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ABSTRACT

Optimisingthe assignmenbf tasksto workersis an e ective ap-
proachto ensurehigh quality in crowdsourcediata- particularly in

heterogeneous micro tasks. However, previous attempts at hetero-

geneousnmicro taskassignmenbasecdon worker characteristicare
limited to using cognitiveskills, despiteliterature emphasisinghat
worker performance varies basexh other parameters. This study
is aninitial steptowardsunderstandingwhetherandhow multiple
parameterssuchascognitive skills, mood,personality,alertness,
comprehensiorskill, and socialand physicalcontextof workers
canbeleveragedn tandemto improveworker performanceestima-
tions in heterogeneousmicro tasks.Our predictivemodelsindicate
that theseparametershavevarying e ects on worker performance
in the ve tasktypesconsidered sentimentanalysisclassi ca-
tion, transcription, namedentity recognitionand boundingbox.
Moreover,we note0.003 0.018&eductionin meanabsoluteerror of
predictedworker accuracyacrossall tasks,when taskassignment
is basedon modelsthat considerall parametersvs. modelsthat
only considerworkers’ cognitiveskills. Our ndings pavethe way
for the useof holistic approachesn micro task assignmenthat
e ectively quantify worker context.

CCS CONCEPTS

* Human-centered computing ! Computer supported coop-
erative work; ¢ Information systems ! Crowdsourcing.
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1 INTRODUCTION

Crowdsourcingprovidescheaperfasterand easieracces$o a mas-
siveworkforcewith diversecapabilitiesandexpertiseén comparison
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to traditional datacollectionmethods.Consequentlycrowdsourc-
ing is increasinglybeenusedfor MachineLearningresearchto

curatetraining datasetghat feedinto di erent machinelearning

modelsthat often makecritical decisiong 70, 81, 8. Therefore,
ensuringquality of crowdsourcedlata(quality control) - particu-
larly in situationswheretaskrequesterdavelimited visibility of

workers’ backgroundandskills - hasbecomean interestof many
researchers [14, 35, 51, 82].

A recentsurvey broadly categorisedquality control methods
aspre-execution(e.g.improving task designand training work-
ers[20 27), post-processinde.g.,Itering workersafter datacol-
lection [6Q]), and online methods- the latter being particularly
e ective in heterogeneousicro taskenvironments[35. Among
di erent online methods thathave been recommended for quality
control, task assignmentor dynamically matchingvorkerswith
micro tasksthat are mostsuitablefor them hasbeenextensively
researched28 34, 37, 39. However,the task assignmentitera-
ture predominantlyfocuseson assessingvorker suitability based
on their cognitiveability - including butnot limited to i.e.,cogni-
tive exibility, working memoryandinhibition control [28 34, 37).
While this approachhasbeensuccessfuin improving worker per-
formancein comparisorto ExpectationMaximisationbasede.g.,
QASCA[86]) andhistory-basednethods(e.g.1000HI Ts completed
with anapprovalrate of 95%or above[67)), its exclusiveandhence
limited focuson workers’ cognitive ability doesnot accountfor
other worker factors that can also impact their performance.

Thereforethis studyinvestigatesvhetherandhow crowdworker
performance(andthereby dataquality) in heterogeneousnicro
taskscanbeimprovedby consideringworker factorsother than
their cognitive ability for taskassignmentMore speci cally, we
analysee ects of a curatedlist of worker factorsthat canimpact
worker performance- i.e.,their mood[87], personality[47, 4§,
comprehensiorskills [57], alertnesq 26, 31], socialcontext[42,
workstation [3§, andtime of day[3§ - togetherwith workers’
cognitive ability, on worker performance(taskaccuracy)in ve
micro tasks(i.e.,SentimentAnalysis,Classi cation, Transcription,
NamedEntity Recognition BoundingBox).Moreover,we compare
e ects of these factorsn low vs. high complexity trialsin the ve
micro tasks considered, to account for potential di erences [73].

Our results- basedon datacollectedfrom 315crowd workers
recruited on MechanicalTurk - indicate that predicting worker
performanceaccountingfor the aforementionedworker factors
in tandem, rather tharexclusively focusing on workers’ cognitive
ability resultsin more accurateworker performanceestimations
(with 0.003- 0.018reductionin meanabsoluteerror) in all ve
micro tasksconsideredMoreover,a simulatedtask assignment
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showsthat theseimprovedperformanceestimationscanrealisti-
cally optimisetaskassignmenin the ve micro tasksconsidered.
We discussmplicationsof our ndings on the future of taskassign-
ment, particularly asmicro crowd tasksare becomingmore and
more heterogeneous.

2 BACKGROUND

2.1 Worker Factorsfor Performance Estimation

Researcherbave experimentedwith di erent methodssuchas
quali cation tests[43, reputationscoreq67], previousanswers
for tasks[49 8§ for worker performanceestimation.However,the
predominantfocushasbeenon usingdi erent workerfactorsfor
this purposeincluding (but not limited to) their cognitive ability
andother skills, mood,personality,socialand physicalcontext[35.

2.1.1 Cognitive Ability. Researchersaveexploredusingcognitive

ability measurementso estimateworker performancen crowd-
sourcingcontextsto optimisemicro task assignmen{23 28 34

37. Forexamplea study by Goncalvest al. [28] used8 Factor-
referencedCognitive tests(by ETS)[2]] to measurevisual and

uency-basedcognitiveability of 24individualsandcomparedheir

cognitiveability with taskperformancen typical micro crowdtasks
that appealto visual (e.g.jtem recognition)and uency (e.g.senti-
mentanalysisskills. Despitebeingconductedn alabsettingwith a

limited numberof participants, ndings of the abovestudy suggest
the possibility of reliably measuringcognitiveskills of workers, that

in turn canbeusedto optimisetaskassignmenin crowdsourcing
environments.

Hettiachchi et al. [34] furthelinvestigated the use of cognitive
ability for performanceestimation.Theyused5 standardfast-paced
cognitiveteststhat aremore-suitedfor the dynamicsof crowdsourc-
ing environmentsto quantify cognitive ability of workersunder
three brain functions - Inhibition Control, Cognitive Flexibility,

and Working Memory. The authors noted speci c correlations be-

tweenthe three executivebrain functionsand micro crowd tasks
consideredForinstance workerswho demonstratechigher Inhi-
bition Control (ability to controlimpulsiveresponsesperformed
betterthan othersin sentimentanalysistasks,whereasworkers
with higher Cognitive Flexibility (ability to switch betweenmental
processes$howedhigher performancein transcription tasks.A
more recentstudy implementeda dynamicframework that can
recommendr assignheterogeneousnicro tasksto crowd workers
basedon their performancen cognitiveability test[37]. Theynote
that both taskassignmentindrecommendatiorbasedon worker
performanceestimationsthat accountfor their cognitiveability can
signi cantly improveworker performancecomparedo a generic
or random task assignment in heterogeneous micro tasks.

