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1  | INTRODUC TION

The use of indirect or “implicit” measures to investigate intergroup 
attitudes has become commonplace. Measures such as the Implicit 
Association Test (IAT; Greenwald, McGhee, & Schwartz, 1998), the 
Weapons Identification Task (WIT; Payne, 2001), and evaluative 
priming procedures (Fazio, Jackson, Dunton, & Williams, 1995) are 
valued because of their promise to measure attitudes that people 
are unwilling or unable to report (De Houwer, Teige-Mocigemba, 
Spruyt, & Moors, 2009). This is particularly valuable for the study 
of racial bias, where explicitly reported attitudes have become 
more egalitarian but biased behavior persists (Dovidio, Gaertner, & 
Pearson, 2017). In some studies, implicit racial bias has been con-
nected to intergroup behaviors as subtle as smiling and making eye 
contact (Dovidio, Kawakami, & Gaertner, 2002) and as severe as the 

disproportionate use of lethal force by police on African-American 
men (Hehman, Flake, & Calanchini, 2017). Importantly, however, 
debate continues on how and when performance in implicit bias 
tasks is related to real-world behavior (e.g., Greenwald, Banaji, & 
Nosek, 2015; Hall et al., 2015; Kurdi et al., 2019; Oswald, Mitchell, 
Blanton, Jaccard, & Tetlock, 2013) and precisely what implicit bias 
represents (Brownstein, Madva, & Gawronski, 2019; De Houwer, 
2019; Greenwald & Banaji, 2017; Machery, 2017; Payne, Vuletich, 
& Lundberg, 2017).

A persistent problem with the measurement of implicit bias is 
that correlations among different implicit bias tasks are often low 
(Amodio & Devine, 2006; Ito et al., 2015). In part, low correspon-
dence between tasks has been attributed to their poor psychomet-
ric properties, such as low reliability (Banse, Seise, & Zerbes, 2001; 
De Houwer et al., 2009; Kawakami & Dovidio, 2001). However, 
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conceptual issues pertaining to the nature of implicit bias as a con-
struct also contribute to low correspondence across different tasks. 
For example, tasks differ with regard to the specific forms of bias 
they measure (e.g., stereotypic vs. evaluative; Amodio & Devine, 
2006; Conrey, Sherman, Gawronski, Hugenberg, & Groom, 2005; 
Jacoby, 1991; Payne, 2001). In addition, responses on measures of 
implicit bias are known to be influenced by a number of control-re-
lated processes (Conrey et al., 2005; Jacoby, 1991; Payne, 2001), 
and to engage those processes to differing degrees (e.g., Ito et al., 
2015; Klauer, Schmitz, Teige-Mocigemba, & Voss, 2010). To date, 
researchers have not given full consideration to how the type of 
automatic or controlled processes that are engaged in a particular 
task contributes to low intercorrelations across tasks. The purpose 
of the current studies was to investigate how the type of automatic 
associations measured in a given task (evaluative vs. stereotypic as-
sociations with race) affects performance and correspondence be-
tween estimates of automatic and controlled processing across two 
sequential priming tasks used to measure implicit racial bias.

1.1 | Contributions of automatic and 
controlled processes

Attitude researchers have long understood the utility in separat-
ing the influence of automatic or reflexive and controlled or re-
flective processes on behavior (see Chaiken & Trope, 1999; Smith 
& DeCoster, 2000; Strack & Deutsch, 2004). In recent years, this 
interest has led to the development of multinomial “processing tree” 
models meant to separately estimate the influence of different kinds 
of underlying processes on response behavior in implicit bias tasks. 
Processing tree models use patterns of response accuracy on dif-
ferent types of trials to mathematically separate theoretically dis-
tinct processes that jointly contribute to responses in a particular 
task (Hütter & Klauer, 2016). Several such models have been pro-
posed (e.g., Conrey, Sherman, Gawronski, Hugenberg, & Groom, 
2005; Payne & Bishara, 2009; Stahl & Degner, 2007), all of which 
aim to separately estimate the contribution of automatic and non-
automatic processes to behavior in implicit bias tasks. Importantly, 
such estimates are atheoretical, and model parameters can only be 
related to psychological processes through empirical work that es-
tablishes the validity of the theoretical interpretations of the para-
meters (Hütter & Klauer, 2016).

One well-established model, the Process Dissociation Procedure 
(Payne, 2001, 2005), estimates two parameters thought to represent 
the contribution of controlled (PDP-Control) and automatic (PDP-
Auto) processes on binary classification of targets (see Jacoby, 1991). 
In the traditional conception of the PDP, each parameter estimate 
represents the magnitude of the influence of controlled or automatic 
processing on response behavior. Validating studies using the PDP 
with implicit bias tasks have shown that PDP-Control estimates de-
crease with shorter response deadlines, suggesting decreased ability 
to control responses when forced to respond quickly (Payne, 2001), 
and are related to the strength of executive functioning abilities (Ito 

et al., 2015; Payne, 2005). PDP-Control estimates also decrease as 
a function of age due to decreases in inhibitory ability, resulting in 
the expression of greater bias in older adults (Stewart, von Hippel, & 
Radvansky, 2009). PDP-Auto estimates are larger when participants 
are encouraged to use the race of the prime to identify weapons, 
similarly to racial profiling (Payne, Lambert, & Jacoby, 2002), and in-
crease when White participants anticipated interacting with a Black 
partner compared with a White partner, interpreted as evidence that 
anxiety when anticipating an interracial interaction increases the 
strength of automatic processing (Amodio & Hamilton, 2012). These 
and other studies that have investigated the influence of experimen-
tal manipulations or correspondence with other theoretical relevant 
constructs contribute to the validity of PDP estimates as measure-
ments of controlled and automatic processes related to implicit bias.

