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LNot the best approach...

Stand alone measures:

Multiple measures:
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L Linear Mixed Effects Models

Linear Mixed Effect Models (LMMs) allow for:

# Accounting for (potentially) all the sources of variability and
dependency

# Gathering information at the stimuli level
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Rasch model estimates J

Predictive ability of behavioral outcomes J

Classic scoring vs Model estimates
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Ll\lodels Specification

The expected response y for the observation ¢ = 1,..., I for respondent
j=1,...,J on stimulus £k = 1,..., K in condition [ = 1,..., L of measure
m=1,...,M:
Model 1:

Y = a+ ﬁl, Qi) + Qgli] + € Fixed Effect

a; ~ N(0,07),
ar ~ N(0,0%).

Model 2:
yi = o+ Bl ok + Bjgmi + €&
ay, ~ N(0,07),
Bj ~ MVYN(0,%;m).
Model 3:

Yo = a+ Bl + o + Bjgmali + &
ay, ~ N(0,07),
Bj ~ MVYN(0, % m1).

Accuracy: € ~ £(0,0°)
Log-time: € ~ N(0,0°)
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Random structure

September 2, 2020 9/22



Ll\lodels Specification

Accuracy model (Rasch Model estimates):

Respondents’ parameters Stimuli parameters

Model 1~ Overall (6;) Overall (by)
Model 2 Measure-specific (6,) Overall (by)
Model 3  Condition-specific (6;,;) Overall (by)

Respondents’ parameters Stimuli parameters

Model 1 Overall (7;) Overall (dy)

Model 2 Measure-specific (7j,) Overall (0)

Model 3 Condition—specific (7jm;) Overall (d)
j=1,...,J Respondents l=1,...,L Condition
k=1,..., K Stimuli m=1,..., M Measure
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L Method

Stimuli:

14 Object Stimuli (7 Dark, 7 Milk)

r a2 Pg %]

26 Evaluative attributes (13 Good, 13 Bad)

Chocolate IAT Dark SC-IAT Milk SC-IAT
Conditions: Conditions: Conditions:
MGDB: 60 trials DB: 72 trials MB: 72 trials
DGMB: 60 trials DG: 72 trials MG: 72 trials

n =152, (F = 63.82%, Age = 24.03 & 2.82 years)
Milk Chocolate Choice: 48.03%
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!Model comparison

Accuracy Response times
Model AIC BIC Deviance AIC BIC Deviance
1 22990.85 23036.02 22980.85 44623.69  44677.9 44611.69
2 22905.80 22996.15 22885.80 43448.31  43547.70 43426.31
3 22364.85 22617.83 22308.85 38932.55 39194.56 38874.55
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Rasch model:

Model 3 Model 3
br: Overall stimuli estimates, across Or: Overall stimuli estimates, across
respondents/conditions/measures. respondents/conditions/measures.
0;mi: Measure-Condition specific Tim1: Measure-Condition specific
respondents’ estimates. respondents’ estimates.
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L Choice Prediction

Dark Chocolate Choice Milk Chocolate Choice
(DCC) =0 (MCC) =1

Differential measures:
Choice ~ D-score + D-Dark + D-Milk
Choice ~ IAT-differential + Dark-differential + Milk-differential

Single components:

Choice ~ Mpaems + Mmceps + Mps + Mpa + Muc + Mus
Choice ~ TpagMmB + ™GDB + TDB + ™G + TMB + ™G

TAT-differential = TpagMB — TMCDB
Dark-differential = 7o — ™pq
Milk-differential = v — ™G
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L Choice Prediction

Dark
Milk

Observed

a+d
a+b+c+d

Expected
Dark Milk
a b
c d
a+c b+d

a+b DCCs
c+d MCCs

General Accuracy (i.e., ratio between model correctly

identified choices and total number of choices)

a
a+b

DCC Accuracy (i.e., ratio between model correctly identi-

fied DCCs and observed number of DCCs)

MCC Accuracy (i.e., ratio between model correctly identi-

fied MCCs and observed number of MCCs)
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bice Prediction

DIFFERENTIAL MEASURE SINGLE COMPONENTS
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DIFFERENTIAL MEASURE SINGLE COMPONENTS
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L Final remarks

1 1
STIMULI INFORMATION CHOICE PREDICTION
e Malfunctioning stimuli e Single components vs
e Stimuli driving the IAT Differential measures
effect e Not “How much” but
e Issues related with the “What”
computation of the D-score e Deeper understanding of
the processes underlying
behaviors
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