2.1.2  Personality. Followingup from studiesthat indicatecorrela-
tions betweenpersonalitytraits of individualsandtheir work per-
formancein o ine environmentg[41, 65, researcherhaveinvesti-
gatedhow crowd worker personality- capturedin termsof the Big-
ve personalitytraits i.e,OpennessConscientiousnesgxtraver-
sion, Agreeablenesand Neuroticism[45 - impacttheir perfor-
mancein avariety of crowdsourcingiasks[40 47,48 61, 67. Forex-
ample studiesnotethat workerswho demonstraténigherOpenness,
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Conscientiousness and Agreeableness tend to perform battesl-
evancdabellingtasks,whereasthosewho indicatehigher scores
for Neuroticismtendto displaypoorerperformancg 47, 48. Onthe
other hand,workers’ Conscientiousnesand Extraversionscores
havebeenseento positively correlatewith performancen transla-
tion andtranscribingtasks,while Neuroticismscorescontinueto
displayanegativecorrelationwith taskperformancg 40 61]. More-
over,researchshowsthat for tasksthat require creativity, workers
with higher Openness, Conscientiousness are best-suited [62].

2.1.3 Mood. Zhuangand Gadiraju[87] found that workers’ self-
reportedmood- capturedusingthe Pick-A-Mood (PAM)scalg 16
andcategorisedspleasant, unpleasamnd neutral - impacttheir
perceivedengagemenandfeeling of accomplishmentvhen com-
pleting crowd tasks.More speci cally, workerswho reportedto be
in apleasanimoodperceivechigherbene ts from completingtasks
in comparisonto workersin an unpleasantmood.Furthermore,
a study by Morris et al. [59] showsthat temporary priming for
positivemoodsby displayingpleasantpictures(e.g.babypictures)
to crowdworkerscanimproveworker performancegoutput quality)
in idea generation tasks.

2.1.4  Worker Skills. Priorwork hasexploredusingdi erent worker
skillsi.e.,computerliteracy andlanguagditeracy to optimisetask
assignmenin crowdsourcingenvironments [5761]. For instance,
Mavridis et al. [57] discussthe possibility of using a taxonomy-
basedskill modelto estimateworker performancein computersci-
encerelatedtasks by comparingthe distancebetweerthe skills that
workers possesso skills requiredto completea speci c taskwell.
The authorsusea 58-itemmultiple-choicequiz to assessvorker
skills in this experiment.Another study by Mourelatosand Tza-
garakis[61] analysedself-reporteddataon computerand English
literacy of crowd workers to note positive correlationsbetween
theseskills andworker performancen atranscribingtaskwhere
workerslistenedto a musicsampleand transcribedits lyrics (in
English).

2.1.5 Alertness. Quality of worker submissiongo crowd tasksalso
dependon their alertnessandhow attentivethey areto the taskat

hand[50, 56 75. Consequentlycrowdsourcingexperimentshat

usesurveysfor datacollectionoften includeattention-checkjues-
tions to assessvhetherworkers are paying attention during the

task[53 83. Typically, thesequestionsare basedon the task at

hand,areobjectivelyveri able andcanbecompletedvithout much

e ort if attentive.However,worker alertnessmeasuredhrough

attention-checkguestionshasonly beenusedasa measureof qual-
ity control in crowdsourcingenvironmentswhereworkerswho

fail attention checkquestionsare Itered andtheir work rejected,
post-submission [29, 30, 50, 56, 75].

2.1.6  Worker Context. Worker contextin termsof their socialsitu-
ation (aloneor with others),workstationfrom wherethey complete
the HIT, andthe time of day canalsoimpactcrowd worker perfor-
mance Forexample JkedaandHoashi[42] observethat workers
whenrequiredto answera questionnaireafter watchinga 3-minute
videoarelesslikely to completethe taskor spendesstime working

onthetaskwhensurroundedby others,in comparisorto whenthey
are alone.The authorsfurther note that workers surroundedby
othersoften displayediower taskaccuracysignifying the e ect of
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workers’ socialcontexton their task performanceMoreover,work

by Maoet al. [55] and Chandlerand Kapelner[8] indicatethat the

time of daywhenworkersattemptcrowdtaskscanalsoimpacttheir

engagemenandperformanceAdditionally, in a study that used
crowdsourcingo answerhealthcare-relateduestionsauthorsnote

highest engagement from crowd workers mid-morning to after-
noon hoursfollowed by eveninghours,in contrastto muchlower

engagement at night [76].

A recentstudythat surveyedself-reportsof AMT crowdworkers
on their preferenceor acceptingdiversecrowd tasksat di erent
times of the day, found that workers generally prefer morning
hours themost - followed by eveningafternoon andnight hours -
to completeHITs [38. Furthermore the samestudy alsocanalysed
if workers’ would prefercompletingspeci c tasks ovemthers,de-
pendingon their workstation (i.e.,adedicatecprimary workstation,
atemporaryworkstation,or while commuting).While the authors
found no signi cant e ects from workers’ workstation on their
taskacceptancehey notethat workersgenerallypreferredto com-
plete HITs from a dedicatedwvorkstation. However,this study only
lookedat workers’ preferenceanddid not investigatethe impactof
these contextual factors on worker performance.

3 METHOD

In this study,we aimto determinehow di erent worker factorscan

a ect their performancean a setof typical micro crowd tasks.We

useddi erent teststo measurewvorkers’ cognitive ability, person-
ality, mood,alertnessand comprehensiorskills. Further,we used
guestionnairego captureworker contextandtime during which

the HIT (i.e., Human Intelligence Task) was completed.

3.1 Measuring Worker Factors

3.1.1 Cognitive Tests. We measurevorkers’ cognitive ability with
respectto three executivebrain functions- inhibition control, cog-
nitive exibility andworking memory- using ve cognitivetests.
Inhibition controldeterminesour ability to control impulsive (or
automatic)responsesand take appropriateaction basedon rea-
soning[6], and canbe measurediusing Stroopand Flankertests.
Workingmemoryis the amount of information that canbeheldin
mind andusedin the executionof cognitivetasks [10 which we
quantify using N-backand Pointing tests.We usea Task Switching
testto measurevorkers’ cognitive exibility whichis the readiness
with which onecanselectivelyswitch betweenmentalprocesseso
generateappropriatebehaviouralresponses[1]]. Thesecognitive
testswere previouslyusedin a seriesof studiesby Hettiachchietal.
[34, 37]to measurecrowdworkers’cognitive ability with respect
to the three executive functions of the brain.