However, because different psychological processes may be 
engaged in different tasks or contexts, multinomial modeling tree 
parameters may index different controlled or automatic processes 
depending on the task or context. This is particularly true when con-
sidering tasks intended to measure different forms of bias, which 
stem from different types of learned associations. The Multiple 
Memory Systems Model of social cognition (Amodio, 2019; Amodio 
& Ratner, 2011) underscores that distinct types of implicit associ-
ations (e.g., semantic vs. evaluative) arise from different kinds of 
learning experiences, involve distinct neurophysiological circuits, 
and are expressed in differing behavioral responses. For instance, 
whereas semantic associations reflect verbal learning experiences 
(McClelland & Rumelhart, 1985; Sloman, 1996) rooted mainly in an-
terior temporal cortex (see Martin, 2007; Ralph, Jefferies, Patterson, 
& Rogers, 2017), evaluative associations can reflect both verbal 
learning and aversive conditioning mediated mainly by the central 
nucleus of the amygdala (LaBar, Gatenby, Gore, LeDoux, & Phelps, 
1998; LeDoux, 2000).

From a methodological standpoint, the type of automatic as-
sociation relevant to performance in a given task depends on the 
type of stimuli respondents are asked to categorize. In sequential 
priming tasks, for example, race-related primes (e.g., faces varying 
by race) arguably activate both semantic (i.e., stereotypes) and eval-
uative (i.e., prejudice-related) associations, among others. It stands 
to reason that differences in the automatic processes engaged in a 
semantic/stereotypic versus evaluative bias task will be reflected 
in the correspondence between model parameters estimating the 
contribution of automatic processing in each task. If subsequent tar-
gets represent content semantically related to race categories (e.g., 
handguns represent the American stereotype that young Black men 
are violent; see Correll, Park, Judd, & Wittenbrink, 2002; Payne, 
2001), then task performance primarily will be driven by stereo-
typic associations. In contrast, if target stimuli represent evaluative 
content (e.g., words describing positive or negative constructs; see 
Fazio et al., 1995), then task performance primarily will be driven 
by evaluative associations. Parameter estimates of automatic pro-
cesses modeled from behavior in these different tasks would then 
theoretically reflect different forms of automatic associations, and 
the degree of correspondence in parameter estimates derived from 
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the two tasks should reflect (dis)similarity between the underlying 
automatic associations.

Recent research by Calanchini, Sherman, Klauer, and Lai (2014) 
supports this idea. These authors had participants complete pairs 
of IATs that varied in their conceptual overlap, operationalized as 
the extent to which the tests used similar attribute categories (e.g., 
pleasant and unpleasant words) and target categories (e.g., race). As 
predicted, the cross-task correlation of automatic associations de-
rived from the quadruple process model (Conrey et al., 2005), which 
are virtually equivalent to PDP-Auto estimates (Payne & Bishara, 
2009), varied systematically according to the degree of conceptual 
overlap in the various IATs (rs = .50–.58 across tasks with high over-
lap; rs = .20–.36 across tasks with low overlap).

Model parameters reflecting control-related processes are 
similarly expected to correspond as a function of similarity of the 
control-related processes engaged in a particular task. In a recent 
example, Ito et al. (2015) had participants complete three implicit 
bias tasks designed to measure stereotypic associations between 
Black men and violence/danger—the First Person Shooter Task 
(FPST; Correll, Park, Judd, & Wittenbrink, 2002), the WIT, and 
the IAT. Individual differences in control-related abilities also 
were assessed using nine tasks that measure different facets of 
executive functioning (EF; Friedman & Miyake, 2017; Miyake & 
Friedman, 2012). Ito et al. found that performance on both the 
WIT and the FPST was negatively associated with a “Common EF” 
factor that reflects variability common to all nine EF tasks (see 
Miyake & Friedman, 2012), suggesting the WIT and FPST engage 
similar forms of control. Consistent with the idea that correspon-
dence in model estimates reflects correspondence in the type of 
controlled processing engaged, control estimates from the PDP 
were highly correlated between the WIT and FPST (r = .61). In 
contrast, performance on the IAT was associated with a facet of 
executive functioning related to shifting or switching attention 
(also see Klauer et al., 2010) but not with Common EF. As a re-
sult, control estimates from the IAT showed more modest corre-
spondence with estimates derived from the Shooter Task (r = .29) 
and WIT (r = .37), although in a separate study, control estimates 
from various IATs with identical structure but different stimuli 
correlated very highly with each other (rs = .67–.82; Calanchini, 
Sherman, Klauer, & Lai, 2014). Thus, control estimates from tasks 
that engage different forms of executive functioning or cognitive 
control correlate to a smaller degree than control estimates from 
tasks that engage the same form of executive functioning.

Together, these previous results suggest that correspondence 
in model estimates of controlled and automatic processing across 
tasks reflects similarity in the type of automatic or controlled pro-
cessing being engaged in each task. To date, however, no previ-
ous research has used a multinomial processing tree approach to 
directly compare the magnitude of association in automatic and 
control estimates across sequential priming tasks designed to 
measure race-related stereotypic versus evaluative associations. 
Although this issue has been examined by comparing automatic 
and controlled estimates across different versions of the IAT 

(Calanchini et al., 2014), examining how automatic associations 
influence response behavior in sequential priming tasks is import-
ant for several reasons. First, as just reviewed, the IAT and se-
quential priming tasks engage different control-related processes 
(Ito et al., 2015; Klauer et al., 2010). Given that control-related 
processes constrain the expression of automatic associations 
(Payne & Bishara, 2009), differences in the type of controlled pro-
cess engaged by different tasks may alter the degree to which 
automatic processing influences response behavior. Second, the 
IAT and sequential priming tasks rely on different mechanisms 
through which automatic associations with race affect responses. 
Sequential priming effects are theorized to occur either through 
semantic priming (see Cameron et al., 2012; Gawronski & Hahn, 
2019; Wentura & Degner, 2010) or through response priming 
(see Bartholow, Riordan, Saults, & Lust, 2009; Klinger, Burton, 
& Pitts, 2000). In contrast, the mechanism by which automatic 
associations affect responses on the IAT is less well understood 
(Teige-Mocigemba, Klauer, & Sherman, 2010); stimulus–response 
compatibilities, a random walk model, and task switching, among 
others, have been proposed as potential mechanisms (Brendl, 
Markman, & Messner, 2001; De Houwer, 2001; Klauer & Mierke, 
2005; Teige-Mocigemba et al., 2010).

