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Challenging the mechanism for the implicit 
association test
 

Kyle J. LaFollette    1,2  , Doroteja Rubez2, Heath A. Demaree    2 & 
Amit Goldenberg3,4,5

Implicit biases are stereotypes and attitudes that influence decisions 
and actions, contributing to discrimination and societal inequities. The 
implicit association test is the most widely used tool for measuring implicit 
bias, assessing response time in sorting stimuli into labelled categories. 
Most interpretations assume that implicit association test performance 
(D-scores) reflects conflicting associative memories or decision ease. We 
challenged this assumption by decomposing D-scores into additional 
cognitive processes that may influence results, particularly response 
caution—the tendency to trade speed for accuracy. Using racing diffusion 
models across 39 topics (N = 115,601), we found that response caution 
explained significantly more variance in D-scores beyond decision ease. 
Response caution also best predicted explicitly reported biases. These 
findings challenge the traditional interpretation of D-scores as primarily 
reflecting associative memory activation and highlight the need to consider 
multiple cognitive processes when assessing implicit biases.

Implicit biases are attitudes or stereotypes that affect our understand-
ing, actions and decisions, often without our knowledge1. Social scien-
tists typically define implicitness as a property of unconscious mental 
representations or of measures that are designed to test constructs indi-
rectly, avoiding the filter of self-report2–5. These features of implicit bias 
make its measurement very challenging. To overcome this challenge, 
social scientists are tasked with developing measures that capture 
implicit behaviour and that are less susceptible to external pressures 
and social desirability than self-report1,6–9. Developing these measures 
is especially difficult, because people seem to be able to fake their 
performance even when measures are supposed to be implicit10–13.

Many different measures have attempted to capture implicit bias, 
but the most commonly used one is the implicit association test (IAT)3,4. 
The IAT involves presenting participants with target concepts (for 
example, images of Black or white faces) and attribute concepts (for 
example, good or bad words) and asking the participants to sort these 
stimuli into their respective categories (Fig. 1). Target and attribute 
categories are later combined such that they are either compatible with 
biased beliefs (that is, white/good and Black/bad) or incompatible (that 

is, white/bad and Black/good). In the incompatible block of the race 
IAT, as one prominent example, images of Black faces and positive or 
good words (for example, ‘beautiful’ or ‘pleasant’) are mapped onto one 
response key, while images of white faces and negative or bad words (for 
example, ‘ugly’ or ‘unpleasant’) are mapped onto another key. The com-
patible block has the opposite configuration (that is, white/good and 
Black/bad). People tend to respond more slowly on bias-incompatible 
blocks than on bias-compatible blocks, a behaviour termed the ‘IAT 
effect’. To quantify this effect, many researchers use D-scores, which are 
the difference in response time between compatible and incompatible 
blocks divided by their pooled standard deviation. At least six D-score 
algorithms have been proposed, each differing in their treatment of 
short response times and error trials14,15.

Given the assumed ability of the IAT to bypass external pres-
sures and social desirability3–5, it has been widely used to detect and 
evaluate bias in healthcare16,17, law enforcement18 and education19,20. 
Although the IAT has been widely adopted, it has also been heavily 
criticized. One critique of the IAT is its limited construct validity 
and general inability to predict real-world behaviours5,21,22. Different 
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versions of the IAT may have different construct validities: whereas 
some authors find that IATs measuring political biases are valid23, 
others find that IATs measuring implicit self-esteem are not24. Some 
authors suggest that the IAT may be no better or even worse than 
explicit measures at gauging bias25–27. A second critique of the IAT 
and D-scores is that responses can be falsified, which can partially 
explain variability in D-scores10–13. This suggests that the same subjec-
tive filters that influence a person’s explicit reporting of preferences 
may also influence their IAT performance. These criticisms suggest 
that further understanding of the underlying mechanisms driving 
variability in D-scores may help explain the IAT’s low construct validity 
and the ability to falsify one’s performance.

The original and most common interpretation of the IAT effect 
is that people process the compatible blocks more quickly due to 
complementary associative memory content4, a mechanism reflecting 
decision ease. Incompatible blocks are responded to more slowly due 
to the contents of associative memory conflicting with task instruc-
tions, reflecting lesser decision ease. However, some researchers have 
suggested that the reason participants slow down on incompatible 
blocks may not entirely be due to their decision ease but also because 
they become more cautious of making an error on incompatible trials5. 
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Fig. 1 | Standard IAT schematics. a–d, Participants classified centrally presented 
stimuli into categories presented in the top left and top right of their monitor 
screen. Concept-only blocks had participants classify concept-specific stimuli 
(for example, Black person, white person, gay person or straight person) (a). 
Attribute-only blocks had participants classify words conveying an attribute 

(for example, good, bad, true or false) (b). Mixed blocks had participants classify 
concept-specific stimuli and words into mixed categories that were either 
compatible (c) or incompatible (d) with biased beliefs. Images adapted from 
Project Implicit (https://implicit.harvard.edu).
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Fig. 2 | RDM schematic. Two competing accumulators race at average  
drift rates va and vb until either reaches the evidence threshold b,  
at which point both processes terminate and the winning accumulator 
determines the chosen category. Time spent deliberating plus  
any non-decision time Ter corresponds with the choice’s  
response time.
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Response caution reflects people slowing down on incompatible trials 
to avoid making mistakes. Response caution is caused either because 
the incompatible trials are more difficult and require slowing down28, 
or because they impose pressure to fake performance29,30.

Notice the distinction between decision ease and response cau-
tion: whereas decision ease is driven by existing associative memory 
between concepts and attributes, response caution is driven by sub-
jective control to improve accuracy in performance. Previous studies 
have mostly neglected the question of whether these mechanisms 
are independently responsible for variance in IAT performance or 
whether they serve as a link between IAT performance and explicit 
preferences. One exception is work by Klauer and colleagues31, who 
tested the association between IAT performance and explicit prefer-
ences in the context of political attitudes, finding that preferences were 
only explained by decision ease. This work, however, was limited in 
power32 and topic. A comprehensive analysis of whether decision ease 
and response caution predict IAT effects and whether either of those 
predict explicit preference is needed across a wide range of IAT topics 
to further understand the notion of implicit bias.

In response to long-standing issues with the IAT, a growing number 
of researchers advocate for transitioning away from summary statis-
tics such as D-scores and instead using more sophisticated computa-
tional approaches33–35. One such approach is the racing diffusion model 
(RDM)36, a mathematical model that assumes decisions are made by 
accumulating bits of evidence for competing choices over time until 
some evidence threshold is met for either of those choices (Fig. 2). 
The rates of evidence accumulation are reflected in the RDM’s ‘drift 
rate’ parameter, which can be thought of as decision ease. This ease 
is driven by the activation of associative memory content37,38, such as 
the biased association between white persons and good. Conversely, 
the RDM’s ‘evidence threshold’ parameter reflects response caution, 

which is responsible for speed–accuracy trade-offs. Since the earliest 
explorations of the IAT, diffusion models have been used for examining 
IAT performance30,31,39,40. However, these attempts mainly focused on 
examining either changes in ease and caution between blocks or the 
association between decision ease and the D-score, but not response 
caution as a separate predictor of the D-score. A third, less relevant 
property captured by the RDM is non-decision time, or the proportion 
of response time unrelated to processes of decision-making, such as 
stimulus encoding or pre-motor planning. Unlike decision ease or 
response caution, prior work suggests that non-decision time is related 
to neither method-specific nor construct-specific variance in IAT per-
formance31. Nevertheless, accounting for variability in non-decision 
time can contribute to more precise estimates of decision ease and 
response caution.