Stroop Test [54, 77]: The Strooptestrequiresparticipantsto
indicate the font colours of a seriesof words displayedon the
screenusing their keyboard.The font colour could bered, blue
or greenand participantscanpressthe rst letter of the relevant
font colour (e.g., R for red) on their keyboard.During the test,
participantsencounterthreetypesof trials - incongruent,congruent
and unrelatedIn incongruentrials, acolour name igdisplayed in
a di erent font colour, asshown in the Strooptest examplein
Figure2 (a)in the Appendix.Contrastingly,in congruentrials the
nameof the colour matchegshe displaycolour.In unrelatedtrials,
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non-colourwords (e.g.monkey,ship) aredisplayedin eitherred,

blue or greenfont colours.We had 18trials in total, with 6 per

eachtrial type. The Stroope ect expectsgpeopleto belessaccurate
andslowerin incongruentrials when comparedwith congruent
trials [77].

Eriksen’s Flanker Test[22]: During the Flankertest, partici-
pantsseeve arrowson screermasshownin Figure2 (b).Eacharrow
could pointtowards left(<) or right (>). In each trial,participants
areinstructedto click eitherthe right or the left arrow key on their
keyboardto indicatethe direction of the third arrow. We included
16suchtrials in the experimentwith anequalnumberof congruent
andincongruentrials. In congruentrials all ve arrowspointin the
samedirection (e.g>>>>> or <<<<<),whereasn incongruent
trials the arrow in the middle pointsin the oppositedirection to
others(e.g>><>> or <<><<). Thetaske ect is similar to the
Stroop test.

Task Switching Test [ 58]: We used 16 trials - eactlisplaying
aletter-numbercombinationin one of the squaresof a2 x 2 grid
as shown inFigure 2 (c). Depending ate position of the stimuli
in this grid, participantsshouldfocuson either the letter or the
number.More speci cally, in trials that displaythe letter-number
combinationon the top two squaresparticipantsonly respondto
the letterandpress N if it isavowel (e.g.A, E,I,O,U)and Y if
it is not. Converselyjf the stimuli is presentin one of the lower
boxestheir responsés only determinedby the number- N if the
numberis even(e.g.2,4,6,8)and Y if it is not. Two trial types
are usedn this test -repeatingand switchingrials (8occurrences
each)Repeatingrials positionthe stimuli in top or bottomboxesso
that participantsrespondto the letter or the numberin consecutive
trials. In other words, they would repeatedlyfocuson either the
letter or the numberin both trials. On the other hand,switching
trials would force participantsto shift their focusfrom the letter to
the number or vice versa in consecutive trials.

N-Back Test [66]: The N-Backtestmeasureshe working mem-
ory of individuals by askingthemto follow a seriesof stimuli. We
usedthe 3-backversionof the testin this study. In other words,
participantsare askedto indicatewhether or not the letter they
seeon the screenin eachtrial is what they sawthreetrials back.
Theywould pressY if it isthe sameletterand N if not. If the
participant’sansweris correct,the bar underneaththe displayed
letter turns green,andredif it is incorrect.We measuredvorker
performancein 16 suchtrials, with three additionaltrials in the
beginning of the test to display the rst three stimuli.

Self-ordered Pointing Test [68]: Similarto the N-Backtest,
Pointing testalsomeasuresvorking memory of participantsby
testingtheir ability to keeptrack of asequenc®f recentactions.As
shownin Figure2 (e),in eachtrial participantssee3 12 identical
squaresrandomly distributed on the screen At any given time,
onesquarecontains areward (indicatedby ablackstarin a green
background)Participantsareinstructedto click onesquareat a
time without repeating,until the squarewith the rewardis found.
Whenaboxis clicked,if it containsthe rewardit will briey turn
greenasshownin Figure2 (e).If not, it will eitherturn greyif its
emptyor redif the participanthasclickedon a previouslyopened
box.Therewardswitchesto adi erent squareeachtime it is found
andthe trial endswhenthe reward hasshiftedto all the squaresn



WWW °23, April 30-May 04, 2023, Austin, TX, USA

thetrial. Thetesthad ve trials - eachwith moresquareghanthe
previous trial.

We presentworkerswith simpleandclearinstructionsandan
exampleof how to completethe relevanttestbeforethey attempt
eachcognitivetest.Moreover,trials in cognitivetestsother than
the Pointing test aresetto expirein 3.5seconds. Priowork notes
settingreasonabldime limits for cognitivetestsin crowdsourcing
contextscanreduceworker distractionduring tests[37]. We collect
responseime (in milliseconds)accuracy(a value between0 1)
for eachtrial in Stroop,Flanker,TaskSwitchingand N-back.For
the Pointing test, we collect the number efrors and the average
response time per trial.

3.1.2  Personality. As a part of the HIT, participantscompletea
standardised 0-itemBig- ve personalityinventory (BFI-10shown
in Figure3 (a). The BFI-10hasbeenpreviouslyusedby Kazaiet al.
[47, 48] to quantify personalityof crowdworkersin termsof Open-
ness Conscientiousnesg&xtraversion Agreeablenesand Neuroti-
cism.Createdby Rammstedand John[69], this testcancapture
personalitytraits of individualswhile retaining signi cant levels
of reliability and validity (in comparisonto the original 44-item
version[45) - in researchsettingswith time constraints- suchas
crowdwork.

During the test, participantsuseda scaleof 1 5 (1: Disagree
stronglyto 5: Agreestrongly)to self-reporthow well ten statements
describetheir personality(seeFigure3 (a)in the Appendix).We
computeascore(betweenl 5) for eachofthe ve personalitytraits
using the scoring key provided by Kazai et al. [47, 48].

3.1.3 Mood. To measureworker moods,we use Pick-A-Mood
(PAM)shownin Figure3 (b)- a simple,intuitive, character-based
pictorial scaleto enableusersto self-reporttheir moodin one
click [16. Our decisionto usethis scaleis motivatedby crowd-
sourcingliterature that recognisePAM asanidealtool to capture
worker moodin crowdsourcingcontexts,where usershavelow
motivation andlittle time to reporttheir moods[87]. Previouswork
alsoindicatesthat visual representation®f moodsusedin PAM
canbeaccuratelyinterpretedby peopleof di erent nationalities
which further attests to its validity [16].

PAM includesa neutral mood( 1) and 8 non-neutralmoods.
The non-neutralmoodscanbe categorisednto two main mood
groups[1€ - pleasan{B:Excited A: Cheerful H: Relaxed: Calm),
andunpleasan{C: TenseD: Irritated, E: Sad F:Bored).During the
HIT participants arenstructed toselect thdetter that corresponds
to the pictorial representatiorof the moodthat mostcloselyresem-
bles their current mood (or how they feel in that moment).

3.1.4 Comprehension. Totestcomprehensiorskills of our partic-
ipants,we usea readingpassageecommendedor high school
students(grades9 12), that takesabout5 7 minutesto complete.
After readingthe passageparticipantsanswer ve multiple-choice
questions(MCQs)basedn its content.We usethe proportion of
correctanswersto the ve MCQsasa measureof their compre-
hensionskill (avaluebetween0 1). The comprehensiompassage,
questionsandthe answerausedfor the testareextractedfrom Read-
Works (www.readworks.org} a popularonline learning platform
that o ers readingcomprehensiomuestionspn diversetopicssuch
asworld history, geographyart, etc. ReadWorksarticlesare often
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usedin literature to testcomprehensiorskills of usersin diverse
contexts [12, 24, 79].

