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Self-report measures directly ask respondents to report their mental content such as thoughts and feelings. By contrast, 

implicit measures aim to assess thoughts and feelings via performance indicators (for example, response times, error 

rates and response frequencies) under conditions that favor automatic processing. Implicit measures are now widely 
used within psychological science and beyond because they are assumed to be superior to self-reports in various 

regards. In this Perspective, we argue that, despite the enthusiasm for implicit measures, self-reports are most often the 

better measurement option. First, the use of implicit measures is often based on mistaken assumptions about unique 
disadvantages of self-reports. Second, self-reports have advantageous characteristics that are currently unmatched in 

implicit measures. We call for a more sophisticated use of self-reports and for caution when using implicit measures in 

basic and applied research. 

 
Introduction 

Social scientists have traditionally relied on self-

reports for measuring people’s thoughts and feelings. 

In self-report measurement, respondents are asked to 

introspect and report on information directly relevant 

to the construct of interest. For example, in research on 

life satisfaction participants might be asked to rate how 

happy they are with their life; in research on consumer 

preferences participants might be asked to rate how 

much they like different soda brands; and in research 

on gender stereotyping participants might be asked to 

rate men and women in terms of gender stereotypical 

traits.  

Although self-report measures are commonly 

used, they have been criticized for several reasons, two 

of which have received particular attention. First, 

respondents might be unwilling to provide accurate 

self-reports.1,2 For example, participants with low life 

satisfaction might report a higher level of satisfaction 

to deceive themselves or the researcher about their 

actual satisfaction. Second, respondents might be 

unable to provide accurate self-reports because they 

lack conscious access to the relevant thoughts and 

feelings.3–5 For example, participants might have no 

idea how they feel about their life, leading them to 

respond in a manner that does not reflect their actual 

life satisfaction.  

Indirect behavioral measures in which participants 

do not have to introspect and report on their thoughts 

and feelings have been used to overcome these 

issues.6,7 Over the past three decades, interest in a new 

generation of such measures, often referred to as 

implicit measures, has flourished in psychology8 as 

well as other disciplines (for example, political 

science9–11, marketing12–14, education15–17, and 

economics18–20). Today, there are more than two dozen 

implicit measures, including the implicit association 

test,21 the affect misattribution procedure,22 and the 

evaluative priming task.23 These measures have been 

used to assess a variety of constructs such as 

attitudes,21 stereotypes,24 self-esteem,25 motives,26,27 

outcome expectations,28 values,29 self-harm 

ideation,30,31 and semantic relations between 

concepts.32,33 The implicit association test specifically 

has been applied to countless domains, including 

perceptions of the U.S. Supreme Court34 and combat 

veterans35, attitudes about carbon storage36, 

associations between disability and assistance dogs37, 

alcohol-related associations38 and risk of self-harm.30 

Although the tasks commonly classified as 

implicit measures differ in terms of their procedural 

details and the cognitive processes involved,39,40 they 

share two features. First, mental contents are inferred 

from performance indicators (for example, response 

times, error rates or response frequencies) typically 

measured via computers. Second, responses on 

implicit measures are assumed to be driven by 

automatic processes (processes that are unintentional, 

unconscious, efficient, or uncontrolled). Based on 

these characteristics, implicit measures are often 

thought to provide unique information (for example, 

information about unconscious mental contents) or 

superior information (for example, information 

uncontaminated by self-presentation motives) relative 

to self-reports. In some cases, these assumptions can 

lead researchers to miss or disregard information they 

collected on self-reports despite the potential value of 

this information for the research objectives. For 

example, the authors of a study that failed to replicate 

effects of exposure to counterstereotypical exemplars 

on an implicit measure of racial prejudice did not relate 

the replication failure to the finding that self-reports of 

racial prejudice had robustly reversed in their study 

samples41 relative to the original sample.42 

In this Perspective, we challenge the enthusiasm 

about implicit measures and argue that self-reports 

almost always remain the better measurement option. 

First, we review claims about unique disadvantages of 

self-reports and the evidence that they are either 
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unfounded or also apply to implicit measures. Next, we 

describe unmatched advantages that self-reports have 

over implicit measures. We then argue that self-reports 

are better than implicit measures for almost all research 

questions addressed by implicit measures and consider 

potential objections to our arguments. We conclude by 

calling for a more sophisticated use of self-reports and 

greater caution about the frequently proclaimed—yet 

empirically questionable—advantages of implicit 

measures. 

Purported Disadvantages of Self-Reports  

In this section, we discuss six widespread—yet 

unfounded—claims about unique disadvantages of 

self-reports. 

Contamination 

Self-reports are thought to be contaminated by 

external influences, including context, social 

desirability, and experimental demands. By contrast, 

implicit measures are often assumed to be “bona-fide 

pipelines” that “get inside the head” of respondents in 

a nonreactive fashion,23 therefore providing 

uncontaminated information about mental contents.  

