsin[27]). Further,forthenumberofcasual

dining,bakeriesandloungesinaneighborhood,thetotalandindirecteffectshavethesamedirection.

Therefore,theeffectofhavingmoreofthesetypesofrestaurantsinauser’sneighborhoodisthesame

astheeffectofthesetypesofrestaurantspropagatedthroughtheirsocialnetwork.Ontheotherhand,

forthenumberoffoodcourtrestaurants,thetotalandindirecteffectsarenegative,butthedirecteffect

ispositive.Forthesetypesofrestaurantsforwhichthedirection(positiveornegativesign)oftheeffect

isinconsistent,wecanunderstandthatwhilethedirecteffectmaybeinonedirection(say,morefood

courtrestaurantsinaneighborhoodisassociatedwithanincreasednumberofdiningpostsinauser’s

profile;perhapsusersmaybelikelytopostabouteatingatfoodcourtrestaurants),theindirecteffectis

intheoppositedirection,meaningthesetypesofrestaurantsarerelatedtoa(inthiscase)decrease

inthenumberofdiningpostsinauser’sprofile.Thereforeeventhoughthedirecteffectofhaving

morerestaurantsofthistypeintheneighborhoodisassociatedwithanincreaseinthenumberof

diningposts,anincreaseinfoodcourtrestaurantsisnotsomethingthatpropagatesitseffectthrough

thenetwork(suggestingusersarenotinspiredtopostabouttheseplacesbasedontheironlinesocial

network).Thetotaleffectforthenumberoffoodcourtrestaurantsisthusnegativeeventhoughthe

directeffectispositive.

3.4.MediationResultsAcrossDifferentTimesoftheDay

Basedonmediationanalyseswiththesamerestauranttypes(IV)andthemediatorvariables

(#diningprofilesintheusernetwork)basedonuserpostsmadeduringdifferenttimeperiods,

wefoundthatthereisnosignificant(p<0.05)mediationeffectinthemorning.Comparingthe

mediationeffectsintheafternoonwitheveningwefindthatahighernumber(7)ofrestaurant

categories(casualdining,cafeterias,beverageshops,finedining,bakeries,loungesandkiosks)have

significanteffectintheeveningwhiletherestaurantcategories(casualdining,cafeterias,beverage

shops,finedining,quickbites)havingasignificanteffectintheafternoonisconsiderablylower(5).

Italsoshouldbenotedthatthemagnitudeofthemediationeffectissignificantlymoreintheevening
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thanafternoon.Theafternoonandeveningmediationeffectsforthedifferentrestaurantcategoriesare

illustratedinFigure5

(i) (ii)

i,iirespectively.

Figure5.Indirect,directandtotaleffectofsignificantrestaurantcategoriesin(i)afternoonand(ii)

evening(nosignificanteffectsinmorning).

Wefoundthatcasualdininghasthehighestmediationeffect(indirecteffect)intheafternoon

whilefinedininghasthehighestmediationeffectintheevening.Thiscanbeintuited,sincefinedining

restaurantscatertospecializedmenusandarefrequentedbyusersintheevening.Causaldining

restaurantsontheotherhanddonotnecessarilyalwaysprovidesitinsandhavegeneralmenus

offeringmealoptionsforlunch. Wealsofoundthatkioskshadthemostnegativeindirecteffectsinthe

evening.Thiscouldbeduetothecasualnatureofthesetypesofrestaurants,andthustheseeffectsare

notmediatedthroughtheonlineenvironment.Ingeneral,wefindthateffecttrendsintheafternoon

byrestaurantaredifferentfromthoseintheevening.

4.Conclusions

4.1.InterpretationofFindings

Thebroadresultsofthisstudy,includethatfirst,thereisarelationshipbetweenattributesof

thebuiltenvironmentandInstagrampostingbehavior.Further,thatthoserelationshipsvaryby

attributes(typesofbuiltenvironmentlocations,timesofday)andcanbemediatedbythesocial

environment.Insum,theonlinesocialenvironmentcanactasamediatoroftherelationshipbetween

thebuiltenvironmentandexpressionofdiningonInstagram.Specifically,wefoundthatthemediation

relationshipidentifiedhereisnotconsistentbytypeofbuiltenvironmentvariable(e.g.,typeof

