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Summary 

Non-threatening objects are more often misidentified as weapons when people are presented beforehand 

with Black compared to White male faces. This effect of race on object identification is well-established 

and has been reliably replicated using the Weapon Identification Task (WIT). The WIT is a sequential 

priming paradigm which instructs participants to identify target objects (i.e., guns vs. tools) after the 

presentation of face primes varying by race (i.e., Black vs. White males). However, the cognitive 

processes and mechanisms leading to weapon identification bias have been a matter of debate.  

To further elucidate how this racially biased behavior is generated, this dissertation examines 

in three original research articles, respectively, the mechanisms leading to racial bias, the interplay of 

automatic and controlled processes in weapon identification, and the correspondence of different task 

procedures used to assess this effect. Manuscript 1 revealed that racial bias is mainly driven by response 

bias varying by race, meaning a stronger tendency to respond with "gun" after Black compared to 

White male faces. However, if participants engage in racial profiling, target discrimination is additionally 

biased by race. Manuscript 2 compared different process models which differ in their assumptions about 

the nature and temporal interplay of automatic and controlled processes in task performance. The 

Default Interventionist Model (DIM) emerged as the preferred model. The DIM posits an automatic 

initial default response which then may or may not be overcome by subsequent target discrimination 

and conflict resolution processes. Manuscript 3 investigated the correspondence of three implicit 

measures configured to assess the association of Black males with guns: the WIT, the First-Person 

Shooter Task (FPST), and the Implicit Association Test (IAT). All three measures were able to assess 

racial bias. The WIT and FPST displayed overall moderate correspondence in racial bias estimates 

indicating similarity in assessed construct and task procedure. In contrast, the IAT displayed mixed 

correspondence with the other two measures. The latter result may be explained by procedural 

specificities of the IAT such as race category salience and dual-categorization. Taken together, the 

findings of the three manuscripts help to get a better understanding of the complex interplay of cognitive 

mechanisms and processes leading to racial bias in weapon identification.  
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1. Introduction 

Police shootings of unarmed Black men have resulted in more violent deaths compared to other racial 

groups (Kahn & Martin, 2020). Motivated by this disproportionate use of lethal force psychologists have 

investigated the processes leading to racially biased behavior of misidentifying harmless objects as 

weapons and consequently the decision to shoot an unarmed suspect (Correll et al., 2015; Klauer & 

Voss, 2008; Klauer et al., 2015; Payne, 2001; Payne & Correll, 2020). In consequence, psychologists are 

interested in how cultural stereotypes (i.e., the shared knowledge and assumptions about groups) 

influence behavior even when they exist outside of people’s awareness and are not intentionally relied 

upon (Fish & Syed, 2020; Gawronski, 2019; Payne et al., 2017). More specifically, how do stereotypes 

of Black males seen as more aggressive and threatening than non-Black males result in racially biased 

behavior?  

Implicit measures1 are a way to assess the influence of racial stereotypes embedded in cultural 

knowledge. The main idea of these measures is that they capture information about psychological 

attributes (e.g., evaluations, stereotypes) without directly asking for them (Gawronski et al., 2020). 

Participants are typically instructed to identify or categorize stimuli (e.g., words or pictures), but are 

meanwhile exposed to additional stimuli containing race information. This may interfere with task 

performance and lead to biased response behavior. For example, in Payne’s (2001) Weapon Identification 

Task, participants are instructed to identify guns and tools as fast and as correctly as possible, while 

race information is presented by a preceding face prime (i.e., Black vs. White males). While this task 

could reliably show that people tend to misidentify non-threatening objects more often as guns when 

paired with Black faces (Rivers, 2017), the cognitive processes and mechanisms leading to this behavior 

have been a matter of debate (Conrey et al., 2005; Klauer & Voss, 2008; Klauer et al., 2015; Payne, 

Shimizu, & Jacoby, 2005; Todd et al., 2021). For example: Are stereotypes interfering in response 

execution (Gawronski et al., 2010; Payne, Shimizu, & Jacoby, 2005) or are objects actually misperceived 

due to racial context cues (Correll et al., 2015; Klauer et al., 2015)? Furthermore, are stereotype 

associations influencing behavior all the time or only on some occasions (Klauer & Voss, 2008)? 