The distinction between decision ease and response caution raises 
questions about the degree of conscious control people may have over 
either of these mechanisms. Many leading experts on decision diffu-
sion modelling describe decision ease as reflecting abilities not under 
subjective control, whereas response caution is strategic and varies 
with participants’ relative emphasis on speed versus accuracy41–44. 
In support of this description, researchers have found that only deci-
sion ease adapts to information contained by masked or suppressed 
stimuli outside of conscious awareness45,46. Response caution, in con-
trast, seems to be susceptible to instructional emphases on speed or 
accuracy47–51 and has been linked to a network of brain regions associ-
ated with voluntary action and effortful control over behaviour52–55. 
Decision ease may also be affected by temporary response strategies 
that mimic shifts in mental associations, such as faking30,56. However, 
these effects probably stem from task-specific adaptations rather 
than genuine changes in underlying associations. Thus, decision ease 
may serve as a more reliable indicator of unconscious processes under 

Table 1 | Design table

Question Hypothesis Sampling plan (for example, 
power analysis)

Analysis plan Interpretation given to different 
outcomes

Do decision 
ease (that is, the 
rate of evidence 
accumulation), 
response caution 
(that is, the evidence 
threshold) and 
non-decision time 
differ between 
compatible and 
incompatible blocks?

All three processes—
response caution, 
decision ease and 
non-decision time—will 
differ between mixed 
blocks for any IAT.

Our pilot analyses revealed 
strong evidence for effects 
of decision ease, response 
caution and non-decision time 
between blocks (all BF > 10 for 
at least moderate effects). Our 
exploratory analyses at the 
pilot stage consisted of 34,743 
participants. We expected to 
have 109,417 participants in 
the final confirmatory sample 
and a minimum of 2,496 
participants for any IAT.

We conducted three Bayesian 
equivalence tests for each of 
the 39 IATs—each one testing 
whether the difference in 
response caution, decision ease 
or non-decision time is different 
from a region of practical 
equivalence (ROPE) to 0 ([−0.1, 
0.1] for small effects, [−0.25, 
0.25] for moderate effects and 
[−0.4, 0.4] for large effects).

A positive difference in response bias 
between the two blocks indicates that 
the person is more cautious in the 
incompatible block. A negative difference 
between the blocks for the decision 
ease parameter indicates a stronger 
association between target–attribute 
pairs in the compatible block than in the 
incompatible block. A negative difference 
between the blocks for non-decision time 
indicates faster non-decision processes 
in the incompatible block than in the 
compatible block.

Does response 
caution explain 
significant variance 
in the D-score, above 
and beyond the 
decision ease and 
non-decision time 
scores?

(1) The response caution 
score will have a greater 
effect on the D-score 
than either decision 
ease or non-decision 
time scores. (2) The 
response caution score 
will explain significant 
variance in the D-score, 
above and beyond 
that explained by 
either decision ease 
or non-decision time 
scores.

The minimum sample size for 
any particular IAT is N = 1,327. 
Pilot analyses suggested large 
effect sizes. A power analysis 
with a large effect size and a 
power of 0.95 suggested that 
N = 238 for each IAT is sufficient 
for the analyses.

We conducted 39 hierarchical 
regression models, one for each 
IAT dataset, where decision ease 
and non-decision time scores 
served as the first two predictors 
in block 1, response caution was 
added as a predictor in block 
2 and D-score served as the 
outcome measure. F-change 
tested the first hypothesis, and 
standardized β coefficients 
in block 2 tested the second 
hypothesis. We repeated this for 
all six D-score algorithms.

If the response caution score explains a 
significant portion of the variance in the 
D-score, that suggests that the D-score 
is confounded by processes unrelated 
to the activation of associative memory 
content, as is assumed in the standard 
definition of implicit bias.

Do response caution, 
decision ease and 
non-decision time 
on the IAT predict 
explicit preference 
for that IAT’s topic?

The response caution 
score will predict 
explicit preference, but 
neither the decision 
ease score nor the 
non-decision time score 
will predict explicit 
preference.

The minimum sample size for 
any particular IAT is N = 1,327. 
Pilot analyses suggested small 
effect sizes. A power analysis 
with a small effect size and a 
power of 0.95 suggested that 
N = 238 for each IAT is sufficient 
for the analyses.

We conducted 39 ordinary 
least-squares regression 
models, one for each IAT 
dataset, where the decision ease 
score, the response caution 
score and the non-decision time 
score served as predictors of 
explicit preference.

If the response caution score predicts 
explicit preference but the decision ease 
score does not, that suggests that explicit 
preference reflects response caution 
more than it does processes traditionally 
assumed to reflect implicit bias.
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typical conditions, while response caution appears at least partially 
under conscious control.

In the present study, we use the RDM to distinguish between 
decision ease and response caution in predicting both D-scores and 
explicit preferences. First, we aimed to uncover the degree to which IAT 
effects are driven by decision ease, response caution and non-decision 
time. We hypothesized that decision ease, response caution and 
non-decision time would on average significantly differ between com-
patible and incompatible IAT blocks (Hypothesis 1; Table 1). Second, 

we hypothesized that response caution would have the greatest effect 
on the D-score, explaining variance in D-scores above and beyond that 
explained by both decision ease and non-decision time (Hypothesis 2).  
In addition to the traditional D-score, we tested this hypothesis on five 
alternative D-score algorithms14,15. Finally, we aimed to uncover which of 
those mechanisms (decision ease, response caution and non-decision 
time) were more associated with explicit preferences. On the basis of 
the majority of previous research suggesting that both response cau-
tion and explicit preferences are susceptible to subjective control, and 
supported by our pilot analyses with an exploratory dataset, we hypoth-
esized that explicit preferences would be predicted solely by response 
caution and not by decision ease or non-decision time (Hypothesis 3). 
We tested these hypotheses using a large dataset of 115,601 unique IAT 
sessions made up of 39 different IATs.

Results
We conducted preregistered confirmatory analyses on a large held-out 
sample of 115,601 unique IAT sessions, collected as part of the Ideology 
2.0 Study57 by Project Implicit from December 2007 to June 2012 (see 
‘Pilot data’ in Methods for an earlier exploratory analysis on which we 
based our hypotheses; see https://osf.io/e97rf for the preregistration). 
Thirty-nine unique IAT topics were analysed among the unique IAT 
sessions, each including at least 2,673 participants (mean, 2,964.128; 
s.d. = 103.707; Table 2). See Supplementary Information for all software 
used, sample demographics (Supplementary Table 3) and additional 
information on the dataset source and other sample considerations.