restaurant)norisitconstantthroughouttheday.Notably,wefoundnosignificantmediationeffectin

themorning;whiletherewasasignificantmediationeffectinbothafternoonandevening. Wefurther

foundthatthemediationeffectintheeveningishigherthanafternoonandalsotheeffectissignificant

formorerestaurantcategoriesintheeveningthanafternoon.Differencesinsocialpressuresoneating

behaviorsateveningtimehavealsobeendescribedintheeatingbehaviorliteraturewhichshows

thatpeople’spre-existingpersonalpreferencesmightreducesocialmodelingattimeswhenpeople

havecleareatingroutinesorscriptsregardingregularmealssuchasbreakfastandlunch[15].Notably,

foodcourtsweretherestaurantcategorythatwerenotsignificantlymediatedateitherafternoonor

evening.Giventhatfoodcourtsareamassestablishment,withmultiplefoodvendors(andfocus

onfastfoodestablishments),socialdesirabilityorpossiblemechanismsofthesocialenvironment

effectmaybedecreased. Whilewecanusesocialmediatoquantifyimportantneighborhood-level

characteristicsthatwouldbeotherwisedifficulttomeasure[30],suchstudiestendtofocusondata

fromspecificlocationsandgeneralizabilityisstillanimportantquestion.Itisnotpossibletoassume

thatspecificresultsregardingrelationshipbetweenspecificdiningcategoriesandonlineposting

behaviorwouldbethesameinotherplaces. WepickedAbuDhabiforgoodreason;ithasvaried
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neighborhoods,anactivediningculture,activesocialmediaenvironment,andisunderstudiedin

socialmediaresearch.Thefindingsregardingroleofboththebuiltandonlineenvironmentsinposting

behavioronsocialmedia,aswellasapproachusedhere(mediationanalysis)canactasexemplarsfor

furthersocialmediaresearch.

Intermsofspecificfindingsbyrestaurant-typeinAbuDhabi,wefoundthatthenumberof

bakeriesandloungesinauser’sneighborhoodwerepositivelyassociatedwithanincreaseinthe

numberofdiningpostsintheuser’sInstagramtimeline(positivedirecteffect:Table5). Wealsofound

apositiveindirecteffectinthemediationanalysisfortheserestauranttypes,thereforewecaninferthat

thiseffectispositivelymediatedbytheindividual’sInstagramnetwork.Thiswouldbeinterpreted

suchthatuserswouldbemorelikelytopostaboutthesetypesoflocationsintheirenvironment,and

thiseffectmaybeinpartbecauseofwhatkindsofpostsareinthesocialnetwork.Therecouldbe

multiplemechanismsforthesefindings.Potentially,forthesetypesoflocales,peoplearepositively

inspiredtopostaboutbasedoncontentintheironlinesocialnetworks.Therealsocouldbemechanisms

relatedtothecommunalaspectofsuchplaces,and/orthetypesoffood.Resultsmayalsoinform

furtherstudyofthemechanismfortheeffectfordifferentrestaurantcategoriesatdifferenttimesof

day(e.g.,quickbitesdidnothaveasignificantsocialmediationeffectintheevening,thoughtheydid

intheafternoon).

Ontheotherhand,casualdiningrestauranttypes(whichareamoreexpensivetypeofplace

thanfastfoodrestaurants);showednegativedirectandtotaleffectssuggestingpeoplearelesslikely

tofrequentandpostaboutthesetypesofplaces,andthistrendmayalsobeinpartduetowhatis

postedintheonlinesocialnetwork(positiveindirecteffect).Finally,whilethetotaleffectforfood

courtrestaurantswasnegative,justhavingthesetypesofrestaurantsinauser’sneighborhoodhad

apositivedirecteffectthoughtheindirecteffectwasnegative(Table5).Thissuggeststhattheseare

potentiallydirectlyassociatedwithmorediningposts,butasabove,lesssociallydesirabletypesof

restaurants(thesignoftheeffectflipswhenconsideringdirecteffectcomparedtototaleffect).

4.2.Limitations

Thereareimportantlimitationstonotefromthisworkthatcanhelpdrivefuturestudies.