The goal of this thesis is to get a better understanding of the cognitive processes and mechanisms 

that lead to racially biased behavior in misidentifying weapons and non-threatening objects. I will first 

present the experimental paradigm of the Weapon Identification Task (Payne, 2001; Rivers, 2017) and 

provide a brief overview of research conducted on factors influencing racial bias. I will then discuss 

cognitive processes proposed to influence task performance and then explicate the methodological 

 
1 I refer with the term "implicit measure" to a family of measurement instruments which assess 
information about psychological attributes (e.g., evaluations, stereotypes) without directly asking 
participants for that information (for an overview see Gawronski et al. 2020) 



2  1. Introduction 

approach of the Process Dissociation Procedure (PDP; Jacoby, 1991; Payne, 2001) which has been 

predominantly used to analyze these processes. Subsequently, I provide an overview of the main findings 

of the three manuscripts. Finally, I discuss strengths and limitations of this line of research as well as 

future directions to investigate cognitive processes in weapon identification. 

  

 

 

  



  3 

2. Weapon Identification and Racial Bias 

2.1. The Standard Weapon Identification Task Paradigm 

To assess the influence of racial primes on the perceptual identification of weapons, Payne (2001) 

proposed the Weapon Identification Task (WIT) as a sequential priming paradigm. Figure 1 shows a 

schematic illustration of a critical trial in the WIT. After an initial fixation cross in the center of the 

screen, participants are presented with a race prime (i.e., a face of a Black or White male) followed by 

a target object (i.e., a depiction of a gun or tool) which is then covered by a pattern mask. Participants 

are instructed to identify the target object as "gun" or "tool" as accurately and quickly as possible.  

 

 
Figure 1. Schematic illustration of the temporal order of a critical trial in a standard Weapon 
Identification Task (WIT). Face primes vary by race (typically a Black or a White male face) and target 
objects by object category (typically a tool or a gun object, here taken from Rivers, 2017) from trial to 
trial. The face prime is represented here by a neutral face outline. Manuscripts 1 to 3 analyzed variations 
of the standard paradigm of the WIT. 

 

 

One of the main variations in implementing the WIT is the response time window provided for 

participants (Payne, 2001; Rivers, 2017). A short response time window typically leads to a difference 

in response accuracy and a long response time window typically leads to differences in response times 

for correct object identification. Regarding correct response times, participants identify gun targets 

faster if preceded by Black faces compared to White faces. Regarding error rates, participants misidentify 

tool targets as guns more often if preceded by Black faces compared to White faces. These result 

patterns, reflected in response times and error rates, are known as weapon identification bias (Payne, 

2001; Rivers, 2017; Todd et al., 2021). 

A meta-analysis for the WIT by Rivers (2017) reports a large effect size for error rates (ηp2 = 

.204; 95%-CI = [.151 – .266]; Nstudy = 33) and a medium effect size for correct response times (ηp2 = 

.106; 95%-CI = [.039 – .208]; Nstudy = 15), both with likely evidential value and unlikely being biased 

 

+ 
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by extensive p-hacking according to p-curve analysis. Similarly, a meta-analysis of sequential stereotype 

priming tasks by Kidder et al. (2018) reports for the WIT a small to medium effect size (dZ = 0.46; 

95%-CI = [0.36 – 0.56]; Nstudy = 30) for error rates and correct response times combined. Hence, the 

WIT is able to assess an identification bias for weapons by race. 

  

2.2. Factors Affecting Weapon Identification Bias 

Although the WIT shows a weapon identification bias effect across several studies, its size is moderated 

by a multitude of factors. More specifically, identification bias is influenced by prime characteristics, 

task instructions, experimental manipulations, and individual differences in participants. 