Lastly, compared to the IAT, sequential priming tasks are less 
susceptible to extrapersonal information unrelated to individual 
attitudes (Degner & Wentura, 2010; Han, Olson, & Fazio, 2006); 
the IAT has been proposed to measure societal views that do not 
necessarily correspond to personal attitudes (Olson & Fazio, 2004; 
Payne et al., 2017). Given these unique properties, comparison of 
automatic and controlled processing across sequential priming tasks 
that assess evaluative versus stereotypic associations is important 
for understanding whether previous findings based on the IAT (e.g., 
Amodio & Devine, 2006; Calanchini et al., 2014) generalize beyond 
the constraints imposed by that measure.

In the current studies, participants completed a WIT (Payne, 
2001) to assess stereotypic associations between White vs. Black 
targets and armed violence, and an affective priming task (APT; 
Fazio et al., 1995) to assess associations between White vs. Black 
targets and evaluative constructs. To control for differences in 
the tasks’ structural features and the types of control-related 
processes they engaged (Ito et al., 2015; Klauer et al., 2010; 
Payne, 2005), both tasks used a sequential priming trial structure 
in which a race prime (face) preceded a target (object or word) 
that participants had to classify prior to a 500-ms response dead-
line. Given that (a) tasks that engage the same type of executive 
functioning ability correspond highly in terms of controlled pro-
cessing estimates from the PDP or other multinomial processing 
trees and (b) that both the WIT and the APT are sequential prim-
ing tasks associated with the “Common EF” facet of executive 
function (Friedman & Miyake, 2017; Ito et al., 2015; Miyake & 
Friedman, 2012), we predicted strong correspondence in PDP-
Control estimates across the two sequential priming tasks. In 
contrast, because of the differences in the types of automatic 
processing engaged in each task, PDP-Auto estimates were 
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expected to correspond weakly (Calanchini et al., 2014). To en-
sure that any observed associations are reliable (see Stanley & 
Spence, 2014) and to better characterize the magnitude of ob-
served effects (see Spellman, 2013), we conducted two experi-
ments using the same measures and procedures1 and separate 
samples of participants drawn from the same population.

2  | METHOD

2.1 | Participants

2.1.1 | Study 1

One hundred-one undergraduates (30 men, 70 women, 1 unidentified) 
from Introductory Psychology courses at a large, Midwestern univer-
sity participated for credit toward a course requirement. Eighty-nine 
self-identified as White, one as American Indian/Alaska Native, four 
as Asian, four as Black, and one as of more than one race. Two did not 
indicate their race. None identified as Latino/a. With this sample size, 
we had 80% power to detect correlations > .24.

2.1.2 | Study 2

An important aim of Study 2 was to characterize the magnitude of 
effects using a larger sample, thereby supporting increased reliabil-
ity of the estimates by reducing error variance (see Cocchetti, 1999; 
Stanley & Spence, 2014). Thus, the sample size from Study 1 was 
roughly doubled for Study 2. Two hundred and six undergraduates 
(109 women, 94 men, 3 unidentified) from Introductory Psychology 
courses participated for credit toward a course requirement. One 
hundred and sixty-six self-identified as White, eleven as Asian, fif-
teen as Black, ten as of more than one race, and four did not re-
spond. Nine identified as Hispanic. With this sample size, we had 
80% power to detect correlations >.17.

2.2 | Measures and materials

Internal and external motivation to be unbiased (Plant & Devine, 
1998) was self-reported but results are not discussed. See Appendix 
S1 for more information.

2.2.1 | Weapons Identification Task

Stimuli and instructions were adapted from Payne (2001). During 
each trial, a 1000-ms fixation cross preceded a prime (Black or 

White face; 200 ms), followed immediately by a target (gun or tool; 
200 ms), which was then covered by a visual mask (300 ms). Prime 
stimuli consisted of 24 black-and-white photographs of White 
and Black men's faces cropped to exclude peripheral features 
(e.g., hair, clothes). Target stimuli consisted of four black-and-
white photographs of handguns and four black-and-white photo-
graphs of hand tools (e.g., pliers, crescent wrench). Participants 
were asked to categorize the target on each trial as a gun or a 
tool using one of two response keys (counterbalanced across par-
ticipants) within 500 ms following target onset. Responses made 
after the deadline elicited a “TOO SLOW!” message, displayed in 
red text for 500 ms. The ITI was randomly jittered across trials 
(800, 1000, or 1200 ms). Participants completed 16 practice trials 
followed by 192 experimental trials, comprising 48 trials of each 
prime-target pairing (i.e., Black-tool, Black-gun, White-tool, and 
White-gun) presented in a randomized order.

2.2.2 | Affective Priming Task

Like the WIT, trials in the APT consist of a prime stimulus followed 
by a target that participants must classify as quickly as possible. In 
the version used here, the prime stimuli, trial structure, and timing 
parameters, including the use of a response deadline, were identi-
cal to those used in the WIT. Although some APTs used to inves-
tigate implicit racial bias have not used a response deadline (e.g., 
Fazio et al., 1995; Livingston & Brewer, 2002), use of response 
windows or deadlines and measurement of accuracy rather than 
reaction time as the dependent variable in the APT have been ad-
vocated (a) to prevent possible dilution of priming effects, and (b) 
to reduce the use of faking strategies (e.g., Degner, 2009). The tar-
get stimuli were eight positive nouns (love, vacation, joy, romance, 
paradise, success, beauty, and smile) and eight negative nouns (gar-
bage, vomit, poison, sewage, pest, despair, cockroach, and disgust) 
with no race-stereotypic content (Livingston & Brewer, 2002). 
Participants completed 16 practice trials, followed by 192 ex-
perimental trials, comprising 48 trials of each prime-target pairing 
(i.e., Black-positive, Black-negative, White-positive, and White-
negative) presented in a randomized order.