Asdiscussedabove,thespecificfindingsregardingrestauranttypesareinrelationtoInstagram

useinAbuDhabi(asignificantmajorityoftheAbuDhabipopulationusessocialmediaandofthose

overhalfuseInstagram[24],whichispopularlyusedforsharingdiningposts[12]).Overall,our

offlineandonlineinteractionsarecomplex.Indeed,geo-taggedsocialmediapostscannotcapture

thefullextentofplaceswevisit,andothervariablesmeasuringimpressionmanagement,emotional

managementorself-presentationarealsoimportantfactorsinfluencingpostingbehavior[31,32].

ThisprofusityofvariablesisechoedbylowR2oftheregressionmodelsinthemoderatoranalysis.

AlthoughthemeanadjustedR2was∼17%whenincludingthethenumberofdiningprofilesmediator

variablethisisapproximatelyaneight-timesincreaseovertheR2forthemodelwithoutthisvariable.

Thesevaluesarebothstilllow,indicatingthattherearemanymorevariablesthatwillexplainvariance

intheoutcome,howeveritalsoshowstheimportanceofthesocialenvironmentvariable.Overallin

termsofvariables,weselectedspecificvariablesgroundedinthepublichealthandsocialmedia

literature,toexemplifyaspecificrelationshipandoverall,andfindingsfromthisfirststudyonthe

physicalandonlinefoodenvironments,doshowthatthereisaninteractionbetweenconsidered

variablesandgiveanideaofhowthatrelationshipcanbebemodelled.Naturally,socio-economicand

demographicvariables,whichareveryimportantinpublichealthstudiesshouldbeincorporated,as

available,togainaricherunderstandingofanyeffects.Aswell,informationthatmaydelineatethe

typesofpeoplewhosharegeo-locatedpostsonInstagram,withothers,wouldalsobevaluable.Insum,

thisworkshouldactivatefurtherresearchidentifyingmoreofthecomplexitiesbyconsideringboth

environments,aswellasunderstandinginfluencesondifferentsocialmediaplatformsandpopulations

indifferentplaces.



Int.J.Environ.Res.PublicHealth2020,17,735 14of20

4.3.FutureWork

FutureworkcanincorporateimageprocessingtoidentifyobjectsintheInstagramposts.Further

datacollectioncouldalsobedonetoaddatemporaldimensiontothepostsfromusersand

theirnetworktoestablishtemporalprecedenceinthemediation,andalsoconsiderpost-specific

built-environmentmediationeffects,notjustthoseforauser’shomebuiltenvironment.Theanalysis

herestilldrawsimportantconclusionsbasedontextintheposts,andfollowsmuchworkinsocial

mediaanalysisthathasfocusedonthistext[12,17,33].Regardingtheanalysis,regardlessofthe

identifiedmediationalpathfordiningpostingbehaviors,becausethesearecross-sectionaldata,

futurelongitudinalstudies,includingannotationofphotolocationsovertime(insteadofconsidering

thehomelocationofeachuser)wouldrequiremorecomplexmediationmodels,butbenecessaryin

ordertomakecausalinferences.Thismayalsoincreasetheamountofdatarequiredovertime.There

arealsoseveralimportantassumptionsfortestsofmediation. Webrieflydescribethesehere,though

theyarearticulatedinmoredetailinothersources[29].Assumptionsincludenomis-specificationdue

tounmeasuredvariablesthatcauserelationinthemediationanalysis(weusedallpossiblevariables

thoughthereisalwaystheeffectofunmeasuredvariablesthatareimportant),andnomisspecification

duetoimperfectmeasurement(inourcasethatcouldbeincompletenessoftherestaurantlistor

oursamplesdidnotrepresenttheoverallpostingbehaviorofusersandtheirnetworkswell)[34].

Theseanalyticassumptionsareknowntobedifficultorimpossibletotest;accordinglythegeneral

approachistobuildoninformationfrompriorresearch,includingexperimentalstudiesandtheory,as

wehavedonehere,tostrengthentheconclusionthatamediationrelationexists.