Regarding prime characteristics, the conventional version of the WIT uses Black and White 

adult male faces with emotionally neutral expression as primes (e.g., Amon & Holden, 2016; Correll, 

2008; Klauer et al., 2015; Klauer & Voss, 2008; Lambert et al., 2003; Madurski & LeBel, 2015; Payne, 

2001; Payne et al., 2002; Rivers, 2017). However, several other prime characteristics may lower or 

increase weapon identification bias. For example, the emotional expression of face primes, balanced by 

prime race, modulates identification bias. Additionally angry Black male faces elicit a more pronounced 

weapon identification bias compared to happy Black male faces, which do not elicit any effect (Kubota 

& Ito, 2014). Furthermore, weapon identification bias may vary by other social dimensions of the primes, 

like age and gender. Concerning age, racial weapon identification bias is robust and generalizes across 

age ranging from young Black boys (Todd et al., 2016) to elderly Black men (Lundberg et al., 2018). 

Thus, regardless of age, Black males were associated more strongly with guns than White males. In 

addition, regardless of race, young boys were less associated with guns than adults, whereas young adults 

and elderly men were equally strongly associated with guns (Lundberg et al., 2018; Todd et al., 2016). 

Concerning gender, males are more associated with guns than females, although this effect is qualified 

by race as the gender difference only emerges for Black but not for White faces (Thiem et al., 2019). 

Overall, prime characteristics like emotional expression and social dimensions can modulate weapon 

identification bias. 

 Task instruction and category salience also play a role in WIT performance. Typically, 

participants are instructed to disregard the face primes for object identification (Payne, 2001; Payne et 

al., 2002; Rivers, 2017), but if they are instructed to engage in racial profiling or to explicitly avoid the 

usage of the primes’ race, weapon identification bias is more pronounced (Payne et al., 2002). On the 

other hand, if participants use implementation intentions (i.e., predefined if-then action plans) to think 

"safe" when they see a Black face, weapon identification bias is attenuated (Stewart & Payne, 2008). 

Similarly, category salience modulates weapon identification bias. In a WIT including Black and White 

boys and adults, category salience, induced by a beforehand performed sorting task, led to a stronger 

racial bias in weapon identification when race was made salient in comparison to age (Todd et al., 2021). 
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Hence, variations in instructions and category salience can modulate the effect size of weapon 

identification bias in both directions. 

In addition to instructions, experimental manipulations can attenuate the overall expression of 

errors by influencing cognitive resources and control participants are able to dedicate to the task. For 

example, a shorter response time window (Payne, 2001; Payne et al., 2002), cognitive depletion induced 

by a preceding Stroop task (Govorun & Payne, 2006), and social anxiety induced by announced public 

discussion of task performance (Lambert et al., 2003), all diminish the amount of controlled responding 

in the WIT. This indicates that participants need replenished cognitive resources to reach a high number 

of correct responses. 

In a similar vein, individual differences in cognitive abilities and motivations are connected to 

the performance in the WIT. Ito et al. (2015) report that controlled processes leading to correct responses 

correlate positively with participants’ cognitive executive function abilities entailing response inhibition, 

for example. On a motivational account, participants’ internal motivation to control prejudice tends to 

correlate with controlled responding, whereas external motivation to control prejudice does not (Ito et 

al., 2015; Volpert-Esmond et al., 2020). Hence, individual executive function capabilities and motivation 

to control prejudice can modulate the expression of weapon identification bias. 

Overall, this variability of weapon identification bias and correct responding caused by different 

factors suggests that different cognitive processes play a role in the performance of the WIT. Different 

prime characteristics (e.g., emotional expression, age, gender) and salience of feature dimensions (e.g., 

category salience) lead to a variation in strength of weapon identification bias, which is tied to the 

stereotype associations elicited by automatic processes. Whereas participants’ cognitive resources and 

capabilities (e.g., cognitive depletion level, response inhibition abilities, motivation) relate to overall 

task performance in correct responding, which is tied to executive control processes. In the General 

Discussion, I will come back and discuss how these factors relate to the insights gained by the three 

manuscripts. 
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3. Cognitive Processes in Weapon Identification 

3.1. Cognitive Processes Underlying Implicit Measures 

Implicit measures2, like the WIT, were designed to assess the strength of mental associations3 between 

target groups (i.e., Black and White males) and their ascribed group features (i.e., cultural stereotypes), 

while aiming to minimize the interference of other processes, such as socially desirable responding. 

However, implicit measures are not process pure and reflect other processes besides mental associations 

(Calanchini et al., 2014; Gawronski, 2019; Payne, 2001).  