2.3 | Procedure

The order in which the tasks were completed was randomized 
across participants. In both experiments, participants were ran-
domly assigned using a counterbalancing procedure to one of two 
between-subjects conditions in which they completed the WIT 
and APT either in the presence of an experimenter (i.e., Observer 
Present) or alone (i.e., Observer Absent). In the Observer Absent con-
dition, after explaining the tasks, the experimenter said, “I’m going 
to step out of the room during the tasks so you don’t get distracted. 
I’ll be right outside the door, so if you have any questions during 
the instructions or after the practice trials, feel free to come ask 

1 A minor procedural difference between the studies was that, in Study 2, participants 
responded to several questions related to task-related state anxiety, frustration, 
confidence, attention, and effort (see Appendix S1). Participants responded to the items 
four times over the course of the experiment—at the midpoint and end of each task.
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me.” In the Observer Present condition, the experimenter remained 
in the room, saying, “Feel free to ask me any questions after the 
practice trials if you’re confused by the instructions. Otherwise, 
just ignore me and concentrate on the tasks.” The experimenter 
held a clipboard and sat in a chair to the left and slightly behind 
the participant. From this vantage point, the experimenter was 
able to see the participant (and their hands providing behavioral 
responses) as well as the computer screen. The participant was 
also able to see the experimenter in their peripheral vision while 
completing the tasks.

The presence versus absence of an observer did not signifi-
cantly affect task performance or estimates of automatic or 
controlled processes in either experiment, possibly because the 
structure of the tasks imposed constraints on controlled pro-
cessing that were not further affected by the presence of the 
observer. All analyses including effects of this manipulation are 
reported in Appendix S1.

2.4 | Data analysis

2.4.1 | Exclusions: Study 1

Data from one participant were lost for both tasks due to a com-
puter malfunction. Data from three other participants (one in the 
APT and two in the WIT) were excluded for not following instruc-
tions (e.g., falling asleep, mixing up the buttons, using one re-
sponse button >85% of the time). This left 98 participants with 
WIT data, 99 with APT data, and 97 with usable data for both 
tasks.2

2.4.2 | Exclusions: Study 2

APT data from two participants were lost due to computer malfunc-
tion. APT data from three additional participants were rejected for 
not following instructions (using one response button >85% of the 
time). WIT data from one participant were lost due to computer mal-
function, and data from another participant was rejected for not fol-
lowing instructions (using one response button >85% of the time). 
This left 204 participants with WIT data, 201 with APT data, and 201 
with usable data for both tasks.

2.4.3 | Analytic approach

Analyses within each task included all usable data for that task. 
Regressions comparing the two tasks included only individuals 
with data for both tasks; however, mixed models do not require 
listwise deletion and thus included all participants with data for 
at least one task (n = 101 in Study 1; n = 204 in Study 2). To fa-
cilitate comparison of results across tasks using similar language, 
the 2 (Race) × 2 (Target) structure of both tasks is described in 
the analyses in terms of bias-congruency. Specifically, the pre-
dicted Prime × Target interactions for both tasks are presented 
as an effect of congruency, representing the extent to which the 
primes facilitated responses to stereotypically (WIT) or evalu-
atively (APT) congruent targets (i.e., Black primes facilitating cat-
egorization of guns and negative words; White primes facilitating 
categorization of tools and positive words). Analyses conducted 
with multilevel models rather than repeated measures ANOVA 
are reported in Appendix S1; these analyses produced patterns of 
effects identical to those reported here. As stimulus could not be 
included as a random factor in either set of models, the presented 
results are limited to the specific stimuli used here.

2.4.4 | Calculation of PDP estimates

PDP estimates were first created for Black-prime and White-prime 
trials separately (see Payne, 2001) and are given in Table 1.3 To cre-
ate task-wide automatic estimates (PDP-Auto) for comparison across 
tasks, White-prime Auto estimates were partialed out from Black-
prime Auto estimates (see Payne, 2005). This residual represents the 
influence of Black-related automatic processing while accounting for 
the influence of White-related automatic processing.4 Task-wide 
control estimates (PDP-Control) were calculated as the mean of 
Control estimates from Black and White trials, reflecting the argu-
ment that controlled processes are similar for all trials, regardless of 
prime race (see Ito et al., 2015; Payne, 2005).

Data and analyses can be found at https ://github.com/hiv8r 3/
Compa ringB ias-project. Within this manuscript and Appendix S1, 
all measures, conditions, and data exclusions have been reported, 
including analyses regarding self-reported motivation to be unbi-
ased that are reported in Appendix S1. All methods were approved 
by the University of Missouri IRB, and all participants were treated 
in accordance with ethical principles as laid out by the American 
Psychological Association.

2 Additional analyses were conducted that excluded non-native English speakers and 
participants whose accuracy was >2 SDs below the mean (thresholds of 36% and 33% 
accuracy in the WIT and APT in Study 1, respectively, and 34% and 33% in the WIT and 
APT in Study 2, respectively). According to these criteria, Study 1 analyses included 92 
participants' and 93 participants' WIT and APT data, respectively. Study 2 analyses 
included 199 participants' and 198 participants' WIT and APT data, respectively. 
However, even with these exclusions, the pattern of results remained the same. The only 
minor change was a decrease in the correlation between response accuracy bias scores 
across tasks, decreasing from β = 0.23, p = .022 to β = .19, p = .081. All other slope or 
interaction estimates remained very similar, including the difference in the degree to 
which PDP-Auto and PDP-Control estimates corresponded between tasks. Thus, we 
present analyses including all participants except those not following instructions to 
keep as large of a sample size as possible.

3 Control (C) estimates were calculated by subtracting the probability of making an error 
on a bias-incongruent trial (e.g., a Black face followed by a tool in the WIT or a positive 
word in the APT) from the probability of being correct on a bias-congruent trial (e.g., a 
Black face followed by a gun in the WIT or a negative word in the APT). Automatic (A) 
estimates were calculated by dividing the probability of making an error on an 
incongruent trial by (1–C). Trials in which the participant did not respond before the 
deadline were excluded from the calculation, as responses given after the deadline were 
not recorded. Additionally, any negative estimates were replaced with 0.