3.1.5 Alertness. We use a Psychomotor Vigilance Task (PVT) to

captureworker alertnesg 26, 31 during the HIT. While the original
PVTlastsfor about10minutes[18, morerecentliterature shows
that userresponsdimeson a90-secondersionof the PVT,strongly
correlateswith the original 10-minuteversion[72. Shorterver-
sionsof the PVTthat typically lastfor 90secondgo 2 minutesare
consideredappropriatein situationswherethe 10-minuteversion
may be impractical [4, 52], such as crowdwork.
Thisstudyfollows Dingleretal. [19]'s PV Ttestsetupwhereuser
alertness is measuredn termsof their reactiontime to simple
visual stimulus (a numericalcounter),using a PVT test version
that can last for about 90 secondsDuring the test participants
seea numericalcounterappearingon an otherwiseblank screen
in randomtime intervals (between2 10 seconds)As shownin
Figure3 (c), we adviseparticipantsto pressthe SPACE baron
their keyboardassoonasthe counterappearson screenWhen
SPACE baris pressedthe counterpausefor afew second$efore
movingto the nexttrial. Thetestincludesten suchtrials. Foreach
trial, we recordparticipant’sresponsedime (in milliseconds} i.e..
thetime takenby the participantto press SPACE from the moment

the counter appears on screen) - as a measure of their alertness.

3.1.6  Worker Context. We collectcontextualinformation of work-
ersusingapost-tasksurvey.ln additionto demographialetailssuch
asworker’'s age,genderandhighestlevel of educationthe survey
inquirestheir socialcontext(aloneor with others)andthe type of
workstation usedo complete the HIT(primary workstation, tem-
porary workstation,or while commuting).Additionally, we derive
the time of day during which the worker completedthe HIT (i.e.,
morning, afternoon,eveningor night) basedon the startandend
timesof the HIT that AmazonMechanicalTurk (AMT) automati-
cally records We includedthesecontextualvariablesin the survey
as prior work showsthat they are important factorsregarding

workers’ willingness to accept and complete crowd tasks [38, 42].

3.2 Crowdsourcing Tasks

Participantscomplete ve micro tasksduring the HIT, namely -
Classi cation, SentimentAnalysis, Transcription,NamedEntity

Recognitionand BoundingBox. Thesetasksare meticulouslycho-
senbasedon prior literature that investigatetask assignmentand
recommendatiorin crowdsourcingplatforms[28 34 37]. In ad-
dition, areport by PewResearctCenter[7] indicatesthat image
classi cationtasksthat requireworkersto identify certainpieces
of information in imagestag them (with boundingboxes)or clas-
sify imagesbasedts information contentarethe mostfrequently
requested37%)xrowd taskson AMT. Accordingly,in our work

we include Classi cation and Bounding Box taskswhere partic-
ipants completesimilar activities. This report further notesthat

transcriptiontasksand other text classi cationactivities(suchas
NamedEntity Recognitiontasks)arethe secondmnostfrequently
requested26%}askson MechanicalTurk [7]. Similarly,our HIT

include Transcription,SentimentAnalysis(aform of single-label
text classi cation), and Named Entity Recognition tasks.


www.readworks.org
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 (b)

Absolutely adore it when my bus i late.

Figure 1: (a) Classi cation; (b) Sentiment Analysis; (c) Tran-
scription; (d) Named Entity Recognition; (e) Bounding Box.

Moreover,we include an equalnumberof low and high com-
plexity trials in eachtask type to investigatethe impact of task
complexity on how factorsin considerationimpactworker per-
formance. Task complexititas been reported to impacuality of
crowdsourceddatain prior work [5, 34 73. Foreachtasktype,two
authors rst individually categorised trials intdow and highcom-
plexity groupsequally. Thesecategorisationsvere then collated
andcomparedagainstaveragdrial accuracyof 18pilot participants
who completedthesetasksto validatethe low and high complexity
trial categories labelled by authors.

3.2.1 Classification. In Classi cationtrials, participantsare asked
to selectall items they see iran image, oubf alist of four items
provided alongsidethe imageas shownin Figurel (a). During

the HIT, participantscompletel6 suchtrials - eachwith at least
onecorrectanswer.Theimagesusedfor the testare paintingsthat

representdiversepainting stylesfrom di erent regionsof the world.

The chosensetof imagesandtheir correspondingansweroptions
havebeenpreviouslyusedin crowdsourcingstudies[28 34, 37).

We categoriseclassi cationtrials aslow vs. high complexitybased
on the numberof itemsanimagecontainsout of the four answer
optionsprovided andhow challengingit is to identify themall. For
instance the exampleprovidedin Figurel (a)is a high complexity
trial becauseout of the three correctitems participantshaveto

identify - Piano and Dog areeasilyspotted whereasdetecting
the Fan is more challenging.

Foreachtrial, we recordparticipant’'sresponsdime (in millisec-
onds)andthe numberof correctlabelsthey identify. We usethe
following equationto calculatethe accuracyfor eachtrial ¢, with a
setof A answersprovidedby a participant,andasetof C correct

answers. Accuracy in each trial is a value between 0 and 1.
1, ifa2C |

” 1
Accuracy,t, A,C" = max [0, Da2A i f 1, otherwise

3.2.2  Sentiment Analysis. Participantscompletel6sentimentanal-
ysistrials (extractedfrom [28 34, 37])) during the HIT. In eachtrial,

they see a short sentenan the screen (see Figure 1 (b)) and are

askedto indicatewhat sentimentthe sentenceconvey- positive,
neutral or negative.We usetwo typesof sentencegor this test-
straightforward (low complexity)and sarcastiqhigh complexity).
Forexamplesentencedike The weatheris greattoday! conveya
clearly positive sentimentwhereassomeotherslike Absolutely
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adoreit when my busis late aresarcasticand hencemore chal-
lengingto interpret. In additionto the participant’s responséme
(in milliseconds), we record their answer for each triglto com-
putetrial accuracy(0 1) ¢, whenthe correctansweris c, usingthe
eqguation below.