We fit both trial-level choice and response time data using the RDM 
for each IAT separately (see ‘Analysis plan: Racing diffusion modelling’ 
in Methods for the details). Decision ease and response caution were 
defined as the difference in RDM average rate of evidence accumulation 
and the evidence threshold, respectively, between the incompatible 
and compatible blocks. Bayesian equivalence tests revealed strong 
evidence for a large effect of decision ease between incompatible and 
compatible blocks (mean difference, −23.316; 95% highest density 
interval (HDI), (−25.972, −20.689); Bayes factor (BF), >1,000), with 38 
of the 39 IATs having negative effects (Fig. 3), suggesting less ease in 
the incompatible block. We also observed strong evidence for a large 
effect of response caution between blocks (mean difference, 46.318; 
95% HDI, (44.127, 48.475); BF > 1,000), with all 39 of the 39 IATs having 
positive effects, suggesting greater response caution in the incompat-
ible block. Finally, we observed strong evidence for a large effect of 
non-decision time between blocks (mean difference, −37.239; 95% HDI, 
(−40.773, −34.092); BF > 1,000), with 30 of the 39 IATs having negative 
effects, suggesting less non-decision time in the incompatible block. 
See Supplementary Table 1 for individualized effects from each IAT and 
Supplementary Fig. 1 for visualized non-decision time.

Although decision ease, response caution and non-decision time 
were all significant predictors of D-score (absolute mean βease = 0.507; 
95% confidence interval (CI), (0.487, 0.528); z38 = 29.374; two-tailed 
P < 0.001; absolute mean βcaution = 0.809; 95% CI, (0.788, 0.829); 
z38 = 168.782; two-tailed P < 0.001; absolute mean βndt = 0.614; 95% CI, 
(0.595, 0.638); z38 = 55.964; two-tailed P < 0.001), the absolute effect of 
response caution was greater on average than those of both decision 
ease and non-decision time (Fig. 4). We observed this for each of the 
six D-score algorithms (Fig. 5). Hierarchical regression models predict-
ing D-score revealed that although a model including both decision 
ease and non-decision time accounted for a significant proportion 
of variance in individual D-scores (mean R2 = 0.627; 95% CI, (0.616, 
0.637)), including response caution as a predictor explained greater 
variance above and beyond decision ease and non-decision time (mean 
R2 = 0.787; 95% CI, (0.779, 0.796)).

After establishing associations with the D-score, we next examined 
the associations between the RDM mechanisms and explicit prefer-
ences. We found that explicit preferences were predicted by decision 
ease, response caution and non-decision time (mean βease = −0.117; 

Table 2 | IAT topics and sample sizes

IAT topic Sample 
with IAT

Sample with 
IAT and explicit 
preference

Age (old/new) 3,085 2,001

Businesses (corporations/non-profits) 2,832 1,804

Centuries (1950/2050) 3,044 2,435

Centuries-danger (1950/2050) 2,982 2,431

Clarity (ambiguous/clear) 3,016 2,371

Complexity (complex/simple) 2,960 2,218

Cultural ideology 1 (collective/individual) 2,992 2,271

Cultural ideology 2 (community/individual) 2,963 2,265

Cultural ideology 3 (group/individual) 3,092 2,067

Direction (backward/forward) 2,986 2,067

Economic policy (regulation/markets) 2,673 1,569

Economic systems (socialism/capitalism) 2,818 1,620

Employment (labour/management) 2,880 1,924

Equality (unequal/equal) 3,014 2,169

Explanations-truth (conspiracy/accident) 2,825 2,045

Fairness (biased/fair) 2,953 2,075

Goals (duty/hope) 3,113 2,058

Government systems (fascism/democracy) 2,823 2,027

Identity (other/self) 2,932 1,769

Justice (injustice/justice) 2,928 1,952

Likelihood (possible/certain) 2,919 1,853

Location (foreign/local) 2,942 2,025

Novelty (novel/familiar) 2,910 1,848

Order (anarchy/hierarchy) 2,829 2,191

Origins-truth (creationism/evolution) 3,055 2,224

Parenting (strict/nurturing) 3,027 1,928

Parents (father/mother) 3,142 2,074

Philosophies-truth (religion/science) 3,049 1,849

Preservation (preserve/change) 2,933 2,248

Protest (protest/accept) 2,994 1,849

Race (Black/white) 3,200 2,140

Risk (risky/cautious) 2,848 1,678

Secularity (state/church) 3,036 1,728

Sexuality (gay/straight) 3,104 1,760

Steps (restore/progress) 2,876 1,780

Strategy (attack/defend) 2,943 2,189

Threat-truth (danger/safety) 2,939 2,182

Time 1 (future/present) 2,946 2,024

Time 2 (past/present) 2,998 1,870
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95% CI, (−0.159, −0.074); z38 = −9.796; two-tailed P < 0.001; mean 
βcaution = 0.241; 95% CI, (0.198, 0.284); z38 = 11.204; two-tailed P < 0.001; 
mean βndt = 0.184; 95% CI, (0.149, 0.220); z38 = 10.160; two-tailed 
P < 0.001; Fig. 6) on average across IATs. However, the absolute magni-
tude of the effect of response caution on explicit preference was greater 
than the effects of both decision ease and non-decision time on explicit 
preference. A follow-up exploratory meta-regression supported this: 
response caution effect sizes were significantly larger than those of 
decision ease (β = 0.124; 95% CI, (0.076, 0.172); z76 = 5.032; one-tailed 
P < 0.001). Together with our hierarchical regression findings, this 
suggests that IAT D-scores are weak measures of implicit bias as it has 
been commonly defined. Response caution is largely responsible for 
IAT D-scores and their association with explicit preference.

Discussion
In the current project, we evaluated the influence of response cau-
tion, decision ease and non-decision time on IAT performance. To 
this end, we fit the RDM to IAT data curated from the Project Implicit 
Ideology 2.0 Study, representing 115,601 unique participants and 39 
unique IAT topics. As predicted by our Hypothesis 1, we observed sig-
nificant differences in RDM parameters between bias-compatible and 
bias-incompatible trials. Specifically, participants experienced more 
response caution, less decision ease and less non-decision time on 
bias-incompatible trials than on bias-compatible trials. Supporting 
our Hypothesis 2, we further observed that response caution explained 
significantly more variance in D-scores above and beyond both deci-
sion ease and non-decision time. This result generalized to five other 
variations in calculating the D-score. In Hypothesis 3, we predicted that 
explicit preferences would primarily relate to response caution over 
decision ease and non-decision time. In partial support of our hypoth-
esis, explicit preference was predicted better by the difference between 
response caution in the incompatible and compatible blocks than by 
the difference in decision ease and the difference in non-decision time.

We draw three conclusions from the current findings, which 
align with those of Klauer and colleagues31. First, we conclude that if 

a researcher is interested in real-world behaviour, response caution 
may be the preferred measure. We found that response caution was a 
greater predictor of both performance on the IAT and explicit prefer-
ences, suggesting that it plays a significant role in both IAT performance 
and the explicit endorsement of attitudes. Caution is an important 
component in exercising beliefs, as other researchers have previously 
identified58, and implicit bias researchers might consider a person 
having caution to control their biased behaviour to be a desirable trait. 
The D-score, however, masks this trait, as greater caution in the face of 
bias-incompatible trials on the IAT results in a higher D-score, confusing 
caution for increased bias. This conflation could explain some findings 
that the IAT has poor external validity5,21,22. Researchers who are inter-
ested in developing and testing the efficacy of bias intervention and 
training programmes may prefer to track changes in response caution 
instead of D-score as a whole30. Researchers may also be interested in 
understanding why people exert caution and the extent to which it 
may be conscious. Diffusion models do not themselves make claims 
about the motivation for response caution, and future research should 
investigate its function specific to the expression of bias.