For the WIT, two types of processes are typically discussed (Payne, 2001; Klauer & Voss, 2008): 

controlled and automatic processes. Controlled processes represent stimulus discrimination efforts that 

rely on cognitive resources and aim at an accurate representation of the target stimulus (i.e., gun or 

tool targets). Automatic processes represent simple associations or habitual responses assumed to be 

effortless, spontaneous, and triggered by the environment (e.g., Black or White face primes) or individual 

preferences (e.g., handedness). Across several studies, racial bias in the WIT was associated with 

automatic processes which trigger a stronger threat stereotype association of Black males compared to 

White males, whereas controlled processes were not influenced by race (Huntinsger et al., 2008; Ito et 

al., 2015; Klauer & Voss, 2008; Lundberg et al., 2018; Payne, 2001; Payne et al., 2002; Todd et al., 

2016; Thiem et al., 2019; but see Klauer et al., 2015). A way to estimate the influence of these different 

cognitive processes is using formal mathematical models that disentangle the contribution of different 

processes in task performance (Gawronski, 2019; Sherman et al., 2010). One of the most prominent 

models used to analyze the WIT is the Process Dissociation Procedure (PDP; Jacoby, 1991; Payne, 

2001). 

 

 

 

 
2 The term "implicit" stimulated a debate in psychological literature due to an inconsistent use of the 
term. For discussions on the meaning of the term "implicit", see Corneille and Hütter (2020), and 
Gawronski and Brannon (2019). In this work, I use the term "implicit measure" in alignment with 
Gawronski et al., (2020, see also, Fazio & Olson, 2003) in reference to a family of measurement 
instruments. 
3 The nature of the mental representations in implicit measures having an associative or propositional 
structure are still a matter of debate (Brownstein et al., 2019; De Houwer, 2009; Mandelbaum, 2016). 
This thesis makes no claims about the nature of the mental representations. However, in alignment with 
previous research on the Weapon Identification Task, these mental representations are referred to as 
associations.  
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3.2. The Process Dissociation Procedure  

The PDP is a formal mathematical model which aims to disentangle the influence of two latent processes 

on task performance in the WIT, labeled controlled responding and automatic response bias (Klauer & 

Voss, 2008; Payne, 2001). The C-Parameter represents the probability of successful controlled processes, 

resulting in correct responses. In contrast, the A-parameter represents automatic response bias, which 

reflects participants’ preference to respond with gun compared to tool. As a prerequisite, the PDP needs 

to be applied to an experimental paradigm which provides frequency data, like the WIT, which records 

participants’ errors and correct responses for gun and tool targets. 

Figure 2 illustrates the cognitive architecture of the PDP in a Multinomial Processing Tree 

(MPT; Riefer & Batchelder, 1988). An MPT depicts different cognitive pathways, or branches, which 

can lead to a target response. In an MPT model, parameters represent probabilities that a process drives 

the response in the one or the other direction. For the PDP, two process pathways can lead to the 

participants’ response pattern. The upper panel of Figure 2 illustrates the process pathways for gun 

targets. In the first pathway, the controlled process succeeds (C), which always leads to a correct target 

discrimination, hence a correct response. In the second pathway, the controlled process fails to 

discriminate the target correctly (1 – C), but the participants’ response bias towards guns (A) gives the 

correct response. Conversely, if the controlled process fails (1 – C), participants’ response bias towards 

tools (1 – A) gives the incorrect response. For a tool target (lower panel Figure 2), the cognitive pathway 

structure is the same, but, in contrast to the gun target condition, response bias towards guns (A) 

results in an incorrect response and response bias towards tools (1 – A) in a correct response. 

To estimate the parameters C and A of the PDP using MPT modeling (for a tutorial, see 

Schmidt, et al., 2023), the observed response frequencies are equated with the expected response 

probabilities of the response categories. The expected response probabilities consist of the sum of branch 

probabilities resulting in the same response. The probability of a branch consists of the product of 

probability parameters of the respective branch. For example, the expected response probability of a 

gun response for a gun target trial consists of the sum of the branch for a successful controlled process 

(C) and the branch for a response bias towards gun if the controlled process fails ((1 – C) ∙ A). This 

results in the model equation: 

 p(gun response | gun target) = C + (1 – C) ∙ A (1) 