There are justified concerns that contextual factors 

can influence responses on self-reports.43–45 For 

example, correlations between self-reports of general 

happiness and self-reported frequency of dating are 

higher when the dating question precedes (vs. follows) 

the happiness question.46 Importantly, responses on 

implicit measures are also malleable and highly 

sensitive to contextual influences (for reviews see ref 
47–49). However, these findings have had little impact 

on the modal narrative in the literature on implicit 

measures.50  

Concerns about social-desirability effects (a 

tendency to answer questions in a manner that will be 

viewed favourably by others) on self-reports are also 

very common. However, the available evidence 

suggests that these concerns might be overblown. In 

fact, full anonymity has been found to decrease rather 

than increase the accuracy of self-reports by decreasing 

accountability and increasing survey satisficing (taking 

‘short cuts’ to complete a survey faster).51 Critically, 

implicit measures are not immune to social-desirability 

effects. For example, responses to minority groups on 

implicit measures are more favorable when the 

research assistant is a member of the focal minority 

group.52,53  

A weaker claim is that implicit measures are less 

sensitive to social desirability compared to self-report 

measures. However, the empirical basis for this claim 

is not clear. For example, one study found that public 

(versus private) testing conditions reduced scores 

indicative of anti-gay prejudice on a gay/straight 

implicit association test to a larger extent (d = .40) than 

self-reported homophobia (d = .17) and heterosexism 

(d = .35).54 Although the mechanisms underlying these 

effects are still unclear, the findings indicate that 

responses on implicit measures depend on the social 

desirability of their expression in the testing situation.  

Moreover, if implicit measures are immune or less 

sensitive to social desirability effects they should 

converge less with self-reports in socially sensitive 

domains. However, evidence for this assertion is 

inconclusive, as findings differ across studies,55–58 

across analytic approaches within studies,57 and across 

categories of tasks within studies.56 Likewise, one 

might expect smaller correlations between self-reports 

and implicit measures among individuals who show 

greater social desirability concerns, but this has not 

been robustly observed56. Thus, at present there is no 

compelling evidence that implicit measures are 

immune or less sensitive than self-reports to social 

desirability effects.  

A related concern about self-reports is that they are 

susceptible to experimental demand effects. The idea 

underlying this concern is that participants might draw 

inferences about the experimental hypotheses and 

adjust their self-reports to confirm these hypotheses. A 

common assumption is that demand effects might 

contaminate self-reports but not implicit measures 

because responses on the latter are less controllable.59–

61 Although demand effects have the potential to 

contaminate self-reports via conscious and less 

conscious control strategies,62 it is unclear why implicit 

measures should be immune to such influences.  

In fact, implicit measures are notoriously sensitive 

to faking strategies.53,63–67 Social biases on implicit 

measures are lower when participants are told that their 

“job is to be as nonprejudiced as possible” compared 

to when they are not.53 Implicit measures are also more 

sensitive to counter-attitudinal information when 

participants are invited under hypnotic suggestion to 

let this information “sink in more deeply than is 

typically the case” compared to when they are not.68 

Thus, contrary to uncontrollability claims, responses 

on implicit measures can be controlled in response to 

direct requests or mere suggestion communicated by 

the experimenter in the testing situation. Alignment 

between direct or inferred experimental requests and 

responses on implicit measures might be implemented 

through control strategies other than faking, such as 

mental imagery (for example, imagining a woman with 

counterstereotypical characteristics69 or imagining a 

false alibi70), or phenomenological control, in which 

individuals implement a behavior in a controlled way 

while remaining unaware that they are doing so.62,71 

Consciousness 

Another common claim about implicit measures is 

that they provide access to unconscious thoughts and 

feelings that cannot be captured with self-report 

measures. This idea is most prominently reflected in 
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the claim that implicit measures uncover hidden biases 

that people do not know they have.72–74 It is true that 

direct self-report measures require awareness of the to-

be-measured thoughts and feelings. However, the 

claim that implicit measures capture unconscious 

thoughts and feelings is a theoretical hypothesis,75 and 

the available empirical evidence suggests that it is 

incorrect.76,77 For example, counter to the idea that 

implicit measures capture unconscious thoughts and 

feelings, participants are able to predict their scores on 

implicit measures with a high level of accuracy 

(correlations between predicted and actual scores 

greater than .50)78–80 regardless of how much prior 

experience they have with implicit measures, how 

much information they receive about implicit 

measures, and whether implicit measures are described 

to participants as measures of ‘true beliefs’ or ‘cultural 

associations’78. Prediction accuracy is not perfect, 

allowing for the possibility that the thoughts and 

feelings captured by implicit measures are at least 

partially unconscious. However, there is no empirical 

evidence supporting the latter interpretation; in the 

absence of such evidence it seems more likely that less-

than perfect prediction accuracy is the product of noisy 

measurement. 