Second, we conclude that if a researcher is interested in measur-
ing implicit bias, decision ease emerges as the potentially preferred 
candidate. It is crucial to dissociate any measure of implicit bias from 
explicit measures of preference, as emphasized by most definitions 
of implicitness and the original purpose of the IAT2. Recent work sug-
gests that the IAT D-score largely fails to provide this dissociation for 
lack of discriminant validity25; however, decision ease may serve to 
replace the D-score as a more valid measure. The small correlation 
magnitude between decision ease and explicit preference meets most 
rule-of-thumb criteria for discriminant validity, and although this 
correlation is statistically significant, our atypically large sample size 
paired with the low correlation magnitude demand that significance 
be treated with caution59. That said, multimethod studies and tests of 
convergent validity are necessary before decision ease can be endorsed 
with confidence as a more discriminant measure. Future research 
should identify decision ease with diffusion modelling across a variety 
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Fig. 3 | RDM parameter effects. Standardized mean differences between the 
posterior predictive densities of the bias-incompatible and bias-compatible 
blocks of each IAT (N = 115,601 participants), for decision ease (that is, the average 

drift rate; blue) and response caution (that is, the evidence threshold; red). 
Non-decision time is not shown. The diamonds indicate the average difference 
across IAT topics. The error bars show 95% HDIs.
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of implicit measures (for example, the evaluative priming task and 
the affective misattribution paradigm) and evaluate its validity as an 
implicit construct.

Third, regardless of whether a researcher is interested in real-world 
behaviour or implicit bias, it is clear that the D-score is an insufficient 
and flawed measure of both. It conflates response caution and deci-
sion ease, which can be considered two opposing forces. For example, 
a very biased person with lower decision ease on incompatible trials 
could achieve a lower D-score by exerting less caution than someone 
with similar bias but more caution. The D-score would suggest that the 
person who lacks caution when faced with information incompatible 
with their beliefs is less biased than a similar person with more cau-
tion. This is problematic for identifying bias, as it makes the D-score 
an ill-suited measure for the efficacy of implicit bias training and inter-
vention programmes. Diffusion models solve this issue of conflation 
and allow both distinct behavioural components to be broken up and 
uniquely identified, providing a more nuanced understanding of the 
cognitive processes underlying biased behaviour.

We believe that these three conclusions provide much clarity 
on a complicated construct that has thus far suffered from limited 
data and analytic methods. We also believe that these complications 
can be assuaged by rethinking ill-defined, domain-general accounts 
of implicit bias with more formalized mechanistic explanations. By 
decomposing IAT performance into decision ease and response cau-
tion, we offer this more formalized framework for understanding and 
measuring the components that make up bias, some of which may be 
more implicit than others. Future research building on these insights 
will be crucial for determining whether these components truly offer 
a more compelling alternative to the D-score.

Limitations and future direction
Although our research provides a comprehensive reevaluation of 
the IAT D-score, it is imperative to recognize several limitations that 
may impact the generalizability of our findings. The first limitation is 
that our current results bind together a variety of types of IAT. Not all 
IATs elicited the same behaviour: on some IATs, such as race, decision 
ease was more predictive of explicit preference than was response 
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Fig. 4 | Effects of decision ease and response caution on D-score. Absolute 
standardized effects of decision ease and response caution on D-score (N = 78,578 
participants). The dots represent absolute standardized β coefficients identified 

from regression models of D-score including fixed effects of decision ease, 
response caution and non-decision time (not shown). The diamonds indicate the 
average effect across IAT topics. The error bars show 95% CIs.
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Fig. 5 | Effects of decision ease and response caution on each of the six D-score 
algorithms. Average absolute standardized effects of decision ease and response 
caution on each of the six D-score algorithms (N = 78,578 participants). The 
diamonds indicate the average standardized β coefficients identified from 
regression models of D-score including fixed effects of decision ease, response 
caution and non-decision time (not shown). The error bars show 95% CIs.
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caution. Although implicit and explicit biases are argued to be distinct 
constructs, Greenwald and Banaji1 suggest that dissociability “is not a 
necessary condition for identifying attitudes as implicit”. People can 
still explicitly endorse beliefs that happen to overlap with their implicit 
biases60. Future research should continue to explore specific IAT topics 
independently and aim to understand the conditions for overlapping 
implicit and explicit biases. Additionally, many of the IATs included in 
this analysis are under-investigated relative to others, and future work 
should establish their convergent validity with other implicit measures.

The second limitation is that error trials were not included in our 
models. The reason for this was that, during data collection, the final 
reaction time was recorded only when a participant made the correct 
choice. Intermediate, incorrect reaction times were not recorded. 
Because responding accurately on the IAT involves overcoming a con-
flict between responding on the basis of category membership and 
responding on the basis of biased associations, including data from 
error trials could have provided additional information for evaluating 
response caution and decision ease. Future research should assess 
these parameters while considering inaccurate responses.

A third limitation of the current design is that decision ease, 
although identified as a potentially better measure of implicit bias, 
may also reflect phenomena unrelated to implicit biases, such as task 
switching. Task switching has been found to affect decision ease on the 
bias-incompatible block via proactive interference61 and is an impor-
tant feature of IAT performance62. To mitigate the effect of task switch-
ing, the standard IATs used here included 40 practice trials between the 

60 trials in each of two mixed-configuration blocks—compatible and 
incompatible—thereby reducing proactive interference. Nevertheless, 
there is still a possibility that changes in decision ease between blocks 
may be due in part to some proactive interference brought on by task 
switching, despite the efforts to mitigate it.

Efforts to mitigate task-switching effects may also explain our 
observed changes in non-decision time. Non-decision time was 
observed to be notably shorter in incompatible blocks than in com-
patible blocks. This conflicts with Klauer and colleagues’ observation 
that non-decision time is longer in incompatible blocks. There are 
two key reasons that may account for this discrepancy. First, Klauer 
and colleagues acknowledge that changes in non-decision time most 
likely reflect proactive interference between mixed-configuration 
blocks. Our IATs included a greater proportion of practice trials rela-
tive to mixed-configuration trials between the mixed-configuration 
blocks than did Klauer’s IATs, which should further reduce proactive 
interference and potentially lead to shorter non-decision times in 
incompatible blocks. Second, recent reports indicate that when simu-
lated non-decision time remains unchanged between blocks, spurious 
negative correlations between response caution and non-decision time 
may arise63. We believe that the negative difference in non-decision 
time in our analysis may reflect such a spurious correlation with the 
observed positive difference in response caution. Importantly, when 
we explicitly fixed non-decision time to be equal across blocks in an 
alternative model specification, we still observed a positive difference 
in response caution. This confirms that the change in response caution 
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Fig. 6 | Effects of decision ease and response caution on explicit preference. 
Standardized effects of decision ease (left) and response caution (right) on 
explicit preference (N = 78,578 participants). The dots represent standardized β 
coefficients identified from regression models of explicit preference including 

fixed effects of decision ease, response caution and non-decision time (not 
shown). The red diamonds indicate the average effects across IAT topics. The 
error bars show 95% CIs.
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is real and not merely an artefact of spurious correlation. However, 
with our expanded models, we caution against overinterpreting the 
reduction in non-decision time itself, as it may primarily reflect the 
interplay of response caution with methodological differences rather 
than a meaningful process-level change.