An MPT model then formalizes a system of model equations for all response categories for every 

condition. Hereupon, model parameters can be estimated based on the response frequency pattern of a 

given dataset (Heck, Arnold, & Arnold, 2018; Klauer, 2010; Moshagen, 2010; Schmidt et al., 2023). 
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Figure 1. Process Dissociation Procedure (PDP) for the Weapon Identification Task (Figure taken 
from Laukenmann et al., 2023). Parameters C and A denote probabilities of response determination by 
a controlled process and an automatic process, respectively. Note that A is conditional on a failure of 
the controlled process, that is, A represents the conditional probability of response determination by an 
automatic process given controlled process failure. 
 

 

The PDP has often been used to estimate the influence of primes’ race on controlled processes 

(C), which represent successful target discrimination, and automatic processes (A) which represent the 

extent of response bias. Typically, studies on the WIT report that controlled process parameters do not 

vary between Black and White prime faces, but that response bias towards guns is larger following a 

Black than a White face prime (Huntinsger et al., 2008; Ito et al., 2015; Lundberg et al., 2018; Payne, 

2001; Payne et al., 2002; Todd et al., 2016; Thiem et al., 2019; but see Klauer et al., 2015). This pattern 

is interpreted as the result of the influence of automatic stereotype associations elicited by the primes’ 

race. Black males are associated more strongly with danger, and in consequence associated more strongly 

with the gun target. Thus, participants show an increased response bias to respond with gun following 

Black compared to White face primes. 

  

3.3. Investigating the Nature of Cognitive Processes in the 

WIT 

The PDP has been widely used to analyze the influence of different cognitive processes in the WIT (e.g., 

Ito et al., 2015; Klauer et al., 2015; Payne, 2001). Nevertheless, different aspects regarding the 

interpretation of the process parameters need more thorough investigation. That is why, this dissertation 
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investigates the processes underlying the Weapon Identification Task using the Process Dissociation 

Procedure as reference framework.  

Manuscript 1 investigates whether the influence of the primes’ race on participants’ performance 

is mediated by target discrimination or response bias (i.e., C- and A-parameter of the PDP). This is 

tested for participants performing the standard version of the WIT and when they were explicitly 

instructed to engage in racial profiling. Furthermore, Manuscript 1 looks at a basic model assumption 

of the conventionally applied version for the PDP. Specifically, it investigated whether the C-parameter 

in the PDP can be equated across target object conditions or not (Klauer et al., 2015).  

Manuscript 2 investigates the nature and temporal interplay of the processes the PDP-

parameters are assumed to represent. The A-parameter can reflect several automatic processes like the 

activation of racial associations or a guessing tendency. The C-parameter can reflect several controlled 

processes like perceptual target discrimination or conflict resolution if racial associations interfere with 

target identification. Based on that, different psychological process models for the PDP are conceivable, 

which vary by their nature and temporal order they assume for the C- and A-parameter. 

Manuscript 3 investigates the correspondence of the WIT with other implicit measures of racial 

bias, which were developed to measure the association of Black males with weapons and threat: the 

First-Person Shooter Task (FPST; Correll et al., 2002) and the Implicit Association Test (IAT; 

Greenwald et al., 1998) using weapons and tools as stimuli. Beyond comparing task performance directly, 

Manuscript 3 compares different cognitive process models which may be qualified by the different 

procedural setups of these tasks. Hence, the correspondence between parameters reflecting the influence 

of controlled or automatic processes in task performance, can be compared relying on the respective 

appropriate process model for these tasks. 

In the following, I will outline the substantive focus of each manuscript, its methodological 

approach, and the main results. The manuscripts will provide a better understanding about the cognitive 

processes underlying the performance in the Weapon Identification Task and their relation to other 

implicit measures. 
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4. Cognitive Processes Underlying the WIT 

4.1. Manuscript 1: The Influence of Race on Target 

Discrimination and Response Bias 

In the first manuscript, we investigated mechanisms leading to racially biased responding in the WIT. 