 Accuracy of implicit measurement score 

predictions is higher at a within-subjects level (within-

subject correlations between predicted and actual 

scores greater than .50) involving comparisons across 

different target objects (for example, a participant’s 

liking of apples compared to oranges) than at a 

between-subjects level (between-subjects correlations 

between predicted and actual scores in the range of .20 

to .30) involving comparisons across different 

participants (for example, a participant’s liking of 

apples compared to the liking of apples by other 

participants).78,81 Accurate predictions at a between-

subjects level require not only knowledge of one’s own 

standing on the relevant dimension (for example, how 

much one likes apples), but also knowledge about the 

relative standing of the other participants (for example, 

how much the other participants in the sample like 

apples).77 Thus, higher prediction accuracy for within-

subjects versus between-subjects comparisons is 

consistent with the fact that participants have accurate 

knowledge of their own preferences but limited 

knowledge about the preferences of other participants. 

Lack of knowledge about the preferences of other 

people has arguably little to do with unconsciousness 

and therefore low prediction accuracy at a between-

subjects level cannot be interpreted as evidence for 

lack of awareness.82 

It is often assumed that participants express 

surprise in response to feedback about their social 

biases on the implicit association test because they lack 

awareness of these biases. 83,84 9/30/2024 7:20:00 

PMHowever, these commonly observed surprise 

reactions can be explained as the product of statistical 

artifacts that inflate measurement scores and arbitrary 

conventions in the description of these scores.77,85,86 

Thus, although it is true that self-report measures 

are suboptimal for capturing unconscious thoughts and 

feelings, there is no evidence that implicit measures 

capture unconscious thoughts and feelings either. 

Importantly, prominent authors who initially promoted 

the hypothesis that implicit measures provide access to 

unconscious thoughts and feelings have acknowledged 

its inaccuracy.87,88 Nevertheless, the original 

hypothesis continues to spread and shape educational 

and intervention programs.89,90  

Non-automaticity 

 It is often assumed that self-reports are ill-

suited to study automatic processes, and that implicit 

measures are superior for that purpose. Although it is 

true that implicit measures involve constraints that 

favour automatic processes, responses on self-reports 

are also shaped by automatic processes, especially 

under conditions conducive to automatic processing. 

For example, researchers interested in uncontrolled 

mental processes could collect self-reports while 

instructing participants to avoid specific influences 

when providing their self-report response (for 

example, to avoid being influenced by the 

attractiveness of job candidates when judging their 

suitability for a position );91 researchers interested in 

fast mental processes could request speeded self-

reports;92 and researchers interested in unconscious 

mental processes could request that participants judge 

a stimulus only if they feel they cannot report context 

information that was originally associated with it.93  

Process dissociation is a particularly valuable 

approach to disentangling automatic and non-

automatic influences on self-reports (Box 1).94,95 A 

central feature of process-dissociation procedures is 

the comparison of responses across conditions in 

which automatic and non-automatic processes 

influence responses in the same direction (compatible 

condition) and conditions in which automatic and non-

automatic processes influence responses in the 

opposite direction (incompatible condition). By 

comparing self-reports across compatible and 

incompatible conditions, the respective contributions 

of automatic and non-automatic processes can be 

quantified mathematically.94,95 Process-dissociation 

procedures have been successfully used to study 

uncontrolled96–98 and unconscious (that is, memory-

independent)99–103 influences on self-reports. 

Failure to capture simple associations 

 It is commonly assumed that responses on self-

reports reflect propositional beliefs (mental 

propositions about relations between objects and 

events that are deemed true or false), whereas 
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responses on implicit measures reflect simple 

associations (mental associations between objects and 

events independent of their relation and perceived 

truth; see also below).104 Although the existence of 

simple mental associations has been disputed,105 

simple associations (unlike propositional beliefs) are 

insensitive to truth and relational meaning. For 

example, being exposed to the proposition ‘it is not true 

that vaccines cause autism’ might create a simple 

association between the concepts ‘vaccines’ and 

‘autism’. Likewise, being exposed to the proposition 

‘aspirin reduces headaches’ might create a simple 

association between the concepts ‘aspirin’ and 

‘headaches’. These simple associations are assumed to 

elicit negative reactions to vaccines and aspirin, 

respectively, even when people understand and accept 

the positive implications of the relevant proposition. It 

has been claimed that responses on implicit measures 

reflect simple associations irrespective of truth and 

relational meaning, and that such associations cannot 

be captured with self-report measures. 

There are two problems with these assumptions. 

First, counter to the claim that responses on implicit 

measures reflect simple associations, meta-analytic 

evidence suggests that implicit measures are highly 

sensitive to truth and relational meaning.106 Second, 

research using process-dissociation procedures 

suggests that responses on self-report measures are 

jointly shaped by propositional beliefs and simple 

associations.107–109 In fact, effects of simple 

associations on self-reports have been found even 

under conditions where responses on implicit measures 

reflected only propositional beliefs without any 

detectable effect of simple associations.107,110 Thus, the 

available evidence suggests that self-reports 

(combined with process-dissociation procedures) are 

superior in capturing simple associations than implicit 

measures.  