Accuracy,t,a,c” = f L if a=c

0, otherwise

3.2.3 Transcription. EachTranscriptiontrial presentsanimage
with 2 3 sentenceof cursivewriting, that participantstranscribe
to atext boxgiven below theimage as showin Figurel (c). This
taskincludesl2imagesthat havebeenpreviouslyusedin crowd-
sourcingexperimentq 34, 37.. Theseimagescorrespondo extracts
from The GeorgaNashingtonPapersrepresentativeof inherent
individual and period-speci cvariationsin handwriting. Accord-
ingly, we categorisemanuscriptimageswith morelegibleextracts
(similar to the examplein Figure 1 (c)) aslow complexity trials
andotherswith lesslegibleextractsashigh complexitytrials. We
recordthe responseime and participantresponsedor eachtrial
andcomputeaccuracyfor eachtrial ¢ in termsof the Levenshtein
distance(LD)[13 betweenparticipant'sresponsestring a andthe

correct answek, using the following equation.
2 LD,ac” ]

Accuracy,t, a, ¢ :max[O,l String Tength,d®

3.2.4 Named Entity Recognition. The NamedEntity Recognition
(NER)taskincludes10trials - eachdisplayingbrief text passages
takenfrom the publicly availableCoNLL-2003lataset. It includes
1393English newsarticles andhasbeen usedn prior crowdsourc-
ing experimentq 25 63 85. The newsarticleswe chosehave147
words (range:80 231)and14correcttags(range:11 18) on aver-

age. Accordingly, we categorise trials with less than 14 correct tags

aslow complexityandthosewith morethan 14 correcttagsashigh

complexity.Moreover,consideringthat the averagereadingspeed
of mostadultsis around200to 250words per minute, all of these
articles can be realistically read in less than a minute.

We usedAmazonSageMaker' slERtemplateshownin Figurel
(d) to integratethis task to the HIT. In eachNERtrial, we ask
participantsto readthe text carefully,and highlight andtag words
or phrasesof text that match any one of the following entities -
Person, Location, and Organisation . Startand endpositionsof
eachtaggedword or phrasein the text alongwith the associated
entity arerecordedfor eachtag participantsmake.We calculate
the Flscorefor eachtrial ¢, by comparinga set of participant
responsesi, with the setrelevantcorrectanswersC asindicated
by the equation below.

Accuracy,t,A,C" =2

[Precision,,A,C" Recall ,A,C"
Precision,A,C”, Recall ,A,C"

3.2.5 Bounding Box. In the BoundingBoxtask, participantsare
instructedto usea boundingboxtool to draw boxes(or rectangles)
aroundhumanfacesin a seriesof images Eachtrial presentsan
imageof peoplein di erent socialcontextsand participantscan
draw asmanyrectanglesasnecessarpver eachinstanceof the tar-
get (i.e.humanfaces) We useAmazonSageMaker' 8oundingBox
templateshownin Figurel (e). Thetaskhas10trials in total, with
half of themdisplayingimageswith 2 6 clearlyvisiblehumanfaces

Lhttps://paperswithcode.com/dataset/conll-2003
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(low complexity)andthe restwith 10 14 humanfaces(highcom-

plexity). These images have been used in previous crowdsourcing

experiments [2, 36].

ForeachBoundingBoxtrial, we collectparticipant’'sresponse
time andposition of the rectangleghey generateWe then calculate
accuracyfor eachtrial ¢, by computingthe IntersectionOverUnion
(I0U)scorethat comparesa setof participantresponsesi, with
the setrelevantcorrectanswersC asindicatedby the equation
below. IOU scoreis a metric that is recommendedor accuracy
computation in Bounding Box tasks [3, 71].

Accuracy,t,A,C" = % [ZCZC max,,0,I0U,c,a 2 A]

3.3 Study Deployment

We hostedthe experimenton a publicly accessiblserverwith an
integratedPostgreSQldatabaséo storeworker data.We usedpsi-
Turk [39 to integratethe experimentserverwith AMT seamlessly,
meaningthat workers were not redirectedto an externalserver.
Additionally, severajsPsych pluging15 and AmazonSageMaker
templateqg 46 were usedto createthe interfacesusedfor testsand
crowd tasks included in the experiment.

In our study,we integratedall testsandtasksto a singlesurvey
anddeployedt asaHIT on AmazonMechanicalTurk. We recruited
workerswho areabovel8yearsold, uent in English,andresidein
the US. Moreover, eligiblevorkers needed tdvave completed more
than 1000HI Tswith anapprovalrate above95% acommonlyused
quali cation criteria in AMT studies[67]. In addition to theabove
criteria, a pre-quali cation surveywasusedto selectworkerswho
haveaccesgo a computerwith a keyboard(laptopor a desktop
computer)to completethe HIT ascertaintasksrequiredthemto
press a key on their keyboardtligible workers could preview our
taskdescriptionwherewe clearlyspeci edthat the surveywill take
approximately60 minutesto complete(which isthe average time
takenby 18pilot participants)and mustbecompletedn asingle
sitting. Furthermore workerswere providedwith the instructions
and the requirements of the survey before accepting the task.

Uponacceptingthe HIT, workers rst completedall the testsin
arandomisedrder.Workersthen completedhe PVTalertnesgest
(Section3.1.5ymmediatelybeforethey completecthe ve crowd
tasksdescribedn Section3.2- alsoin a randomisedorder. The
alertnesgestwaspositionedin this mannerto captureworker’s
alertnesgust beforethey start working on the crowd tasks.The
PVTalertnesgestwasnot repeatedasprior work indicatesthat re-
peatingthe testeverytwo hoursis su cient to continuouslyassess
alertnesq7g. Onceworkerscompletecthe crowd tests,they were
presentedwith the brief post-tasksurveydescribedn Section3.1.6
that captured their demographics and contextual details.

Theexperimentaldesignwasapprovedby the EthicsCommittee
of our university. We piloted our experimentalsetupusing 18 par-
ticipantsbeforethe surveywasdeployedo AMT. Wethenanalysed
the time spentby pilot participantson eachsurveyitem to deter-
minetherelevant rst quartile (Q1)value.Whenthe experiment
was deployedon AMT, theseQ1 valueswere usedto determine
whetherto acceptworker submissionsr not. More speci cally,
workerswho answeredhe surveyin full andspentsu cient time
(aboveQ1)in 80%of the surveyitems,receivedapaymentof 15USD
for participation. The paymentwasdecidedbasecdon the average
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time spentby our pilot participantsto completethe samesurveyin
asinglesitting (60minutes)andthe highestminimum wagein the
US [64] at the time of this study (15 USD).

4 RESULTS

A total of 354workerscompletedthe HIT. 315responsesvere eligi-
ble for further analysishaving spentsu cient timein atleast80%
of the surveyitems.Onaveragevorkersspent74minutes(SD = 31)
completingthe survey.The averagetime spentby workers com-
pleting eachtestandtaskincludedin the surveyare providedin
the Appendix(Tablel).Additionally, the nal sampleincludes183
and132workerswho self-identi ed themselvesiswomenandmen
respectivelyhavecompletedat leasthigh school(with 84%having
completeda Bachelor'sdegreeor a higher quali cation), andare
between 19 69 years old\{ = 39.6, SD = 11.6).