A fourth limitation of the current work is its reliance on a tradi-
tional interpretation of implicit bias, which frames it as unconscious 
and dissociable from conscious explicit preference. While this perspec-
tive has been foundational to our work and that of other IAT research-
ers, it may not fully capture the complexity of implicit bias. For instance, 
Krajbich suggests a more pragmatic approach, defining implicit bias 
as an unintentional and undesirable contamination of behaviour, 
rather than a strictly unconscious process64. This view also raises the 
possibility that response caution, considered separate from implicit 
processes, may play a more significant role in implicit bias that previ-
ously recognized. Incorporating these contemporary perspectives 
in future research could provide a more nuanced understanding of 
implicit bias.

Overall, our findings provide a case for using diffusion models 
in implicit bias research. Our comprehensive study of 39 IAT topics 
across 115,601 participants suggests that IAT D-scores capture a good 
candidate for implicit bias—decision ease—but diffusion models must 
be used to identify it. Once it has been identified, we can dissociate deci-
sion ease from other processes such as response caution and use it as 
the preferred marker for implicit bias. Future research should adopt dif-
fusion modelling to reevaluate interpretations of implicit bias research 
that relies on D-scores. This approach could resolve long-standing 
issues with IAT construct validity; future IAT validation studies should 
incorporate processes of diffusion to determine whether decision 
ease can serve as a more valid replacement of the D-score. Finding a 
preferred measure of implicit bias would facilitate more ecologically 
valid research, such as that investigating the prognostic value of the 
IAT on actual behaviour and the potential value of implicit bias training.

Methods
Ethics information
Our research complies with all ethical regulations. Our analyses use 
data collected from the Ideology 2.0 Study57 by Project Implicit from 
December 2007 to June 2012. Data collection was approved by the 
University of Virginia’s Institutional Review Board (IRB) for Social 
and Behavioral Sciences, and informed consent was obtained from all 
participants. The Case Western Reserve University IRB determined that 
further IRB approval was not required to conduct secondary analyses 
on these data.

Pilot data
We conducted exploratory analyses on a subsample of the data for 
proof of concept, separate from a larger held-out confirmatory sample. 
These analyses were the bases of our expected effect sizes and con-
firmatory hypotheses. Of the 39 IATs we analysed, each included at least 
746 participants (mean, 818.589; s.d. = 30.714). We fit both trial-level 
choice and response time data using the RDM for each IAT separately 
(see ‘Analysis plan’ for the details). Decision ease, response caution and 
non-decision time were defined as the difference in RDM average rate 
of evidence accumulation, the evidence threshold and non-decision 
time, respectively, between the incompatible and compatible blocks. 
Bayesian equivalence tests revealed strong evidence for a large effect 
of decision ease between incompatible and compatible blocks (mean 
difference, −5.738; 95% HDI, (−8.471, −3.008); BF > 1,000), with 30 of the 
39 IATs having negative effects, suggesting less ease in the incompatible 
block. We also observed strong evidence for a large effect of response 
caution between blocks (mean difference, 39.479; 95% HDI, (36.803, 
42.252); BF > 1,000), with 37 of the 39 IATs having positive effects, sug-
gesting greater response caution in the incompatible block. Finally, 
we observed strong evidence for a large effect of non-decision time 

between blocks (mean difference, −31.538; 95% HDI, (−34.305, −28.894); 
BF > 1,000), with 36 of the 39 IATs having negative effects, suggesting 
less non-decision time in the incompatible block.

Although decision ease, response caution and non-decision time 
were all significant predictors of D-score (absolute mean βease = 0.353; 
95% CI, (0.236, 0.470); absolute mean βcaution = 0.965; 95% CI, (0.827, 
1.104); absolute mean βndt = 0.470; 95% CI, (0.333, 0.607)), the absolute 
effect of response caution was greater on average than those of both 
decision ease and non-decision time. We observed this for each of 
the six D-score algorithms. Hierarchical regression models predict-
ing D-score revealed that although a model including both decision 
ease and non-decision time accounted for a significant proportion 
of variance in individual D-scores (mean R2 = 0.633; 95% CI, (0.569, 
0.696)), including response caution as a predictor explained greater 
variance above and beyond decision ease and non-decision time (mean 
R2 = 0.784; 95% CI, (0.742, 0.825)).

After establishing associations with the D-score, we next examined 
the associations between the RDM mechanisms and explicit prefer-
ences. We found that explicit preferences were predicted by neither 
decision ease nor response caution nor non-decision time (mean 
βease = −0.045; 95% CI, (−0.296, 0.197); mean βcaution = 0.265; 95% CI, 
(−0.021, 0.551); mean βndt = 0.119; 95% CI, (−0.162, 0.401)) on average 
across IATs. However, at the individual level, we found that response 
caution did have a substantial effect on explicit preference for 20 of 
the 39 IATs, whereas decision ease and non-decision time had effects 
on explicit preference for only 3 of the 39 IATs each. Together with 
our hierarchical regression findings, this suggests that IAT D-scores 
are weak measures of implicit bias as it has been commonly defined. 
Response caution is largely responsible for IAT D-scores and their 
association with explicit preference. We thus proposed that, should our 
confirmatory analyses support this, we would encourage IAT research-
ers to remember the literature linking response caution and conscious 
control when considering D-scores. As an alternative to D-scores, we 
would suggest that researchers use diffusion modelling to disentangle 
response caution from other mechanisms that they may have a greater 
interest in measuring, such as decision ease.

Design
Participants were randomly and blindly assigned to one of two study 
designs: Design A or Design B. Participants in Design A completed 
one standard or IAT measure of evaluation (good or bad), stereotyp-
ing identification or validation (true or false). Participants in Design 
B were randomly assigned to and completed two IATs. The topic of 
each IAT was randomly selected from a pool of 39 topics (Table 2). The 
participants also completed explicit preference thermometers and 
individual difference scales and items following the IAT(s). About 50% 
of participants who were given any one of the 39 IAT topics also have 
explicit preference data for that topic. For the confirmatory analysis, 
we limited our variables of interest to (1) IAT performance (choices and 
response times) and (2) explicit preference for the concepts targeted 
by the IAT. Likewise, only these two variables were considered in our 
pilot analysis. All other explicit measures and individual difference 
scales/items were to be restricted to exploratory analyses. See below 
for descriptions of the IAT and explicit measures.