Robustness   

According to a prominent theoretical view, there 

is a direct link between associative learning and 

responses on implicit measures39, such that mental 

associations build up slowly as a result of repeated 

exposure to co-occurrences between stimuli.111–113 

When these associative links are sufficiently strong, 

they are assumed to be difficult to change, making 

responses on implicit measures highly robust and 

resistant to novel information.114 However, these views 

are challenged by studies showing that responses on 

implicit measures can change quickly in response to 

minimal information, including a single statement.115–

117 Moreover, although some changes on implicit 

measures are transient,118 there is no evidence that 

changes on implicit and self-report measures differ in 

terms of their relative stability over time at the 

individual level. A similar conclusion applies to studies 

that examined changes over large time windows at the 

societal level, which have generally found similar 

trajectories for explicit and implicit measures of 

attitudes.119–121 Thus, again, the presumed 

disadvantage of self-reports relative to implicit 

measures is unsubstantiated. 

Person vs. environment 

Responses on implicit measures are traditionally 

interpreted as reflecting characteristics of the person. 

Alternative theorizing suggests that responses on 

implicit measures are more informative about aspects 

of the person’s environment.122 Such interpretations 

are prominent in research on prejudice and 

stereotyping, where implicit measures have been 

claimed to capture systemic rather than personal 

biases.123 In research inspired by this view, data from 

participants who reside in the same region are 

aggregated, and analyses test whether these aggregate 

scores are systematically related to characteristics of 

the region. For example, studies have shown that 

regional differences in racial bias measured by the 

implicit association test are associated with regional 

differences in race-related disparities in police traffic 

stops124, the use of lethal force in policing125, and 

mortality rates.126 Findings like these gave rise to the 

idea that implicit measures have unique value for 

studying systemic biases.127  

However, with few exceptions, aggregated 

responses on self-report and implicit measures at the 

regional level tend to be redundant, with correlations 

as high as r = .94 (ref128). In these cases, regional 

aggregates of self-report and implicit measures almost 

always show identical results,128 and some studies even 

found stronger effects for self-report than implicit 

measures.126,129,130 Thus, self-report measures typically 

produce the same results as implicit measures, and 

implicit measures therefore do not provide unique 

insights into systemic biases.  

Advantages of Self-Reports 

In the previous section, we discussed six 

widespread—yet unfounded—claims about unique 

disadvantages of self-reports. In this section, we 

discuss three reasons why self-reports should be 

considered superior to implicit measures. 

Reliability 

Self-report measures tend to be more reliable on 

average than implicit measures. Of the currently 

available implicit measures, the implicit association 

test and the affect misattribution procedure are the only 

two instruments that show estimates of internal 

consistency that meet standard psychometric criteria 

with Cronbach’s alphas between .70 and .90 (ref40,88) 

All other instruments suffer from substantial 

measurement error with modal Cronbach’s alphas 

around .50. Indeed, Cronbach’s alphas are often lower 
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than that and sometimes close to zero.40,88 Although 

internal consistency must be evaluated on a case-by-

case basis, established self-report measures typically 

fare much better in this regard. For example, 

commonly used self-report measures of social biases 

typically show Cronbach’s alphas around .80 (refs131–

133). Moreover, even the two implicit measures that 

have shown acceptable estimates of internal 

consistency (the implicit association test and the affect 

misattribution procedure) show lower test-retest 

stability (rs = ~.50) than conceptually corresponding 

self-report measures (rs = ~.75).134 

The differential reliability of self-report and 

implicit measures has substantial implications for basic 

and applied research. First, low internal consistency of 

a given measure reduces statistical power for 

identifying existing effects with that measure.135,136 

Second, low temporal stability of a given measure 

reduces statistical power for identifying cross-temporal 

relations with other measures. Overall, the higher 

internal consistency and test-retest stability of self-

report measures compared to implicit measures makes 

them superior for use in basic and applied research.  

Prediction 

Self-report measures are also generally better for 

predicting behavior than implicit measures. Meta-

analyses on the predictive validity of implicit and self-

report measures have shown that both perform 

similarly, with behavioral criteria showing weak to 

modest correlations with implicit measures (r = .13 to 

r = .28) and self-report measures (r = .11 to r = 

.36)57,137–139. However, these meta-analyses focused 

exclusively on studies that included both self-reports 

and implicit measures, thereby ignoring a large set of 

studies that included only self-report measures. This 

limitation is important, because studies with implicit 

measures rarely rely on established theoretical 

frameworks (such as the theory of planned behavior140) 

or the measurement approaches suggested by these 

frameworks for predicting behavior, which might 

impact predictive validity. Indeed, meta-analyses on 

studies guided by these frameworks generally show 

stronger associations between self-report measures and 

behavioral criteria (r = .40 to r = .50) than meta-

analyses comparing the predictive validity of implicit 

measures and self-reports (r = .11 to r = .36)141–144, with 

meta-analytic correlations as high as r = .58 between 

newly formed self-reported behavioral attitudes and 

actual behavior.145,146 These results suggest that, when 

all available meta-analytic evidence is taken into 

account, self-report measures are superior for 

predicting behavior compared to implicit measures.  