4.1 Outcomes of the Tests Used

4.1.1 Cognitive Tests. Worker performance and response time in
the ve cognitivetestsis shownin Figure4in the Appendix.On av-
erage accuracyis highestin the Flankertest(M = 0.76, SD = 0.32)
and lowestin the N-Backtest (M = 0.42, SD = 0.17). Addition-
ally, workers have spentthe highestand lowestamountof time
respondingto TaskSwitching(M = 1.80, SD = 0.58) and Pointing
(M =0.95,SD = 0.72) trials.

Moreover,worker accuracyand responsetimes reported for
Stroop,Flankerand Task Switchingtrials establishthe presence
of correspondingaske ects asexpectedMore speci cally, one-
sampleWilcoxon signedrank testsshow that the di erence in
accuracybetweencongruentandincongruenttrials is signi cantly
higher than0 in both Stroop ¢ = 7064.5, p < 0.001) andFlanker
tests(V = 12055, p < 0.001). Similarly, the di erence in accuracy
for repeatingand switching trials in the Task Switchingtestis
signi cantly higherthan O (V = 13406.5, p = 0.0103). Addition-
ally, we notethat one-samplé-testsshowsigni cant di erences
in responsdimesfor congruentandincongruenttrials in Stroop
(t,314" = 8.77, p < 0.001) and Flankertests(¢,314" = 5.53,
p < 0.001), aswell asfor switching andrepeatingtrials in the Task
Switching test ,314” = 2 .43, p = 0.015).

4.1.2  Personality. The mean scoreseportedfor OpennesgM =
3.17, SD = 0.74), ConscientiousnesgM = 3.8, SD = 0.84), Ex-
traversion(M = 3.16, SD = 0.93), Agreeablenesand (M = 3.53,
SD = 0.90), and Neuroticism(M = 2.57, SD = 1.00) are signi -
cantly similar to the meanvaluesreportedby Kazaiet al. [47] in
their study analysingthe importanceof personalityfor relevance
labellingtasks.Accordingly,the higher averagescoresfor Consci-
entiousnessAgreeablenesandthe lower scorefor Neuroticism
traits indicatethat our worker samplein generaltendsto performa
thoroughjob, aretrusting and helpful, and emotionally-stableThe
borderlinemeanscoresor Opennessand Extraversionindicateno
particular disposition on these traits in our worker sample.

4.1.3 Mood, Comprehension, and Alertness. 80%(n = 251) of the
workers reportedto be in a pleasantmood, with another 15%
(n = 47) in an unpleasantmood,and the remaining5%(n = 17)
in a neutral mood.Our preliminary analysisalsoindicatescom-
prehensionscoresin the rangeof 0 1, with an averagescoreof
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0.52(SD = 0.25). This borderlinescorefor the comprehensioriask
indicates average comprehension skill in the recruited workam-
ple.Additionally, we note an averageresponsdime of 0.99seconds
(SD = 0.86) for the alertnesgrials includedin the survey,indicating
that workers were generally alert as they completed the survey.

4.1.4  Worker Context. 77%n = 242) of the workerscompletedthe
surveywhen by themselveswhereasthe remaining23%n = 73)
were surroundedby other peopleasthey completedhe survey.Ad-
ditionally, out of the 315workersin the nal sample74%completed
the surveyfrom a dedicatedprimary workstation, while another
17%and 9%0of the workerswere at temporaryworkstations(e.g.,
alibrary or a cafe)andwere commuting,respectivelyMoreover,
31.5%26%,19%and 23.5%0f the workers completedthe survey
during night, morning, afternoon and evening hoursespectively.

4.2 Outcomes of Crowdsourcing Tasks

Worker accuracy(between0 1) andresponsdime (in secondsjor
high andlow complexitytrials in eachof the ve crowdsourcing
tasksareshownin Figure5in the Appendix.One-sampléVilcoxon
signedrank testsappliedto the di erence in averageworker ac-
curacyin low vs. highcomplexitytrials indicatethat the accuracy
di erencesvariedfrom 0 signi cantly (p < 0.001) in all ve task
types:SentimentAnalysis- V = 38148, Classi cation- V = 43202,
Transcription- V = 41188, NamedEntity Recognition(NER)-
V = 49659, BoundingBox - V = 13314. Similarly, one-sampld-
testsshow signi cant di erencesin responsdimesfor high vs.
low trials in SentimentAnalysis(t, 314" = 4.85, p < 0.001), Clas-
si cation (¢,314" = 2.75, p = 0.006), Transcription(t, 314" = 6.23,
p < 0.001) and BoundingBox trials (¢,314" = 10.54, p < 0.001).
Averageresponsdimesin high andlow complexityNERtrials were
not signi cantly di erent (¢,314" = 1.67, p = 0.10). Theseresults
con rm that the low high trial complexitymanipulationsusedfor
the ve crowdsourcing tasks included in this study is successful.
We note that workersfound low complexity NERtrials mostdif-
cult (M =0.28, SD = 0.23), whereadow complexity Classi cation
trials reportedthe highestmeanaccuracy(M = 0.67, SD = 0.21).
They took mosttime completinghigh complexity transcription
trials (M = 103.65, SD = 83.00), whereasworkerswere fastestin
low complexity Sentiment Analysis trials\{ = 3.76, SD = 3.94).

4.3 Predicting Crowd Task Accuracy

We perform modelselectionusing step-wiseGeneralised.inear
Models(GLM)to identify statisticallysigni cant e ects of the fol-
lowing predictorvariableson worker accuracyin the ve di erent
crowdsourcingtasksconsideredn this study. GLMsallow usto
identify the e ect of asetof predictorvariableson an outcomevari-
able(worker accuracywhile following an arbitrary (i.e.,possibly
non-normal)distribution. Additionally, aswe identi ed signi cant
di erencesin accuracyfor high vs. low complexity trials in all
ve crowdsourcingtasks,we ran separateGLMsfor high vs.low

complexity trials in each task type. For each worker we compute:

Average accuracy in Stroop,FlankerN-Back, PointingandTask
Switching tests (range: 0 1).

Average responsetimes in Stroop,Flanker,N-Back,Pointing
and Task Switching tests in seconds.
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Average test e ects for Stroop,Flankerand Task Switching

tests, accuracy (range: -0.5 1) and response time (in seconds).

Personality scoresfor OpennessConscientiousnes&xtraver-
sion, Agreeableness and Neuroticism (range: 1 5).
Self-reported mood: Pleasant, Unpleasant or Neutral.
Comprehension score (range: 0 1).

Comprehension response time in seconds.

Average response time in alertness trials in seconds.

Time of day: Night, Morning, Afternoon, Evening(self-reported
data was veri ed based on the HIT start time).

Social context: By self, With others.

Workstation: Primary, Temporary, Commuting.