4.4.ImportanceandUtilityofFindings

Socialmediaisplayinganincreasingroleinourlives;thewaythatpeoplecometogetheronthese

systemstoshareandingestinformation,especiallyrelatedtofoodposting,hasbeenillustratedin

recentsocialmediaresearch[2,11].Researchhereadvancesthiswork;beyondcharacterizingwhat

ispostedonlineandhowthatrelatestowhatispostedinone’sonlinenetwork,wegofurtherto

understandtherelationshipbetweenthebuiltandsocialnetworks,infoodpostingonsocialmedia.

Uncoveringtherelationshipbetweenthephysical/builtenvironment,socialenvironmentand

ourfoodpostingbehaviorscanbehelpfultoinformthedesignofhealth-promotingtechnologies.

Forexample,inareaswithparticularlypoorphysicalfood-environments(highconcentrationoffast

foodrestaurants,forexample),iftheinformationonpostsfromthesocialnetworkwasconsentedtobe

shared,publichealthagencies,companies,orsocialmediaplatformdesignsmayinvestinpro-active

onlinemessaging,asalsosuggestedthroughtheeatingbehaviorliterature[16].Moreover,giventhe

socialenvironmentandmediationresultspresentedhere(researchquestionstwoandthree),messaging

couldbetargetedwithprecisiontothosemorevulnerabletoposting(andassumedconsumingof)

unhealthyfoodsbasedoninformationexposedtofromtheonlinesocialnetworkbeyondjustthose

whomayliveorbenearrestaurantswithunhealthyfood.Giventhemulti-levelnatureoffactors

inpublichealth,weaddthatthisstudycanmotivateandcontributetoresearchonhowattributes

ofarestaurantbeyondthetypeoffoodarerelevanttoeatingbehaviors;whichistosaythatthe

typesoforganizationsaswellasthefoodtheysellcanbeintertwinedintheireffectonourbehaviors

andhealth[35].Thesefindingscanalsohelpresearchersunderstandinfluencesonpostingbehavior,

sothatempiricalfactorsthatcontributetopostscanbeaccountedforwhendrawingconclusionsfrom

population-scalesocialmediastudies(e.g.,weshouldaccountforofflineenvironmentalfactorswhen

weconcludethatcountyXhaslesshealthypoststhancountyY).
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AppendixA.FilteringInstagramData

DataaccessviaDialogFeedislimitedviacertainendpoints(byspecifyingthehashtagsassociated

withpostsand/orgeo-locationsoftheposts),thuswecollecteddataasfollows.Thelocationfrom

whichpostsweremade(postsarelinkedwithexactlatitude/longitude)wasrestrictedtothearea

withinthegeographicalboundariesofAbuDhabi.Twentylocationsalongwithanappropriately

sizedradius(5km)wereusedtoensurethatpostsmadefromeverypartofAbuDhabiwerecaptured.

Inordertofilterbycontent,followingcurrentresearchthatutilizehashtagstounderstandInstagram

content[12,33,36,37],wefilteredpoststhatinvolveddiningrelatedcontentinthepost’slinkedhashtags

andcomments,basedonkeywordsinafooddictionarywedeveloped(futureworkcouldinvolve

multi-modalanalysesofboththeimageandtextcontent). Wecreatedthedictionarybyscraping

andaggregatingallfoodwordsfrommenusoftherestaurantsinAbuDhabionZomato. Weused

therestaurantmenustocapturenamesofculturaldishesaswellasgeneralfooditemsavailablein

therestaurantsinAbuDhabi.Forexample;thehashtagsfortheexamplepostofpancakesinFigure

1includetheword:pancakes.Thereareatotalof1302wordsinthedictionary(includingwordsin

english,hindiandarabic).Thefocuswastoidentifypostsspecificallyinrelationtodiningoutandnot

relatedtocookingactivitiesorgroceryshoppingoffooditems.Althoughpostsrelatedtoactivities

likecookingareindicativeofthediningbehaviorofanindividual;theyarenotdirectlyreflectiveof

theinfluenceofthebuiltenvironmentonexpressionofexperiencesofdiningpostsonsocialmedia.

Therefore,postsshowingconsumptionofmealsathome,cooking,rawingredients,orpackagedsnacks

werenotconsidereddiningrelatedastheyarenotrelevanttothediningexperiencebeingconsidered.