Theoretically oriented researchers have pointed 

out that although self-report measures might 

outperform implicit measures in predicting deliberate 

behavior, implicit measures might outperform self-

report measures in predicting spontaneous 

behavior.104,147 At the measurement level, correlations 

between a predictor variable and a behavioral criterion 

should be greater when the processing conditions 

during the measurement of the predictor variable 

correspond to the processing conditions during the 

measurement of the behavioral criterion (for example, 

both involve fast responses).8 Thus, given that implicit 

measures involve constraints that favor effects of 

automatic processes and self-report measures involve 

constraints that favor effects of non-automatic 

processes, implicit measures might be expected to 

outperform self-report measures in predicting behavior 

guided by automatic processes (spontaneous behavior) 

whereas self-report measures might be expected to 

outperform implicit measures in predicting behavior 

guided by non-automatic processes (deliberate 

behavior) 104,148.  

Although these assumptions might be correct for 

traditional applications of self-report measures that do 

not involve any processing constraints57,147 the 

presumed superiority of implicit measures is based on 

the misconception that self-report measures are ill-

suited for capturing responses arising from automatic 

processes. However, it is possible to use self-report 

measures to capture responses arising from automatic 

processes92. Thus, to the extent that the presumed 

superiority of implicit measures for predicting 

spontaneous behavior is rooted in their sensitivity to 

automatic processes and self-report measures can be 

adapted to quantify the impact of both automatic and 

non-automatic processes, self-report measures might 

be deemed superior to implicit measures because they 

can be adapted to predict both spontaneous and 

deliberate behavior. This conclusion also applies to 

cases where implicit measures contribute to predicting 

behavior over and above traditional self-report 

measures.137,138,149 In such cases, self-report measures 

that capture effects of automatic processes should 

contribute to predicting behavior over and above self-

report measures that capture effects of non-automatic 

processes, analogous to the incremental contribution of 

implicit measures. However, the latter conclusion is 

admittedly speculative owing to the lack of relevant 

data. 

Finally, a well-established advantage of self-report 

measures for predicting behavior is their higher 

temporal stability compared to implicit measures.134 

This issue is highly relevant for research that aims to 

predict behavior over time: it is unrealistic to expect 

substantial correlations between a predictor measure 

and a behavioral criterion over time if the predictor 

measure shows low correlations with itself over 

time.150 Although the low test-retest stability of 

implicit measures can be overcome via repeated 

measurement to reduce error noise (for example, 

https://www.springernature.com/gp/open-research/policies/accepted-manuscript-terms


in press, Nature Reviews Psychology         6 

This version of the article has been accepted for publication after peer review and is subject to Springer Nature’s terms of use,  
but is not the Version of Record and does not reflect post-acceptance improvements, or any corrections. 

asking participants to complete the same implicit 

association test five times in a single session),151 such 

a strategy seems impractical and difficult to implement 

in many studies. Aggregating data from repeated 

measurements also increases the overlap between self-

report and implicit measures,151 raising the question of 

why one should administer the same implicit measure 

multiple times when the same information can be 

obtained with a simple self-report measure—especially 

when self-report measures based on a single item can 

reasonably predict (r = ~.15) important life events (for 

example, job change or relationship dissolution) one 

year ahead of time.152 These considerations corroborate 

the conclusion that self-report measures are generally 

superior to implicit measures for predicting behavior.  

Flexibility 

A final advantage of self-reports over implicit 

measures is their flexibility. Self-reports can be used to 

assess thoughts and feelings about complex issues that 

are difficult to gauge with implicit measures (for 

example, thoughts about a proposed policy change). 

Furthermore, when collected in the context of open 

questions or semi-structured interviews, self-reports 

enable respondents to voice their lived experiences in 

a richer and more flexible way than implicit 

measures.153 Implicit measures typically impose 

impoverished and constrained communication formats, 

reducing the expression of complex subjective 

experiences to binary button presses. On a structural 

level, self-reports do not have to assume, impose, and 

reproduce dichotomous contrasts between social 

categories (for example, Asian vs. white; male vs. 

female; old vs. young), and indeed such dichotomies 

seem highly problematic in light of the growing body 

of work on intersectionality.154  

Finally, the lower level of technology required by 

self-report measures compared to implicit measures 

makes them more inclusive for both researchers and 

respondents. For instance, interviews or questionnaire 

measures can be more easily implemented in the field 

than computer-based measures, and they are also better 

suited to respondents with low digital literacy or 

impaired motor functions.  