All statistically signi cantpredictors p < 0.05) included inthe
nal modelswith their MeanAbsoluteError (MAE), RootMean
SquareError (RMSE) and R-SquaredR?) valuesare providedin
Table2in the Appendix.We report partial etasquaredasa measure
of the strengthof ane ect - i.e.,0.01= small,0.06= medium,0.14
=large- asper Cohen[9] andWinkler et al. [84]. Moreover, nal
predictorsreport variancein ation factorswell belowthe often-
used threshold of 5 to detect multicollinearity [33].

4.3.1 Comparing to Previous Work. As prior work hasproposed
using cognitivetestoutcomesfor crowd taskassignmentyve then
examinewhetheradditionalworker factorsexploredin our work
canprovideimprovedworker performanceestimationsForbetter
comparability,similar to Hettiachchiet al. [34], we implementBeta
RegressionGLM and RandomForestmodelswith 5-fold cross-
validation (100repeats)and evaluatewith MAE, RMSE, and R2
values As shownin Figure6 andTable3in the Appendix,predictive
modelsthat utilise all the worker factorsconsistentlyoutperform
models that only use cognitive test outcomes.

4.3.2  Simulated Task Assignment. Moreoverto investigatewhether
our taskaccuracypredictionsare usefulfor practicaltaskassign-
ment,we run a simulatedexperimentwherewe selecta speci ¢

percentag€K) of workersfor eachtask,basedon their predicted
taskaccuracyWe obtain predictedtask accuracyvaluesusingour

cross-validatedrkandomForestmodels(5-folds,100repeats)Fig-
ure 7in the Appendixshowsthe observedi.e.actual)taskaccuracy
of the selectedandremainingworkers.Forexamplejn bounding
boxtaskwhenK = 25, we selec25%of the top performingworkers

basedon predictedtask outcomesresultingin observedneantask
outcomesof 0.54mIOU for selectedvorkers and 0.37mIOU for

the remainingworkers.Our simulationdemonstrateshat consis-
tent worker performancemprovementsacrossall ve taskscanbe
obtained through task assignment based on all worker factors.

5 DISCUSSION

This study setout to understandf worker performanceestimates
usedfor micro crowd taskassignmentanbeimprovedby consider-
ing acombinationof worker factors.We nd that predictivemodels
that accountfor di erent worker factorsi.e.,personality,mood,
alertnesscomprehension skilland socialand physical contexin
tandemwith their cognitive ability, outperformmodelsthat only
accountfor the latter in estimatingworker performancein ve
di erent micro crowd tasks.Consequentlytheseinclusivemodels
canalsooptimisetask assignmentlespitethe heterogeneityof the
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micro tasksconsideredTherefore,in the contextof heterogeneous
micro crowd tasks,using a holistic approachthat goesbeyond

workers’ cognitive ability canresultin moreaccurateperformance
estimations for task assignment.

Additionally, exceptfor mood,all worker factorsinvestigatedin
this study show statistically signi cant e ects on worker perfor-
mancein atleastonetaskasshownin Table2.We further notethat
theseworker factorsimpactworker performancen di erent micro
crowd tasks,at di erent capacitiegasindicatedby low high e ect
sizes)Forinstance workers’ comprehensiorskill that impacttheir
performancdn all tasks,showshighestimpactin the NamedEntity
Recognitiontask that requiresthemto understandandinterpret
textual stimuli. We alsonote that worker contextvariables(social
context,workstation andtime of day)are moreimportantin Tran-
scription, NamedEntity Recognition and Boundingox tasks that
aregenerally moretime-consuming tharthe others(seeFigure 5).
Our ndings with regardto the SentimentAnalysistaskalso imply
that e ects of certainworker factorslike personalitycanbecome
more evident as task complexity increases.

Therefore we arguethat usinga collectionof teststo makemore
holistic performanceestimationsis crucialto optimisemicro task
assignmentin crowdsourcingplatforms. Thiscanbefacilitatedas
an open,testrepository framework that holdsworker scoresin
teststhey havecompletedwhile alsoallowing requesterdo add
newtestsasnecessaryWe emphasise¢hat scoreselatingto worker
factorslike cognitive ability, personalityand comprehensiorskills
aremoredurablethan someotherfactorslike worker mood,context
andalertnesghat needto be evaluatedmore often. Hence these
temporaldi erencesshouldbeconsideredvhendecidingre-testing
requirementsHowever,asper our resultsshownin Tablel (in the
Appendix)teststhat needto befrequently completed.e.,mood,
alertness, and context are less time-consuming than others.

However,for the proposedestrepositoryframeworkto bee ec-
tive, amechanisnthat candeterminetask-testselationshipsfor
tasksthatarenot consideredn this studyis crucial.Our studyinves-
tigatesandpresentdask-testgelationshipsfor ve mostfrequently
requestednicro tasktypeson typical crowdsourcingplatforms[7].
Thereforeasaninitial step, machindearningmodelsthat predict
tasksimilarity canbe leveragedo expandtask-testsrelationships
we presentto other crowd tasks[1]. As moredataon worker fac-
tors andtheir task performancebecomeavailableorganically,these
task similarity predictions will naturally improve.

Moreover,we shouldconsiderthe e ort andcost( nancial and
otherwise)associatedvith the proposedestrepositoryframework
to workers and requestersToxtli et al. [80] note that a typical
crowd worker already spendsapproximately 33%of their time
on crowdsourcingplatformson unpaid invisible labour (e.g.to

nd appropriatetasks,communicatewith requestersmanagepay-
ments).Therefore,it is crucialthat workersarefairly compensated
for the teststhey complete to avoidaddingon to invisible labour .
A potential solutionwould befor the testrepositoryframeworkto
chargeareasonabldeefrom the requestersvho accesshe testdata
for taskassignmentthat canthenbeusedfor worker compensation.
To motivatethe proposedestrepositoryconceptfrom arequester’s
perspectivewe point towardsour taskassignmentesults(Figure7)
and prior literature [17, 37, 44 that indicateadditional costof run-
ning quali cation testscanberecoveredy havingto recruit fewer,
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higher quality workers who are better suited for the task. This
canalsoreducethe amountof time ande ort requesterspendon
post-processing quality control.

Additionally, knowing what tests arsmecessary to be eligible for
ataskcanallow workersto determineif completingtestsis worth
the e ort [8(. Forexampleour ndings in Table2 suggesthat
workers whoperform wellin the comprehensionest arelikely to
beeligiblefor all tasksconsideredn this study (i.e.statistically sig-
ni cant, comparatively highe ect sizes forcomprehensiorscore).
Thereforeto encouragevorkersto completetests,the framework
canindicate potentialearning opportunitieseach testan provide.
This canbein the form of other tasksthat requirethe samequali -
cation, which can signi cantlyreduce the invisible labour spent
by workers searchingfor tasksthat suit their skills [80. Moreover,
having an open,testrepository can ensurethat workers do not
haveto repeatthe sametestto be eligible for similar tasks,un-
lesstheir scoresare no longerapplicable Another approachwould
beto provide an accuratepredictionof how much other workers
who completedthe sametestearnedon averageuntil re-testing
is required.Savageet al. [74] hasshownthat encouragingwork-
ersto mimic strategiesof high-earning SuperTurkers - anotion
similar to the latter approach cansigni cantly improveearning
opportunities of novice workers.