Also,weexcludedtermsthatwouldbesolelyindicativeofbeverages,coffee,tea,alcoholdrinks,since

thefactorsthatrelatetopostingmealsmayverywelldifferfromthoserelatingtopostingcoffeeor

drinks,etc.Finally,wealsoobservedcommonhashtagsandwordsusedondining-relatedInstagram

poststhatarenotrelatedtofood,soaddedinthese.Examplesofincludedwords(inenglish)are:

brownies,casseroles,dining-out,eatout,fastfood,gelatos,hotdogs,icecream,jelly,kebabs,lobsters,meatless,

nougat,organic,pancakes,quesadillas,rasberries,sandwiches,tempura,upma,veggies,waffle,yogurt,and

zucchini.

(i) (ii)

AppendixB.DataDistribution

FigureA1.(i)Distributionofthediningposts(shownforbothmalesandfemales)(ii)Network

(numberofprofilesfollowedbyauser)sizedistribution.
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AppendixC.NetworkVariables

ThetaskofannotatingtheprofilesintheInstagramnetworkofanindividualconsistedoffirst

categorizingaprofileaspersonalorbusiness(describedascafes,brands,etc.).Thesecondtaskinvolved

determiningifthereisanydiningrelatedcontentinthefirst30profileposts(thisisconjunctionto

identifyingthedining-relatedcontentpostedbyanInstagramuserasmentionedinSection2.1.3).

Toensuretheaccuracyofthetaskeachnetworkprofileiscategorizedbytwoindependentworkerson

AMT.Theinter-rateragreementwas70%.Incaseofadisagreementbetweenthetwo,wesoughtathird

labelfromAMTandobtainedthemajorityvotefortheannotation.Ourteammanuallyalsoexamined

20%randomlysampledlabelsprovidedbyAMTturkerstocheckfortheaccuracy.Thisinconjunction

withahighinter-rateragreementconvincedustousethelabelsobtainedfromAMT.Weextracted

thelocationassociatedwitheachofthefirst12postsofeachprofileinthenetworkofeachuserto

determineiftheprofilewasAbuDhabibased(12postswaspickedtobalancetime,giventherewere

39,747totalnetworkprofiles,andtogivealongenoughtimespan,onaverage,bywhichtodetermine

theoveralllocationofthenetworkprofile).ItisimportanttoassessthenetworkpostsfromAbuDhabi

profiles,asthesemaybeinfluencedbythebuiltenvironmentaswell(Figure5ii)andtheeffectmustbe

decoupled.IfthemajorityofthepostsofasinglenetworkprofilearemadeinAbuDhabi,thenwe

considerthatprofiletobephysicallyinAbuDhabi.ForthoseprofilesinAbuDhabi,weassignthe

profiletotheneighborhoodoftheuseritisassociatedwith.Attheend,eachprofileinthenetworkhas

aneighborhoodandaprofiletype(diningornotdining,personalorbusiness)associatedwithit.

AppendixD.DetailedRegressionResults

Hereexpandonthedetailsofthemediationanalysisforcompleteclarityoneachofthemediation

analyses.Fortheprimaryandsecondaryanalyses,weperformfourmediationanalysesintotal;the

dependentvariablesbeingnumberofdiningpostsinthemorning(DPmorning)presentedinTableA1,

numberofdiningpostsintheafternoon(DPafternoon)presentedinTableA2,numberofdiningpostsin

theevening(DPevening)presentedinTableA3andthetotalnumberofdiningposts(DPtotal)presented

inTableA4.

TableA1.Summaryofregressionresultsofmediationanalysis:independentvariables(IV),mediator

variable(M)anddependentvariable(DV)beingdiningpostsmadeduringthemorning(DVmorning)

between6:00a.m.–12:00p.m.TheresultsforIVarepresentedwithDiningprofilesasthemediator

variable.

Feature(Numberof) β std.err p

Intercept 0.5509 0.1356 0.0081**
IV:

Casualdining −0.1823 0.0981 0.0642.
Cafeterias 1.8492 0.4309 0.0852.

Beverageshops −0.0128 0.9191 0.0567.
Finedining 0.8913 0.0109 0.0632.
Quickbites 0.1268 0.5171 0.1200
Bakeries −1.0831 0.5432 0.0924.
Lounges 0.3421 0.0004 0.0761.
Kiosks 0.0942 0.4005 0.5412

Foodcourts 0.2556 0.1067 0.0616.