4 Parallel analyses using difference scores (Amodio & Hamilton, 2012; Ito et al., 2015) 
revealed a similar pattern of results (see Appendix S1).

https://github.com/hiv8r3/ComparingBias-project
https://github.com/hiv8r3/ComparingBias-project
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3  | RESULTS

For each study, we first present preliminary analyses that test 
for the presence of a Prime × Target interaction representing bi-
ased responding, separately in each task. Once the presence of 
bias is confirmed in each task, we then compare behavioral re-
sponses across the tasks in three ways: (a) We test the 3-way 
Prime × Target × Task interaction predicting error rates in each 
trial type; (b) We examine the correlation between response accu-
racy bias scores between tasks, and (c) We compare multinomial 
processing tree estimates from the PDP across tasks. Last, we 
corroborate results obtained from the PDP with the ABC model 
(Stahl & Degner, 2007), an alternative multinomial processing tree 
model.

3.1 | Study 1

3.1.1 | Preliminary analyses

Mean error rates (and SDs) for each condition of the WIT and 
APT are given in Table 2 and displayed in Figure 1. Reaction times 
are also reported in Table 2 but were not analyzed. A repeated 
measures analysis of variance (rANOVA) on the error rates 
from the WIT showed the predicted effect of congruency (i.e., 
Prime × Target interaction), F(1, 97) = 91.4, p < .001, η2

p = 0.48 
(90% CI: [0.37, 0.57]). Guns were categorized more accurately 
than tools following Black faces, F(1, 97) = 102.4, p < .001, 
η2

p = 0.51, (90% CI: [0.40, 0.60]), whereas tools were categorized 
more accurately than guns following White faces, F(1, 97) = 8.54, 
p = .004, η2

p = 0.08 (90% CI: [0.02, 0.18]). Similarly, rANOVA on 
the error rates from the APT also showed a predicted effect of 
congruency (i.e., Prime × Target interaction), F(1, 98) = 40.64, 
p < .001, η2

p = 0.29, (90% CI: [0.17, 0.40]). Negative words were 
categorized more accurately than positive words following Black 
faces, F(1, 98) = 5.72, p = .019, η2

p = 0.05, (90% CI: [0.00, 0.14]), 
and positive words were categorized more accurately than nega-
tive words following White faces, F(1, 98) = 41.15, p < .001, 
η2

p = 0.30, (90% CI: [0.17, 0.40]). These interactions confirmed 

that a typical pattern of racial bias was evident in both tasks in 
that different race primes differentially influenced accuracy in 
categorizing the subsequent targets.

3.1.2 | Comparison across tasks

Response behavior across the tasks was compared in three ways. 
First, error rates from both tasks were subjected to a 2 (Prime: 
Black face, White face) × 2 (Target: bias-congruent, bias-incon-
gruent) × 2 (Task: WIT, APT) rANOVA. A significant 
Prime × Target × Task interaction emerged, F(1, 96) = 26.86, 
p < .001, η2

p = 0.22, (90% CI: [0.11, 0.33]), indicating that patterns 
of race bias differed across the tasks. As shown in Figure 1, the 

 

WIT APT

Black primes White primes Black primes White primes

Study 1

PDP-Control 0.41 (0.27) 0.42 (0.23) 0.40 (0.25) 0.42 (0.23)

PDP-Auto 0.62 (0.17) 0.59 (0.18) 0.57 (0.16) 0.58 (0.19)

Study 2

PDP-Control 0.45 (0.27) 0.45 (0.26) 0.40 (0.26) 0.39 (0.27)

PDP-Auto 0.60 (0.18) 0.57 (0.18) 0.53 (0.18) 0.62 (0.17)

Note: Numbers in parentheses are standard deviations. PDP-Control and PDP-Auto = controlled 
and automatic processing estimates, respectively, derived from the process dissociation procedure.
Abbreviations: APT, Affective Priming Task; WIT, Weapons Identification Task.

TA B L E  1   Mean control and automatic 
estimates (and SDs) for Black-prime and 
White-prime Trials in the WIT and APT

TA B L E  2   Mean error rates (and SDs) and reaction times (and 
SDs) as a function of prime and target in the WIT and APT

 Black primes White primes

Study 1

WIT

Gun 0.31 (0.15)//373 (74) 0.41 (0.13)//381 (79)

Tool 0.47 (0.15)//398 (79) 0.36 (0.15)//387 (75)

APT

Negative 0.39 (0.16)//383 (80) 0.47 (0.16)//392 (84)

Positive 0.43 (0.15)//384 (84) 0.34 (0.15)//379 (78)

Study 2

WIT

Gun 0.31 (0.18)//368 (81) 0.39 (0.18)//374 (85)

Tool 0.44 (0.17)//386 (91) 0.35 (0.17)//376 (86)

APT

Negative 0.42 (0.17)//374 (93) 0.49 (0.17)//383 (95)

Positive 0.42 (0.15)//370 (98) 0.34 (0.16)//363 (92)

Note: Numbers in parentheses are standard deviations. Numbers 
to the right of forward slashes are mean (and SD) reaction times in 
milliseconds (correct response trials only).
Abbreviations: APT, Affective Priming Task; WIT, Weapons 
Identification Task.
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difference in accuracy in the WIT between Black-congruent (gun) 
and Black-incongruent (tool) trials (η2

p = 0.51) was larger than the 
difference between White-congruent (tool) and White-
incongruent (gun) trials (η2

p = 0.08).5 This pattern was reversed in 
the APT: the difference between White-congruent (positive) and 
White-incongruent (negative) trials (η2

p = 0.30) was larger than 
the difference between Black-congruent (negative) and Black-
incongruent (positive) trials (η2

p = 0.05).
Second, response accuracy bias scores were created for 

each individual for each task as p(errors|incongruent)–p(er-
rors|congruent), consistent with previous research (Ito et al., 
2015; Payne, 2005; Wittenbrink, Judd, & Park, 1997), and were 
mean-centered and z-transformed. Response accuracy bias 
scores for the WIT were regressed onto response accuracy bias 
scores for the APT, revealing a modest association, β = 0.23, 
p = .022, R2 = .05.