IATs. Standard IATs were composed of four blocks, the first two of 
which were 20-trial single categorization practice blocks specific to 
either the target concept (for example, Black or white) or the attribute 
for association (for example, good or bad). Labels for these concepts/
attributes were presented at the top left and top right of the partici-
pant’s computer screen, whereas the stimuli targeted for classifica-
tion were presented in the screen’s centre. The participants were 
instructed to use the ‘E’ and ‘I’ keys on their keyboard to classify 
stimuli with the top-left and top-right labels, respectively. After these 
practice blocks, the participants then completed a 60-trial mixed 
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categorization block where concept and attribute labels were com-
bined (for example, Black/bad or white/good). Another 40-trial target 
concept categorization block was then administered, followed by a 
60-trial mixed categorization block with label combinations inverted 
from the previous mixed block (for example, white/bad or Black/
good). See Fig. 1 for the standard IAT schematics. Task instructions 
and stimuli particular to each of the 39 possible IATs are available at 
https://osf.io/2483h/. Choices and response times were recorded for 
each trial. On error trials, the original reaction time was not recorded. 
Instead, the task persisted until the choice was corrected, and only 
the final reaction time for the correct choice was recorded. As a result, 
we cannot provide reaction time analysis for any error trials using 
the RDM. An average of 528,451.795 trials (s.d. = 24,651.212) of (only) 
correct responses were included from each of the 39 IATs for analysis, 
with an average of 178.217 trials (s.d. = 2.828) per participant after 
exclusions. See ‘Analysis Plan: Pre-Processing – Exclusions’ for more 
information on exclusion criteria.

Explicit preference thermometers. Following the IAT(s), participants 
were given a one-item relative preference (or liking) thermometer meas-
ure. The topic of this measure was matched to the topic of the IAT per-
formed in Design A (one IAT test) and at random to that of one of the IATs 
performed in Design B (two sequential IAT tests). Explicit preference was 
determined either as the relative preference for one target concept over 
another (for example, Black over white on a scale from 1 to 7, with 1 being a 
strong preference for Black over white and 7 being a strong preference for 
white over Black) or as the likeability of one specific target (for example, 
white on a scale from 1 to 7, with 1 being strong unlikability of white and 
7 being strong likability of white). Each participant was given either the 
relative preference measure or the likability measure.

Sampling plan
Participants. We tested our hypotheses on a confirmatory held-out 
subsample of the Ideology 2.0 dataset. Within this dataset, we analysed 
data from 115,601 unique sessions, spread across 39 IAT topics. On 
average, 2,964.128 (s.d. = 103.707) participants completed each IAT, 
2,014.821 (s.d. = 215.662) of whom also completed an explicit prefer-
ence measure for that IAT’s topic. See Table 2 for sample size by IAT 
topic. This held-out sample was masked at the time of submitting the 
Stage 1 Registered Report and preregistered.

Expected effect sizes. Effect sizes were informed using our pilot analy-
ses of the exploratory dataset. Our preregistered Hypothesis 1—that 
response caution and decision ease would differ between incompatible 
and compatible blocks—was informed by a large effect of block on both 
response caution and non-decision time (BFs > 1,000) and a moderate 
effect of block on decision ease (BF = 11.97). Preregistered Hypothesis 
2—that response caution would explain significant variance in D-scores 
and have a greater effect on the D-score than decision ease—was sup-
ported by a significantly larger effect of response caution than either 
decision ease or non-decision time on the D-score, as well as significant 
variance explained in D-scores by response caution above and beyond 
ease and non-decision time. We anticipated a large effect of response 
caution and moderate effects of decision ease and non-decision time on 
the D-score. Preregistered Hypothesis 3—that response caution would 
predict explicit preference whereas decision ease and non-decision 
time would not—was supported by a small effect of response caution 
on explicit preference, and no effect of decision ease or non-decision 
time on explicit preference.

Power analysis. For preregistered Hypotheses 2 and 3, a power analysis 
with a small effect size of 0.2 and power at 0.95 suggested that N = 237 
would be sufficient to detect effects. In terms of Hypothesis 2, although 
we expected large effect sizes, our sample size was sufficient to detect 
a smaller effect.

Analysis plan
Pre-processing. Exclusions. Error trials were excluded from model fit-
ting and analysis because participants were instructed to correct their 
mistakes and only the final reaction time after correction was recorded 
(as opposed to one reaction time after error and another reaction time 
after correction). As such, response times recorded for incorrect trials 
were confounded by multiple decision processes, and their reaction 
times were unsuitable for RDM modelling. Furthermore, the proportion 
of error trials on IATs is often too small to reliably compare correct and 
error reaction time distributions64. Across the 39 IATs included in our 
pilot analyses, an average 8.24% (s.d. = 1.12%) of observations were error 
trials. We also excluded any trials with reaction times less than 200 ms, 
as these are likely to be false starts, and greater than 5,000 ms, as these 
are likely to be responses while the participant was distracted40,65. 
Furthermore, our RDM models require variability in sorting patterns 
to estimate both drift rates, and therefore any participants who exclu-
sively pressed only one response key in any block were excluded.

Although all participants with IAT data that met the inclusion 
criteria were used for RDM model fitting, only those with IAT and 
explicit preference data were modelled at the participant level. 
Group-level hyperparameters were fitted with all data that passed 
the inclusion criteria. Those hyperparameters were used as priors 
for estimating participant-level parameters. However, we estimated 
participant-level parameters only for those participants with IAT and 
explicit preference data.

Outliers. We did not exclude any trials or participants on the basis of 
outlier detection.

Racing diffusion modelling. IAT choices and response times were 
modelled as racing diffusion processes. The RDM assumes that peoples’ 
responses are functions of competing evidence accumulators that 
each integrate noisy information over time. A choice is made once a 
choice’s associated accumulator surpasses an evidence threshold. 
Our models include two competing accumulators per IAT block, each 
representing a noisy evidence accumulation process towards one of 
the two categorization options.

RDMs (Fig. 2) decompose choices and response times into four 
latent parameters—an evidence threshold or boundary (b), average 
drift rates for each accumulator a (va), non-decision time for encod-
ing and responding (Ter) and between-trial variability in accumulator 
starting point (kept constant in models not assuming between-trial 
variability; see below). Sequential sampling models such as the RDM 
can be used for explaining differences in response caution as shifts in 
evidence threshold. Greater thresholds require that a person accu-
mulates more evidence before a decision can be made and therefore 
increases the likelihood of accuracy at the cost of time. Similarly, dif-
ferences in decision ease or processing efficiency can be explained as 
differences in drift rates between IAT blocks. Greater average drift rates 
on white/good, Black/bad trials than on Black/good, white/bad trials are 
indicative of greater decision ease for white/good and Black/bad con-
cept–attribute pairs. This corresponds to greater relative accuracy on 
those trials and faster response time. The IAT D-score, which also relies 
on response time, conflates these two sources of variance—response 
caution and decision ease. When performing the IAT, participants 
are asked to respond as quickly and as accurately as possible. These 
instructions can themselves generate a conflict between speed and 
accuracy, and, given that both criteria seem to be equal, participants 
may feel comfortable sacrificing one for the other.