6 CONCLUSION & FUTURE WORK

As crowdsourcediatais increasinglybeingharnessedh life-critical
decisionmaking systems quality control hasbecomemore im-
portantthan ever.Taskassignments an e ective quality control
mechanismwhere optimal task-workerrelationshipsare uncov-
eredbasedon estimatedworker performanceand usedto assign
tasksthat are bettersuitedfor eachindividual worker’s skill set.In
contrastto prior work that focusexclusivelyon oneworker factor,
this study proposes estimatingvorker performanceusing holistic
modelsthat accountfor diverseworker factorsin tandem.Our
resultsassertthat inclusivemodelsare more e ective for worker
performanceestimations particularly asmicro crowd tasksare be-
comingmore and more heterogeneousiVe discussmplicationsof
our ndings for heterogeneousmicro taskassignmentand propose
usinganopen,testrepositorythat recordsworker factorscaptured
using relevanttestsand reusesthis datato matchworkerswith
tasks that are most suited for their pro le.

Thereareseveralimitations to our work. While we considered
numerousworker factorswheninvestigatingtask-testrelationships
acrossve micro tasks,it is not an exhaustiveist of worker factors
or crowd tasks.Thereare other worker factorsi.e.,behaviouraland
pastperformancedata,andcrowdtasksi.e.,audio/videoannotation
that we did not consider.Furthermore,while the task typeswe
consideredvere meticulouslychosento berepresentativeof the
more frequently requestedheterogeneousnicro tasksavailable
on crowdsourcingplatforms[7, 34, it is not an exhaustivelist of
crowd tasks. Additionallywhile our resultscon rm that relation-
shipsbetweencertaintestsandtasksexist,they do not necessarily
meancausationTherefore we encouragduture work to investi-
gatee ects of additionalworker factorson more diversecrowd
tasksto expandour ndings andinterpret relationshipsbetween
test task performance in depth.
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A APPENDICES
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Figure 2: Examples of cognitive tests used in the study.
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Figure 3: (a) 10-item BFI [47, 48, 69]; (b) Pick-A-Mood scale

usedto measureworker moods; (c)Interface of the Psychomo-
tor Vigilance Task (PVT) used to capture worker alertness.
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workers in simulated task assignment. Choosing a subset
of workers basedon predicted task accuracy can improve
overall worker performance across all ve tasks.

Test/Crowd Task Average time spent (s) SD (s)
Tests

Stroop 34 12
Flanker 31 11
n-Back 37 11
Pointing 125 78
Task Switching 58 121
Comprehension 443 481
Mood 40 137
Personality 81 89
Alertness 62 11
Crowd Tasks

Sentiment Analysis 74 65
Classi cation 381 242
Transcription 1061 660
Named Entity Recognition 934 536
Bounding Box 460 300

Table 1: Average time (including the time spent on reading
the instructions and completing all trials) spent by workers
completing di erent tests and crowdsourcing tasks.
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Named Entity

Variable Sentiment Analysis  Classi cation Transcription Recognition Bounding Box
Low High Low High Low High Low High Low High

Stroop accuracy 0.02 0.03 0.04 0.04

Stroop response time 0.02 0.04 0.06 0.03 0.05

Flanker accuracy 0.02 0.02

Flanker response time 0.01 0.04 0.02 0.05 0.07 0.06

Flanker e ect (accuracy) 0.02 0.03 0.03 0.01

N-back response time 0.02

Task switching accuracy 0.02 0.03 0.02 0.03

Task switching response time 0.05 0.08 0.05 0.02 0.02 0.04

Task switching e ect (responséme) 0.02

Pointing accuracy 0.02 0.04 0.02

Comprehension score 0.11 0.10 0.03 0.04 0.05 0.03 0.18 0.18 0.03 0.05

Comprehension respondame 0.01 0.01

Alertness response time 0.01 0.02 0.04 0.03

Openness 0.03 0.07

Conscientiousness 0.04

Extraversion 0.04 0.01 0.03 0.04 0.03

Agreeableness 0.02

Neuroticism 0.01 0.03

Time of day 0.04 0.02 0.03 0.01 0.02

Workstation 0.02 0.03 0.03 0.03

Social context:workstation 0.04 0.04

Social context:time of day 0.04 0.04

Time of day:workstation 0.06 0.06

MAE 0.14 0.15 0.13 0.12 0.18 0.21 0.13 0.14 0.16 0.12

RMSE 0.17 0.19 0.17 0.14 0.24 0.26 0.17 0.17 0.20 0.15

R? 0.36 0.48 0.28 0.26 0.28 0.28 0.49 0.47 0.29 0.37

Table 2: E ect sizes(aspartial eta square values) of statistically signi cant predictors in low and high complexity trials for the
ve crowdsourcing tasks used; ** = p < 0.001, ** = p < 0.01, * = p < 0.05

MAE RMSE R2
Method Task All Tests Cognitive All Tests Cognitive All Tests Cognitive
Beta Regression Sentiment Analysis ~ 0.132 0.157 0.162 0.190 0.407 0.197
GLM Sentiment Analysis ~ 0.130 0.156 0.160 0.189 0.420 0.193
Random Forest Sentiment Analysis  0.121 0.139 0.149 0.174 0.506 0.306
Beta Regression Classi cation 0.127 0.125 0.155 0.156 0.168 0.141
GLM Classi cation 0.126 0.124 0.155 0.156 0.178 0.149
Random Forest Classi cation 0.117 0.121 0.142 0.150 0.281 0.197
Beta Regression Transcription 0.226 0.243 0.274 0.284 0.141 0.073
GLM Transcription 0.209 0.222 0.265 0.274 0.164 0.088
Random Forest Transcription 0.213 0.222 0.261 0.273 0.158 0.085
Beta Regression Named Entity Recognition  0.147 0.167 0.187 0.204 0.330 0.205
GLM Named Entity Recognition ~ 0.146 0.167 0.186 0.204 0.356 0.216
Random Forest Named Entity Recognition ~ 0.132 0.147 0.162 0.184 0.518 0.352
Beta Regression Bounding Box 0.162 0.159 0.199 0.193 0.165 0.172
GLM Bounding Box 0.155 0.154 0.194 0.191 0.177 0.176
Random Forest Bounding Box 0.149 0.152 0.184 0.188 0.227 0.187

Table 3: MAE, RMSEand R2 values for comparing Cognitive vs. All tests asfeatures in Beta Regression, GLM and Random
Forest models with 5-fold cross validation (100 repeats)across all the tasks. Best MAE (lower), RMSE (lower) and R2 (higher)

values are given in bold text.
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