Third, PDP-Auto and PDP-Control estimates were compared 
across tasks. Standardized task-wide PDP-Control estimates from 
the APT were regressed onto standardized PDP-Control estimates 
from the WIT, revealing a strong association, β = 0.60, p < .001. 
Similar analyses using the PDP-Auto estimates showed what 
seemed to be a much weaker association across tasks, β = 0.09, 
p = .361. To compare the relative magnitude of PDP-Auto and PDP-
Control associations, we used a mixed model in which PDP esti-
mates from the WIT predicted the estimates from the APT, with 
type of estimate (Auto or Control) included as a predictor. The in-
tercept was allowed to vary by participant to account for repeated 
observations. This model produced a significant Estimate × Task 

interaction, β = 0.51, p < .001, f2 = 0.10,6 indicating that the associ-
ation between PDP-Control estimates across the two tasks was 
significantly larger than the association between PDP-Auto esti-
mates (Figure 2). A post-hoc power simulation estimated 98% 
power to detect an interaction of this size, given the sample size.7

3.2 | Study 2

3.2.1 | Preliminary analyses

Mean error rates (and SDs) for each condition of the WIT and APT are 
given in Table 2 and displayed in Figure 1. A significant congruency 
effect (i.e., Prime × Target interaction) was evident in the WIT error 
rates, F(1, 203) = 118.3, p < .001, η2

p = 0.37 (90% CI: [0.28, 0.44]). 
Guns were categorized more accurately than tools following Black 
faces, F(1, 203) = 119.5, p < .001, η2

p = 0.37, (90% CI: [0.29, 0.44]), 
whereas tools were categorized more accurately than guns follow-
ing White faces, F(1, 203) = 8.77, p = .003, η2

p = 0.04 (90% CI: [0.01, 
0.09]). The congruency effect also was significant for APT error rates, 
F(1, 200) = 53.7, p < .001, η2

p = 0.21 (90% CI: [0.13, 0.29]). Accuracy 
categorizing negative and positive words following Black faces did not 
differ, F(1, 200) = 0.00, p = .954, η2

p = 0.00, but positive words were 
categorized more accurately than negative words following White 
faces, F(1, 200) = 102.1, p < .001, η2

p = 0.34 (90% CI: [0.25, 0.41]). 
Thus, patterns of response bias in Study 2 replicated those in Study 1.

5 Although arguably tools are not stereotypically associated with Whites, previous 
research often finds a facilitation of tool responses following White faces (e.g., Payne, 
2005). Therefore, we consider White-tool trials to be bias-congruent. This issue is 
considered further in the discussion.

6 As suggested in Lorah (2018), Cohen’s f2 was used as a measure of effect size for fixed 
effects estimated by a mixed model. Cohen’s f2 was calculated using conditional R2 
(Nakagawa & Schielzeth, 2013) using the MuMIn package in R. Satterthwaite 
approximations were used to estimate degrees of freedom and to obtain two-tailed 
p-values.
7 The simr R package was used to conduct the power simulation for the mixed model 
(Green & MacLeod, 2016).

F I G U R E  1   Accuracy rate as a function 
of task and trial type. Congruent targets 
following Black faces are negative 
words in the APT and guns in the WIT. 
Congruent targets following White faces 
are positive words in the APT and tools 
in the WIT. Error bars represent standard 
error
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3.2.2 | Comparison across tasks

Outcomes from the tasks were compared in the same three ways as in 
Study 1. When comparing patterns of error rates across the tasks, a sig-
nificant Prime × Target × Task interaction emerged, F(1, 200) = 97.32, 
p < .001, η2

p = 0.33 (90% CI: [0.24, 0.40]). As in Study 1, the interac-
tion was characterized by different patterns of implicit bias across the 
tasks, such that the two-way interaction in the WIT was driven primar-
ily by Black-prime trials, whereas the two-way interaction in the APT 
was driven primarily by White-prime trials. The correlation between 
response accuracy bias on the WIT and the APT was larger than in 
Study 1, β = 0.40, p < .001, R2 = .16. Lastly, PDP-Auto and PDP-Control 
estimates were compared across the tasks, replicating patterns found 
in Study 1. PDP-Control estimates from the APT and the WIT were 
highly correlated, β = 0.66, p < .001, whereas PDP-Auto estimates 
seemed to be less highly correlated across tasks, β = 0.30, p < .001. 
As in Study 1, we used a mixed model in which PDP estimates from 
the WIT predicted PDP estimates from the APT, with type of estimate 
(Auto or Control) included as a predictor. The intercept was allowed to 
vary by participant to account for repeated observations. This model 
revealed a significant Estimate × Task interaction, β = 0.35, p < .001, 
f2 = 0.02, indicating a significantly larger association between PDP-
Control estimates across the two tasks than the association between 
PDP-Auto estimates (Figure 2). A post-hoc power simulation estimated 
98% power to detect an interaction of this size, given the sample size.

3.3 | Corroboration of results with the ABC model

One major limitation of the PDP is that it provides a relatively sim-
plistic view of the processes involved in implicit bias task perfor-
mance and does not account for response tendencies or guessing. 
Instead, the PDP assumes that when neither automatic nor con-
trolled processes are active, the tool response is chosen in the Black-
prime trials and the gun response is chosen in the White-prime trials 
(see Payne & Bishara, 2009; Sherman, 2008). Thus, the parameter 

theorized to represent purely automatic processes is confounded by 
response and/or guessing bias (e.g., a tendency to use the response 
key of the dominant hand or a tendency to use the gun response). To 
account for response tendencies, the ABC model has been proposed 
as an alternative to the PDP and estimates a parameter representing 
response bias or guessing (B) that is constrained to be equal across 
different prime types (Stahl & Degner, 2007). To ensure our pattern 
of results was not an artifact of the confound between response bias 
and automatic processes, we additionally fit the ABC model to Study 
1 and Study 2 data. We fit the ABC model to data in both tasks using 
the TreeBUGS R package (Heck, Arnold, & Arnold, 2018), which em-
ploys a Bayesian estimation approach to fit a multilevel extension 
of the model that treats subjects and items as random factors for 
each model parameter (Klauer, 2010). In the model for each task, we 
estimated four parameters: a separate A parameter for each type 
of prime, which theoretically represents the automatic activation of 
associations relevant to that prime, a C parameter, which represents 
controlled processing of the target, and a B parameter, which repre-
sents guessing or response bias.