RDMs offer a few major advantages over other more standard 
sequential sampling models for our analyses, such as classic drift dif-
fusion models (DDMs) and linear ballistic accumulators (LBAs). First, 
separate accumulators allowed us to measure the magnitude of drift 
rate for each concept–attribute pair, unlike the relative difference that 
DDMs’ single drift rate provides. This is important when modelling 
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evidence accumulation for competing classes (for example, Black/
bad or white/good), as a single, relative drift rate between them could 
be indistinguishable between blocks while having very different drift 
magnitudes. For example, say a person accumulates evidence at rates 
of va = 2 and vb = 3 on compatible blocks, and va = 0.5 and vb = 1.5 on 
incompatible blocks. A single, relative drift rate would accumulate 
toward category b on both of these blocks (v = −1), but the difference 
in magnitude would be lost. A single accumulator would be blind to 
the average difference in evidence accumulation between blocks. 
Second, the RDM maintains that evidence accumulation is a noisy 
diffusion process, which better reflects how conflicting associations 
are theoretically activated than does the noiseless linear function 
assumed by LBAs. This noise also explains variability in response time, 
overcoming LBAs’ dependence on between-trial variability in starting 
point and drift rate. LBAs assume a constant, noiseless rate of evidence 
accumulation, so without between-trial variability they would predict 
identical, non-changing response times for every trial. Third, unlike the 
DDM and LBA, recent work suggests that assumptions of between-trial 
variability are not necessary for the RDM to model systematic vari-
ability in response time, and therefore the accumulator starting bias 
A can be dropped for a more parsimonious account36. The inclusion 
of between-trial variability parameters in diffusion models has largely 
been motivated by the need to explain variation in response time, but 
those parameters do not actually have a role in the process model itself 
and do not serve good theory. The RDM better explains choices and 
response times without having to resort to theory-inconsistent param-
eters. Together, these advantages of RDMs combine the strengths of 
DDMs and LBAs to better model response caution and decision ease 
on IATs.

Evidence threshold, drift rates for each classification option and 
non-decision time were modelled hierarchically. We leveraged the 
full available dataset for each IAT to estimate group-level means and 
variances. These hyperparameters for evidence threshold, both drift 
rates and non-decision time were free to vary between IAT blocks. 
Hyperpriors were weakly informative and constrained to be greater 
than 0, with the following distributions:

bμ ∼ N(0.5, 1)

bσ ∼ Γ(1, 1)

va,μ ∼ N(2, 1)

va,σ ∼ Γ(1, 1)

Tμ ∼ N(0.5, 0.5)

Tσ ∼ Γ(1, 1)

Although the group-level parameters leveraged the full dataset 
available for each IAT, participant-level parameters were only estimated 
for participants who also completed an explicit preference thermom-
eter for the IAT topic. Participant-level evidence thresholds, drift rates 
and non-decision times were free to vary with IAT block, and priors were 
normally distributed with location and scale set to the block-specific 
group-level hyperparameter. Prior work suggests that non-decision 
time is related to neither method-specific nor construct-specific vari-
ance in IAT performance31 and that non-decision time can be spuriously 
and negatively correlated with evidence thresholds, contributing to 
problems interpreting either parameter when both are free to vary63. 
For these reasons, we also tested a model in which participant-level 
non-decision time was fixed across IAT blocks. Both models from our 
pilot analyses yielded similar conclusions. Therefore, because the 

varying model may allow for a more comprehensive understanding 
of how IAT decisions are made, we report analyses from the varying 
model here (see Supplementary Table 2 for Hypothesis 1 results using 
a simpler model with fixed non-decision time). All participant-level 
parameters were constrained to be greater than 0. The likelihood of 
the response time data t given the RDM parameters b, vi and Ter was 
calculated using separate Wald distributions66 for each competing 
classification i. The Wald probability density function is:

p(t|b, vi,Ter) =
b

√2π(t − Ter)
3
e
−(vi(t − Ter) − b)2

2(t − Ter)

RDMs were separately fit to data from each of the IATs. An average 
of 528,451.795 trials (s.d. = 24,651.212) were included from each of the 
39 IATs for RDM model fitting, with an average of 178.217 trials 
(s.d. = 2.828) per participant for participant-level estimates. Prior work 
has found that both group-level and participant-level RDM parameters 
can be reliably recovered from far fewer trials and participants36. Pos-
terior parameter distributions were inferred using Hamiltonian Monte 
Carlo No-U-Turn sampling in Stan67. Hamiltonian Monte Carlo is a 
Markov chain Monte Carlo sampling method for estimating the joint 
posterior of our RDM parameters. Four chains were run in parallel at 
2,000 iterations each. We discarded the first 1,000 iterations as 
warm-up samples. Chain convergence was qualified with Gelman–
Rubin diagnostics ̂R less than or equal to 1.01 (ref. 68).

Response caution score, decision ease score and non-decision 
time score. Following scoring methods for diffusion models used in 
prior IAT studies31, we define ‘response caution score’ as the difference 
in response caution between the incompatible and compatible blocks 
of each IAT. Similarly, we define ‘decision ease score’ as the difference 
in estimated decision ease between the incompatible and compatible 
blocks of each IAT. Last, we define ‘non-decision time score’ as the dif-
ference in estimated non-decision time between the incompatible and 
compatible blocks of each IAT.

Confirmatory analyses. Preregistered Hypothesis 1. To test whether 
response caution, decision ease and non-decision time differ between 
the incompatible and compatible IAT blocks, we conducted 39 
Bayesian equivalence tests, three for each IAT dataset—one testing 
whether the response caution score is different from 0, another test-
ing whether the decision ease score is different from 0 and the last 
testing whether the non-decision time score is different from 0. The 
scores were derived from each IAT’s block-specific group-level evidence 
threshold, group-level average drift rate and group-level non-decision 
time, respectively. We hypothesized that all three scores would differ 
between mixed blocks for any IAT. Comprehensive results from these 
individualized tests are reported in Supplementary Tables 1 and 2, 
and summary tests of aggregate effects across IATs are reported in 
the main text.

Bayesian equivalence tests determine whether a null value is 
among the credible values of the posterior distribution differences in 
response caution or decision ease. For each difference distribution, 
we established a 95% HDI representing the 95% most credible differ-
ence values. We further established a ROPE around the null difference 
value, specified as half of Cohen’s conventional effect sizes69, the range 
of −0.1 to 0.1 for small effects, −0.25 to 0.25 for moderate effects and 
−0.4 to 0.4 for large effects, as suggested by Kruschke and Liddell70. In 
place of null-point BFs, we used BFs versus ROPE to test interval null 
hypotheses. BFs versus ROPE test for the odds of a posterior distribu-
tion falling within a ROPE to a null value, relative to the odds of a prior71. 
For hypothesis testing, we specified our posterior as the standardized 
difference distribution and our prior as a standard Cauchy distribution. 
Using a BF-versus-ROPE decision rule, we accepted that a parameter 
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difference was practically equivalent to the null value if there was 
10× ROPE odds for the posterior over the prior (BF ≥ 10) and rejected 
equivalence to the null value if there was 10× ROPE odds for the prior 
over the posterior (BF ≤ 0.1). All other cases (10 > BF > 0.1) were con-
sidered weakly informative and left to interpretation.

Preregistered Hypothesis 2. To test whether the three RDM scores pre-
dict IAT D-score, we conducted 39 hierarchical ordinary least-squares 
regression models, one for each IAT dataset. Decision ease scores and 
non-decision time scores were entered first, then the response cau-
tion scores, to measure the unique contribution of response caution 
scores to the D-score. For this analysis, response caution, decision 
ease and non-decision time scores were derived from each IAT’s 
block-specific participant-level evidence threshold, participant-level 
average drift rate and participant-level non-decision time, respec-
tively. F-tests were conducted between hierarchical regression blocks 
to determine whether there was a significant change in variance 
explained by including response caution score as a predictor. We 
hypothesized that the response caution score would explain a sig-
nificant proportion of variance in D-scores above and beyond the 
decision ease score and the non-decision time score for each IAT. We 
further hypothesized that the response caution score would have a 
significantly greater effect on the D-score than would the decision 
ease score or the non-decision time score. We repeated this analysis 
for each of the six D-score algorithms.