Implications 

Based on the above considerations, we conclude 

that self-report measures are most often a better choice 

than implicit measures for addressing the kinds of 

research questions that are commonly studied with 

implicit measures. When combined with process-

dissociation procedures, self-report measures are 

superior to implicit measures even in areas where 

implicit measures have been claimed to provide unique 

insights that cannot be gained from self-report 

measures, such as effects of simple mental 

associations.  

Although implicit measures can still be valuable 

for addressing automaticity questions, claims about 

automaticity cannot be drawn from analyzing findings 

with implicit measures alone, because the same 

findings might be obtained with a measure that 

involves non-automatic processing. Moreover, when 

drawing inferences about automaticity features 

(awareness, intention, efficiency, or control) from 

differences between measures, it is critical that the to-

be-compared measures differ only in terms of the focal 

automaticity feature, and that this difference is not 

confounded with other factors. This criterion renders 

direct comparisons between self-reports and implicit 

measures problematic because the two kinds of 

measures differ in numerous ways (for example, 

stimuli and response formats) beyond the presumed 

difference in automaticity.150,155 Structural-fit 

paradigms are better for studying automaticity features 

than comparisons between self-reports and implicit 

measures that differ in multiple ways beyond the focal 

automaticity feature. 

In structural-fit paradigms, responses are 

compared across two variants of the same task that 

differ only with regard to the automaticity feature of 

interest.92,155–157 For example, to study the role of 

intentionality (vs. unintentionality), researchers could 

use two variants of the affect misattribution procedure, 

in which participants are presented with attitudinal 

prime stimuli (for example, a photo of a person), 

followed by neutral Chinese ideographs (Figure 1a).155 

In the regular version of the task, participants might be 

asked to evaluate the Chinese ideographs and ignore 

prime stimuli.22 If the evaluations of the Chinese 

ideographs systematically differ as a function of the 

preceding face primes (for example, if the ideographs 

are evaluated more favorably following younger than 

older face primes), then this procedure provides an 

indirect assessment of participants’ responses to the 

primes. In the modified version, participants might be 

asked to directly evaluate the prime stimuli and ignore 

the Chinese ideographs, providing a direct assessment 

of participants’ responses to the prime stimuli).155 

Differences in evaluative responses (measured 

indirectly or directly) to the prime stimuli across the 

two task variants can be interpreted as reflecting 

differences between unintentional (in the regular task 

variant) and intentional (in the modified task variant) 

evaluations of the prime stimuli.155  

Although the affect misattribution procedure 

provides an ideal paradigm to study intentionality with 

a structural-fit approach, it seems difficult (if not 

impossible) to apply a structural-fit approach to other 

implicit measures. These difficulties limit the value of 

these instruments for studying features of automaticity, 

which is ironically their most frequently proclaimed 

advantage over self-report measures. Indeed, for 
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automaticity features other than intentionality (which 

can be studied with two variants of the affect 

misattribution procedure, Figure 1a), applying a 

structural-fit approach to self-report measures might be 

the better choice (Figure 1b). For example, to study 

resource-dependence, researchers could compare 

responses on self-report measures under conditions 

where participants have to perform a difficult 

secondary task (for example, rehearsing an eight-digit 

letter string) versus an easy secondary task (for 

example, rehearsing a two-digit letter string); to study 

controllability, researchers could compare responses 

on self-report measures under conditions where 

participants are instructed versus not instructed to 

avoid some unwanted influence on their judgments; to 

study awareness, researchers could compare responses 

on self-report measures under conditions of fast versus 

slow stimulus presentation.  

As with any method, validation work is necessary 

to confirm the reliability of process-dissociation and 

structural-fit approaches when addressing automaticity 

questions. In process-dissociation procedures, this can 

been achieved by testing whether parameter estimates 

are influenced by experimental manipulations97,99 or 

predict behaviors97,99 in a theoretically sound way. 

More validation work of this sort is still needed.39 It 

should also be noted that methodological advances in 

self-report research go beyond process-dissociation 

and structural-fit approaches. For example, in attitude 

research self-reports of felt ambivalence have been 

used to address questions about controllability158 and 

simple associations.109 

Potential Objections 

A potential objection to our conclusions about the 

limited value of implicit measures is that self-report 

and implicit measures are weakly correlated with each 

other,55 and have distinct antecedents159 and behavioral 

correlates.147 One could argue that these dissociations 

between self-reports and implicit measures provide a 

strong justification for including implicit measures in 

any study with traditional self-reports because they 

suggest that implicit measures provide unique insights 

that cannot be gained from self-report measures.  