M:
Diningprofiles 0.9481 0.4321 0.1002

Nondiningprofiles 0.0021 0.0042 0.2021
Personalprofiles 0.0231 0.0428 0.0600.
Businessprofiles 0.0421 0.0231 0.2009

Gender 0.0031 0.0012 0.1200

***p<0.001,**p<0.01,*p<0.05,.p<0.1.
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TableA2.Summaryofregressionresultsofmediationanalysis:independentvariables(IV),mediator

variable(M)anddependentvariable(DV)beingdiningpostsmadeduringtheafternoon(DVafternoon)

between12:00p.m.and6:00p.m.TheresultsforIVarepresentedwithDiningprofilesasthemediator

variable.

Feature(Numberof) β std.err p

Intercept −0.5454 0.2002 0.0064**
IV:

Casualdining −0.0838 0.0194 0.0017**
Cafeterias 0.0992 0.0204 0.0001***

Beverageshops 0.4188 0.1054 0.0023**
Finedining −0.1358 0.0347 0.0001***
Quickbites −0.0623 0.0183 0.0006***
Bakeries 0.0089 0.4562 0.4367
Lounges 0.0010 0.5732 0.6752
Kiosks −15.4985 0.1431 0.9900

Foodcourts −7.8610 0.1293 0.7861

M:
Diningprofiles 0.3413 0.0010 0.0011**

Nondiningprofiles −0.0021 0.0005 0.3210
Personalprofiles 0.0098 0.0023 0.1287
Businessprofiles 0.0023 0.0391 0.6542

Gender 0.0053 0.0013 0.0891.

***p<0.001,**p<0.01,*p<0.05,.p<0.1.

TableA3.Summaryofregressionresultsofmediationanalysis:independentvariables(IV),mediator

variable(M)anddependentvariable(DV)beingdiningpostsmadeduringtheevening(DVevening)

after6:00p.m.TheresultsforIVarepresentedwithDiningprofilesasthemediatorvariable.

Feature(Numberof) β std.err p

Intercept 0.4736 0.1111 0.0002***
IV:

Casualdining −0.5231 0.0161 0.0011**
Cafeterias 0.4772 0.0143 0.0008***

Beverageshops 1.0128 0.0491 0.0001***
Finedining −0.1199 0.0273 0.0001***
Quickbites −0.0468 0.0171 0.0621.
Bakeries 0.1841 0.0452 0.0042**
Lounges 0.3391 0.0684 0.0001***
Kiosks 1.6142 0.4275 0.0001***

Foodcourts −3.4536 0.0067 0.9749

M:
Diningprofiles 2.0085 0.0004 0.0001***

Nondiningprofiles 0.0002 0.2901 0.3400
Personalprofiles 0.0010 0.7810 0.2297
Businessprofiles 0.0302 0.0832 0.6000

Gender 0.0001 0.3405 0.1000

***p<0.001,**p<0.01,*p<0.05,.p<0.1.
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TableA4.Summaryofregressionresultsofmediationanalysis:independentvariables(IV),mediator

variable(M)anddependentvariable(DV)beingtotaldiningposts(DVtotal).TheresultsforIVare

presentedwithDiningprofilesasthemediatorvariable.

Feature(Numberof) β std.err p

Intercept 0.1736 0.1011 0.0001***
IV:

Casualdining −1.4101 0.0112 0.0002***
Cafeterias 0.9390 0.0043 0.0700.

Beverageshops 0.0438 0.0021 0.1001
Finedining −0.1199 0.0219 0.3001
Quickbites −0.1408 0.0198 0.6002
Bakeries 0.2684 0.0422 0.0029**
Lounges 0.1802 0.0124 0.0007***
Kiosks 0.1142 0.0325 0.0891.

Foodcourts 0.3997 0.1027 0.0042**

M:
Diningprofiles 1.5042 0.0001 0.0019**

Nondiningprofiles 0.0001 0.0901 0.0910.
Personalprofiles 0.0210 0.1210 0.0600.
Businessprofiles 0.0092 0.0222 0.1008

Gender 0.0081 0.1205 0.0901.

***p<0.001,**p<0.01,*p<0.05,.p<0.1.
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