Preregistered Hypothesis 3. To test whether response caution scores and 
decision ease scores predict IAT explicit preferences, we conducted 39 
ordinary least-squares regression models, one for each IAT dataset, 
where decision ease score, response caution score and non-decision 
time score served as predictors of explicit preference. For this analy-
sis, response caution, decision ease and non-decision time scores 
were derived from each IAT’s block-specific participant-level evidence 
threshold, participant-level average drift rate and participant-level 
non-decision time, respectively. We hypothesized that the response 
caution score would predict explicit preference, but neither the deci-
sion ease score nor the non-decision time score would predict explicit 
preference.

Protocol registration
The Stage 1 protocol, as accepted by the journal on 8 November 2023, 
can be found at ref. 72.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
All data and materials are available via the Open Science Framework 
at https://osf.io/2r3zd/.

Code availability
All code is available via the Open Science Framework at https://osf.
io/2r3zd/, under the GitHub tab. This can also be found directly via 
GitHub at https://github.com/GoldenbergLab/model-iat-drm-test- 
mechanisms-kyle.
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For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
Policy information about availability of computer code

Data collection N/A

Data analysis Model fitting was conducted using Stan version 2.25. Analyses were conducted using the following Python libraries: pandas (v2.2.2), numpy 
(v1.26.4), scipy (1.16.2), matplotlib (v3.10.6), and statsmodels (v0.14.5). Visualizations were conducted using seaborn (v0.13.2) and arviz 
(0.20.0). 
 
All code is available on the Open Science Framework at https://osf.io/2r3zd/, under the Github tab. This can also be found directly at https://
github.com/GoldenbergLab/model-iat-drm-test-mechanisms-kyle.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and 
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A description of any restrictions on data availability 
- For clinical datasets or third party data, please ensure that the statement adheres to our policy 

 

All data and materials are available on the Open Science Framework at https://osf.io/2r3zd/.

Research involving human participants, their data, or biological material
Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation), 
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Participants reported gender in the Ideology 2.0 dataset. However, there were no a-priori hypotheses or theoretical 
motivation to assume gender differences, so no analyses using gender were preregistered at Stage 1 and thus are not 
reported. Gender breakdowns by sample are included in Table 3.

Reporting on race, ethnicity, or 
other socially relevant 
groupings

Self-reported race and ethnicity were collected as part of the Ideology 2.0 dataset. However, there were no a-priori 
hypotheses or theoretical motivation to assume race or ethnicity differences, so no analyses using race or ethnicity were 
preregistered at Stage 1 and thus are not reported. Race and ethnicity breakdowns by sample are included in Table 3.

Population characteristics No covariate-relevant population characteristics.

Recruitment Our analyses use data collected from the Ideology 2.0 Study on Project Implicit from December 2007 to June 2012. Data 
collection was approved by the University of Virginia’s Institutional Review Board (IRB) for Social and Behavioral Sciences and 
informed consent was obtained from all participants. Our report pertains to a secondary analyses and the authors were not 
involved in data collection nor recruitment.

Ethics oversight Data collection was approved by the University of Virginia’s Institutional Review Board (IRB) for Social and Behavioral 
Sciences and informed consent was obtained from all participants. The Case Western Reserve University IRB determined that 
further IRB approval was not required to conduct secondary analyses on these data.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting
Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences Behavioural & social sciences  Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Behavioural & social sciences study design
All studies must disclose on these points even when the disclosure is negative.

Study description This was a quantitative study (secondary analysis of archival behavioral data), using trial-level response times/choices and explicit 
preference ratings analyzed with computational modeling and regression-based inferential statistics.

Research sample Data came from the Project Implicit 2.0 Study (2007-2012) and included 115,601 unique IAT sessions spanning 39 IAT topics (each 
topic: >= 2,673 participants, mean = 2,964). Participation occurred online via the Project Implicit platform and reflects a self-selected 
convenience sample of individuals who chose to complete an IAT; thus it is not intended to be population-representative. 
 
Because the study was administered remotely via the Project Implicit platform, no researcher was present during task completion 
beyond the participant. Assignment to study design (Design A vs. Design B) and, where applicable, selection of IAT topic(s) were 
implemented by the platform using random assignment procedures described in the original dataset documentation. The present 
work is a secondary analysis of de-identified archival data; thus, investigator blinding during data collection is not applicable, and 
analyses were conducted according to preregistered hypotheses using a held-out confirmatory sample. Demographic information 
was self-reported in the archival dataset (when available) and is reported in Table 3.”

Sampling strategy This was a convenience/self-selected sample collected by Project Implicit. Our analyses used a preregistered confirmatory held-out 
subsample that was masked at Stage 1, with expected effect sizes informed by a separate exploratory/pilot subsample. No new 
sampling was conducted for the present secondary analysis.
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Data collection Data were collected online by Project Implicit using standard IAT procedures. Data collection was fully computerized/remote with no 
in-person experimenter.

Timing Data collection occurred December 2007 through June 2012 as part of the Project Implicit Ideology 2.0 study.

Data exclusions All exclusions are disclosed in the main text. Exclusions were specified in the preregistered analysis plan and applied during 
preprocessing and model fitting. Error trials were excluded from RDM fitting because only the corrected (final) RT was recorded, 
confounding error RTs with multiple decision processes. Trials with RT < 200 ms (likely false starts) and RT > 5000 ms (likely 
distraction) were excluded. Participants with no within-block response variability (e.g., exclusively pressing one key within any block) 
were excluded because RDM estimation requires variability to identify drift parameters. We did not count these as completed 
sessions in the overall dataset, and therefore did not consider them as part of the N = 115,601 confirmatory sample. That said, there 
were 24,743 such cases in the raw dataset that would have been viable otherwise. 
 
No participant or trial exclusions were made via outlier-detection rules beyond the RT bounds specified above. Additionally, subject-
level parameters used in explicit-preference regressions were estimated only for participants who had both IAT data passing 
inclusion criteria and an explicit preference measure for that IAT topic. A total N = 37,023 lacked accompanying explicit preference 
data in our sample, leaving us with N = 78,578 participants for subject-level RDM parameter estimates.” 
 
This final sample reflects the sum of IAT samples that has been included in the “Sample with IAT & Explicit Preference” column of 
Table 2 since Stage 1 acceptance.

Non-participation Because this is a secondary analysis of an archival online dataset, dropout counts and reasons are not available to the authors and 
thus are not provided in the manuscript materials. Analyses reflect participants who completed an IAT session with data meeting 
inclusion criteria.

Randomization Randomization occurred within the original Project Implicit study procedures. Participants were randomly assigned to Design A vs. 
Design B. In Design B, participants were randomly assigned to complete two IATs, with topics selected from a pool.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Clinical data

Dual use research of concern

Plants

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Novel plant genotypes N/A

Seed stocks N/A

Authentication N/A

Plants
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