In both studies, correspondence in the A and C parameters es-
timated by the ABC model across tasks showed a similar pattern 
of results as the PDP. The correspondence in ABC-C estimates 
across tasks in both Study 1, ρ = 0.63 (95% Bayesian Confidence 
Interval [BCI]: [0.47, 0.76]), and Study 2, ρ = 0.69 (95% BCI: [0.59, 
0.77]), was similar to the correspondence in PDP-Control estimates 
across tasks (βs = 0.60 and 0.66 in Study 1 and Study 2, respec-
tively). Correspondence in ABC-A estimates associated with Black 
primes across tasks in Study 1, ρ = 0.23 (95% BCI: [−0.54, 0.76]), 
and Study 2, ρ = 0.53 (95% BCI: [−0.31, 0.82]), and the correspon-
dence in ABC-A estimates associated with White primes across tasks 
in Study 1, ρ = 0.25 (95% BCI: [−0.36, 0.68]), and Study 2, ρ = 0.48 
(95% BCI: −0.08, 0.78]), was smaller than correspondence between 
ABC-C estimates in each task, similar to the pattern seen with PDP-
Control and PDP-Auto estimates. The BCIs are quite large for the es-
timates of correspondence between ABC-A estimates across tasks 
and overlap with the estimates of correspondence between ABC-C 

F I G U R E  2   Slopes representing the 
correspondence between standardized 
task-wide automatic (PDP-Auto or PDP-A) 
and controlled (PDP-Control or PDP-C) 
processing estimates across tasks
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estimates across tasks, so we cannot conclude that the ABC-A esti-
mates correspond to a significantly smaller degree than the ABC-C 
estimates; however, estimates of the ABC-C correspondence across 
tasks are significantly larger than 0 whereas estimates of the ABC-A 
correspondence across tasks are not significantly different from 
0. Importantly, patterns in correspondence of ABC estimates across 
tasks are consistent with patterns seen with PDP estimates. 

4  | DISCUSSION

The primary purpose of these studies was to test the extent to which 
estimates of automatic and control-related processes correspond 
across two sequential priming tasks with identical structural fea-
tures but tapping different kinds of implicit associations with race. 
Patterns of response accuracy bias and PDP estimates of automa-
ticity and control were largely similar across the two experiments, 
increasing our confidence in the replicability of these patterns, al-
though some potentially important differences in the magnitude of 
associations also emerged across the two studies.

Despite structural similarity between the two tasks, patterns 
of bias revealed by the WIT (stereotypic bias) and APT (evalua-
tive bias) were markedly different. Whereas bias in the WIT was 
driven by larger differences between Black-congruent and Black-
incongruent trials, bias in the APT was driven by larger differences 
between White-congruent and White-incongruent trials, suggesting 
the WIT appears to access outgroup stereotypes whereas the APT 
appears to access ingroup preferences. A pattern indicating Black 
prime-driven bias in the WIT is consistent with a response-mapping 
account (Scherer & Lambert, 2009), which posits that extreme stim-
uli that are strongly associated with a particular response displace 
the rating of less extreme stimuli onto the other available response. 
In the WIT, the strength of the stereotypical association between 
Black men and guns likely displaces the “tool” response to the White 
primes, producing an apparent association between White primes 
and tools ungrounded in cultural stereotypes.

In contrast, differential responding to the targets was more evi-
dent following White primes than Black primes in the APT. Quad 
model estimates from the IAT show a similar pattern, such that esti-
mates of White-positive association activation are larger than esti-
mates of Black-negative associations (e.g., Beer et al., 2008; Calanchini, 
Gonsalkorale, Sherman, & Klauer, 2013; Conrey, Sherman, Gawronski, 
Hugenberg, & Groom, 2005; Gonsalkorale, Allen, Sherman, & Klauer, 
2010; Gonsalkorale, Sherman, Allen, Klauer, & Amodio, 2011; 
Gonsalkorale, Sherman, & Klauer, 2009). The current studies extend 
this base of evidence by demonstrating a similar effect using a sequen-
tial priming task, showing a stronger association between Whites and 
positive constructs than between Blacks and negative constructs in 
majority-White, emerging adult samples.

Of greater interest here, comparison of PDP estimates revealed 
that estimates of automatic associations derived from the two tasks 
were only modestly correlated in both studies, consistent with the 
idea that those estimates reflect the influence of different types of 

automatic associations stemming from different learning experiences 
and rooted in distinct neurophysiological systems (Amodio, 2019). 
One implication of this finding, derived from the Multiple Memory 
Systems model of social cognition (Amodio, 2019; Amodio & Ratner, 
2011), is that individual differences in the influence of evaluative bias 
might indicate very little concerning variability in semantic or stereo-
typic bias, and vice versa (see Osborne & Sibley, 2017, for an alterna-
tive approach to identifying individual differences in types of bias).

However, despite differences in their underlying nature, in some 
cases semantic and evaluative associations may not be completely 
decoupled. To many people, for example, handguns are not merely 
semantically associated with young Black men but also have a nega-
tive connotation (although not everyone; see Bartholow, Anderson, 
Carnagey, & Benjamin, 2005), which confounds the gun/tool stereo-
typic association with negative evaluations (Judd, Blair, & Chapleau, 
2004). Thus, the degree to which an individual has both negative 
evaluations of a group and negative stereotypic associations with 
that group could result in a higher correspondence in estimates of 
automatic processing from separate tasks. In contrast, stimuli with 
less conceptual overlap between stereotypic and evaluative associa-
tions (for example, comparing negative evaluative associations with 
positive stereotypic associations between African-Americans and 
music or athleticism) may result in lower correspondence of auto-
matic estimates (see Calanchini et al., 2014).