We agree that dissociations between self-report 

and implicit measures can provide an interesting 

starting point for future research, but we urge caution 

in interpreting such dissociations in terms of inherent 

differences between the two kinds of measures (for 

example, as implied by claims that self-report and 

implicit measures capture related but distinct 

constructs). Self-report and implicit measures differ in 

numerous aspects, which renders dissociations 

between the two difficult to interpret. For example, in 

research on racial bias, it remains unclear whether 

dissociations between measures are driven by the 

nature of the measurement instruments (self-report vs. 

implicit) or the different stimulus materials (for 

example, presenting faces in the implicit but not self-

report measure).150 Although research using a 

structural-fit approach has replicated some previously 

obtained dissociations between self-report and implicit 

measures,155 other dissociations disappeared when 

confounds between measurement type and procedural 

factors were controlled.156 Thus, when studying 

potential dissociations, researchers should heed the 

lesson of the structural-fit approach by comparing 

responses across two variants of the same task that 

differ only with regard to the critical feature of interest.  

Another potential objection is that implicit 

measures might provide valuable information when 

performance indicators (for example, error rates or 

response times) are subjected to computational 

modeling, including applications of process 

dissociation and multinomial processing tree 

modeling.160 To the extent that implicit measures can 

be understood as experimentally controlled paradigms 

that mirror the processes underlying spontaneous 

responses more broadly161, combining them with 

computational modeling could provide nuanced 

insights into spontaneous behavior that cannot be 

gained from either self-reports or traditional 

applications of implicit measures.  

However, an important caveat is that broader 

conclusions from research using computational models 

to analyze responses on implicit measures are based on 

the premise of process correspondence (the assumption 

that the processes underlying spontaneous responses 

on implicit measures correspond to the processes 

underlying spontaneous behavior in natural 

settings).8,40 Applications of computational modeling 

to implicit measures would have little value for 

understanding spontaneous behavior in natural settings 

if spontaneous behavior in natural settings involves 

different processes from those underlying responses on 

implicit measures. Research ignoring the premise of 

process correspondence could be criticized for its 

narrow focus on understanding responses on a specific 

task and for losing sight of the more important question 

of what drives spontaneous behavior in natural 

settings.  

A final objection is that some of our arguments 

against implicit measures refer to lack of evidence, 

which implies that our conclusions might have to be 

revised in light of new findings. We agree that the lack 

of supportive evidence is not the same as 

counterevidence.162 However, it is concerning for a 

research program that has inspired such a large number 

of studies over a period of almost three decades to 

defend major assumptions with lack of 

counterevidence rather than supportive evidence. 

Although novel applications of process-dissociation 

https://www.springernature.com/gp/open-research/policies/accepted-manuscript-terms


in press, Nature Reviews Psychology         8 

This version of the article has been accepted for publication after peer review and is subject to Springer Nature’s terms of use,  
but is not the Version of Record and does not reflect post-acceptance improvements, or any corrections. 

and structural-fit paradigms require thorough 

validation just like any other method, we think it is 

time to acknowledge the limits of implicit measures 

and that self-report measures are a better and more 

promising measurement option.  

Conclusions  

Over the past three decades, psychologists have 

devoted considerable effort to the development of 

implicit measures. This research program has 

flourished based on assumptions about disadvantages 

of self-reports relative to implicit measures. We argued 

that six core assumptions justifying this measurement 

revolution remain unsubstantiated or have been proven 

wrong. Our discussion of contamination suggests that 

responses on both self-report and implicit measures are 

sensitive to context, social-desirability, and 

experimental-demand effects. Overturning these 

conclusions would require dismissing a large body of 

evidence showing that implicit measures are sensitive 

to these effects. Our conclusions regarding 

unconsciousness are similarly difficult to reject 

considering evidence indicating that people can predict 

the outcomes of implicit measures.163 Echoing our 

conclusion on this point, prominent implicit social 

cognition researchers have toned down their earlier 

claims that implicit measures capture mental contents 

that respondents are not aware of 87,88, and a consensus 

seems to be emerging that intentionality is a more 

relevant automaticity feature instead.164,165  

We also argued that questions of automaticity 

cannot be reliably addressed using only implicit 

measures, or by comparing them to tasks that differ in 

various ways beyond the focal automaticity feature. 

Finding robust dissociations on structurally matched 

self-report and implicit measures would support the 

value of the latter. However, structural-fit paradigms 

for implicit measures have only been developed for the 

affect misattribution procedure, and it is currently 

unclear how structurally matched versions of other 

implicit measures could be designed.  

Moreover, there is strong evidence that self-

reports can capture simple associations, and it is not 

clear why this evidence should be dismissed. The same 

argument applies to our dismissal of the robustness 

hypothesis, which has been debunked in numerous 

studies. Finally, overturning our conclusions regarding 

the person vs. environment debate would require 

robust evidence indicating that, at least for some topics, 

implicit measures provide additional insights relative 

to self-reports. Needless to say this demonstration 

should use structurally matched measures so that the 

findings can be interpreted unambiguously. 

We also discussed three advantages of self-reports 

over implicit measures: their greater reliability, 

predictive value, and flexibility. Challenging our 

conclusions regarding reliability would require new 

implicit measures or task variants that show strong 

psychometric qualities, including high construct 

validity.166,167 Dozens of implicit measures have thus 

far failed to achieve this goal, and these efforts might 

have distracted researchers from using more advanced 

self-report measures. Regarding prediction, 

overturning our conclusion would require new implicit 

measures that have higher predictive value than self-

reports, again ideally achieved using structurally-

matched measures. Finally, it is currently unclear how 

implicit measures could become more flexible and 

inclusive than self-reports. 