At the same time, it is important to acknowledge that estimates 
of automatic processing can show low correlations across tasks 
meant to tap the same form of bias. For example, Ito et al. (2015) ad-
ministered three tasks tapping the stereotypic association between 
Blacks and gun violence, including two sequential priming tasks with 
very similar stimuli and timing parameters, and reported correlations 
of r ≤ .16 in their PDP-Auto estimates. Thus, even tasks meant to 
assess the same form of bias produce estimates that are more di-
vergent than convergent, suggesting that even latent variable ap-
proaches meant to overcome the limitations of single-indicator 
approaches (e.g., Cunningham, Preacher, & Banaji, 2001; Ito et al., 
2015; Klauer, Schmitz, Teige-Mocigemba, & Voss, 2010) can provide 
only limited understanding of how learned associations affect biased 
responses across different tasks.

In contrast, the correlation between the PDP-Control estimates 
derived from the two tasks was relatively large (rs = .60 and .66 in 
Studies 1 and 2, respectively), owing to the similarity in the tasks’ 
structural features and response requirements and despite the 
differing associations on which their responses depended. These 
correlations are similar in magnitude to those reported in Ito et al. 
(2015) for the WIT and FPST (r = .61), despite the fact that the tasks 
used here were designed to tap different forms of bias, and similar 
to estimates of correspondence in controlled processing from the 
ABC model (ρs = 0.63 and 0.69). Thus, the current findings extend 
those of Ito et al. by showing that estimates of controlled processing 
across sequential priming tasks are relatively stable regardless of the 
specific types of automatic associations they measure. The high cor-
respondence in PDP-Control estimates between tasks in the current 
studies suggests the same type of control is indexed by PDP-Control 



10  |     VOLPERT-ESMOND ET aL.

in these tasks (suggested to be Common EF in Ito et al., 2015), and 
contributes to gathering evidence that task parameters and struc-
ture are important in determining the type of control-related pro-
cesses that are engaged. A similar pattern would be expected for 
two IATs that separately measure stereotypic and evaluative associ-
ations—given a similar task structure, control-related processes are 
expected to be similar across IATs, whereas automatic associations 
are expected to differ (see Amodio & Devine, 2006; Calanchini et 
al. 2014).

An important additional aim of this research was to attempt to 
replicate patterns of association across two commonly used implicit 
bias tasks in two studies using very similar procedures but differing 
samples. Although observing both stereotypic and evaluative bias 
in sequential priming tasks is commonplace (see Cameron, Brown-
Iannuzzi, & Payne, 2012), and although some previous studies have 
shown that measures of bias or estimates of automatic processing 
vary according to conceptual overlap within versions of the IAT 
(Amodio & Devine, 2006; Calanchini et al., 2014), no previous stud-
ies have specifically examined the extent to which estimates of bias 
and automatic associations correspond across sequential priming 
tasks measuring stereotypic and evaluative constructs. Thus, and 
given recent calls for replication of findings in social cognition (see 
Brandt et al., 2014; Spellman, 2013), we felt it was important to repli-
cate findings across two very similar studies. The overall conclusions 
indicated by the data were quite similar in the two studies, namely, 
(a) that stereotypic accuracy bias was driven mainly by anti-Black 
stereotypes, whereas evaluative accuracy bias was driven mainly by 
pro-White evaluations; and (b) that estimates of automatic process-
ing were correlated much less strongly than estimates of controlled 
processing. However, the second study showed stronger associa-
tions across tasks in both accuracy bias and automatic processing 
estimates than did the first study (though only the latter of these 
associations was significantly larger in Study 2, see Appendix S1). 
Given that the sample was twice as large in the second study com-
pared to the first, this difference could be attributable to reduced 
error variance in the Study 2 data (also see Stanley & Spence, 2014). 
Regardless of the specific reason for the relatively small differences 
across the two studies’ findings, we agree with the recommendations 
of Stanley and Spence, who advocate moving away from a focus on 
verification or refutation of previous results with newer findings and 
toward a cumulative, meta-analytic approach to evidence.

In conclusion, evidence has been mounting that different im-
plicit bias measures tap different underlying automatic associations 
(Amodio, 2014; Amodio & Devine, 2006) and engage different types 
of control-related processes (Ito et al., 2015; Klauer et al., 2010; 
Sherman, 2008). The current findings add to this literature and have 
a number of implications for researchers' decisions concerning mea-
surement of implicit bias. Perhaps most importantly, the current 
findings support and extend recent work indicating that a research-
er's choice of bias tasks should be driven by theoretical consider-
ations of the specific type of bias that is most relevant to measure, 
as well as the type(s) and degree of control-related processing likely 
to influence that measurement. Ultimately, many researchers are 

interested in implicit bias to the extent that it can explain or predict 
real-world behavior. Despite evidence that stereotypic and evalua-
tive bias are separate constructs and contribute to different types of 
behavior (e.g., Amodio, 2019; Amodio & Devine, 2006), researchers 
often rely upon a single implicit bias measure to examine real-life 
consequences of bias or to test the effectiveness of a bias-reduc-
tion training program (e.g., Cameron, Brown-Iannuzzi, & Payne, 
2012; Devine, Forscher, Austin, & Cox, 2012; Greenwald, Poehlman, 
Uhlmann, & Banaji, 2009; Hausmann & Ryan, 2004; Hehman et al., 
2017; Hofmann, Gawronski, Gschwendner, Le, & Schmitt, 2005; 
Lai et al., 2016; Maister, Sebanz, Knoblich, & Tsakiris, 2013; Peck, 
Seinfeld, Aglioti, & Slater, 2013). Use of a single implicit bias measure, 
particularly if selected for convenience or because of researchers' 
own preferences, provides a simplistic picture of the relationships 
between race-related attitudes and stereotypes and other relevant 
constructs.

Additionally, the specific structure of implicit bias tasks must 
be considered carefully. The use of similar timing parameters and 
imposition of a response deadline in the current studies produced 
similarity across tasks in the influence of control-related processes, 
despite differences in the automatic associations they measured. 
Researchers should consider administering several different bias 
tasks and using a latent variable approach to eliminate task-spe-
cific variance, particularly when implicit bias is used as a predictor 
or outcome of real-world behaviors or interventions (Cunningham 
et al., 2001; Ito et al., 2015; Klauer et al., 2010). Careful consid-
eration of the automatic and controlled processes that influence 
behavior in implicit bias tasks are beneficial in the study of the 
real-life consequences of implicit bias and interventions to reduce 
implicit bias.
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