Although the impetus for developing and using 

implicit measures three decades ago was 

understandable, and this research program brought 

about valuable insights, we believe the time is ripe for 

taking stock and acknowledging that, in the end, self-

reports most often do a better measurement job, both 

from a methodological and a pragmatic standpoint. We 

therefore call for enhanced and more sophisticated 

reliance on self-reports in psychological science and in 

related scientific domains, including for automaticity 

questions that could leverage structural-fit and 

process-dissociation procedures. 
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Figure 1. Structural-fit approaches for drawing inferences about automaticity. In structural-fit paradigms, 

responses are compared across two variants of the same task that differ only with regard to the automaticity feature 

of interest A) Structural fit between an implicit measure (left) and a self-report measure (right) to assess the role of 

intentionality on evaluations of a prime (face) stimulus. B) Structural fit between two self-report measures to assess 

resource-dependency (top), control (middle), and stimulus awareness (bottom) on evaluations of a face stimulus. 
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Box 1. Process Dissociation 

Process dissociation enables researchers to quantify the contributions of distinct processes to responses on a 

given task or measure.94,95,160 In its simplest form, process dissociation can be used to analyze responses on tasks or 

measures with binary outcomes in which two distinct processes can lead to either to the same or different outcomes 

(for example, correct vs. incorrect judgments; positive vs. negative judgments; or stereotype-congruent vs. 

stereotype-incongruent judgments). Trials or conditions in which the two processes lead to the same outcome can be 

described as compatible; trials or conditions in which the two processes lead to different outcomes can be described 

as incompatible.  

In one version of this paradigm97, images of affectively neutral stimuli such as bottled water brand logos 

(conditioned stimuli) are paired with images of positive valence such as pets or flowers (positive unconditioned 

stimulus) or negative valence such as garbage or injuries (negative unconditioned stimulus). Depending on the 

condition, participants are instructed to form an impression of the conditioned stimulus that is consistent with the 

valence of the unconditioned stimulus (standard condition) or opposite to it (reversal condition). Subsequently, 

participants are asked to report whether they like or dislike each conditioned stimulus. 

In this study design, three parameters can be estimated by comparing the frequencies of positive and 

negative conditioned stimulus evaluations on compatible trials (where controlled and uncontrolled processes are 

assumed to have compatible evaluative influences) and incompatible trials (where controlled and uncontrolled 

processes are assumed to have incompatible evaluative influences). A first parameter, c, reflects participants’ 

tendency to correctly apply the instruction. In this case, responses are driven by controlled processes in the sense that 

participants show their ability to correctly apply either the standard or reversal instruction (see red arrow in the 

figure). If controlled processes fail to drive participants’ responses (1-c), two additional parameters can be estimated. 

One of these parameters is u, which reflects participants’ tendency to form an impression of the conditioned stimulus 

that is consistent with the valence of the unconditioned stimulus regardless of the specific instruction. In this case, 

participants’ evaluative responses are assumed to be driven by uncontrolled processes (see blue arrow in the figure). 

The third parameter, b, reflects a general bias to evaluate the conditioned stimulus positively (vs. negatively) when 

neither c nor u processes are at play (see purple arrow in the figure).  

The three parameters can be estimated using a set of mathematical equations. In its simplest form, process 

dissociation estimates only the controlled (c) and uncontrolled (u) parameters. In this case, the controlled process can 

be quantified as c = p(correct | compatible) – p(incorrect | incompatible), and the uncontrolled process can be 

quantified as u = p(incorrect | incompatible) / (1 – c). However, an unbiased estimate of these parameters requires 

additionally estimating a potential decision bias (b).168 When b is estimated in addition to c and u , the set of 

equations becomes more complex, requiring the use of multinomial processing tree modeling in which parameters 

values are estimated via maximum-likelihood statistics. There are useful tutorials that can be used to develop and test 

multinomial processing tree models.169  

Process dissociation can be seen as an advanced application of structural fit for estimating the independent 

contributions of various latent cognitive processes to task performance. In the present illustration, controlled and 

uncontrolled processes can be estimated within a unique task that keeps all procedural factors constant except for the 

instruction (standard vs. reversal) communicated to the participants. 

This illustration of process dissociation emphasizes two important points that are directly relevant to our 

current analysis. First, self-reports can be used to study automatic processes. Second, self-reports are not entirely 

immune to uncontrolled influences (provided a good model fit is observed, and the u parameter—or related 

parameters reflecting the contribution of uncontrolled processes 158—is significantly greater than zero). 
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Note: CS: conditioned stimuli; US+: positive unconditioned stimulus; US-: negative unconditioned stimulus.  
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