Two mechanisms have been proposed to drive racial bias (Klauer & Voss, 2008; Klauer et al., 2015; 

Payne, Shimizu, & Jacoby, 2005; Todd et al., 2021). The first mechanism is discrimination bias, meaning 

that race influences target discrimination by modifying the perception and information extraction from 

the target object. The second mechanism is response bias, meaning that primes elicit an additional 

stream of information of threat-stereotype-based associations which leads response bias to vary by race. 

Both explanations are plausible mechanisms for how prime race can affect participants’ task 

performance, and they are not mutually exclusive.  

If discrimination bias drives racial bias in the WIT, then prime race affects perception and 

interpretation of parts of the target objects. Specifically, prime race provides stereotype-biased context 

cues to resolve perceptual ambiguity in object discrimination. For example, a metal tube might be more 

easily interpreted as the barrel of a gun after Black male face primes and more easily as the shaft of a 

screwdriver after White male face primes (Klauer et al., 2015; Klauer & Voss, 2008; Payne, Shimizu, & 

Jacoby, 2005). If response bias varies by prime race, threat-stereotypes triggered by the primes’ race 

elicit an additional stream of information, alongside the information from the target object, resulting in 

a stronger preference to respond with "gun" after Black faces and with "tool" after White faces. Previous 

studies found support for racial bias mediated by response bias (Klauer & Voss, 2008; Payne, Shimizu, 

& Jacoby, 2005; Todd et al., 2021), whereas evidence for discrimination bias is mixed. Some studies 

report support for this mechanism (Klauer et al., 2015) but others do not (Payne, Shimizu, & Jacoby, 

2005; Todd et al., 2021). 

A feasible way to investigate these mechanisms is using the PDP as both mechanisms map on 

different process parameters (Klauer et al., 2015). While discrimination bias is represented by controlled 

processes mapping on the C-parameter, response bias is represented by automatic processes mapping on 

the A-parameter. More specifically, if threat-stereotype associations influence response bias, this should 

lead to a higher preference to respond with "gun" after Black face primes (B) compared to White face 

primes (W), hence in a larger A-parameter in the Black compared to the White face prime condition 

(i.e., AB > AW). If race biases target discrimination, the C-parameter should vary across prime and 

target conditions. Specifically, Black face primes should enhance the target discrimination for guns (G) 

compared to tools (T), resulting in a larger C-parameter in the gun compared to the tool target condition 

(i.e., CBG > CBT). In contrast, White face primes should enhance the target discrimination for tools (T) 

compared to guns (G), resulting in a larger C-parameter in the tool compared to the gun target condition 
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(i.e., CWG < CWT). Please note that the conventional version of the PDP applied to the WIT typically 

estimates only four parameters (i.e., CB, CW, AB, and AW), hence the C-parameter estimates are 

normally restricted across target object conditions. To develop a generalized PDP variant which allows 

the C-parameter to vary across prime and target conditions, one can gain more degrees of freedom for 

modeling by including an additional within-subjects manipulation that selectively affects response bias 

but leaves target discrimination unaffected (Klauer et al., 2015). 

We conducted two studies in Manuscript 1, testing whether racial bias in the WIT is mediated 

by target discrimination, response bias, or both. In both studies, we implemented an additional within-

subjects manipulation which consisted of a base-rate manipulation for target objects. This results in two 

experimental blocks, one with more gun than tool targets (70%:30%) and the other vice versa 

(30%:70%). The first study applied a standard WIT instructing participants to identify gun and tool 

targets while disregarding the prime faces. The second study applied a standard WIT as a control group 

and an experimental group explicitly instructed to rely on racial profiling in weapon identification. We 

used the R package TreeBUGS (Heck et al., 2018) to estimate the generalized PDP as a hierarchical 

latent-trait MPT model. Parameter estimates for the generalized PDP are listed in Table 1. 

 
Table 1. Parameter estimates for generalized PDP model of Study 1 and 2 of Manuscript 1 

 
Study 1 Study 2 

 Control group Racial profiling group 

Parameter Mean 95%-BCI Mean 95%-BCI Mean 95%-BCI 

CB,G .306 [.255 – .358] .381 [.329 – .435] .402 [.347 – .458] 

CB,T .202 [.149 – .257] .279 [.223 – .335] .236 [.180 – .294] 

CW,G .320 [.273 – .366] .365 [.315 – .417] .284 [.233 – .332] 

CW,T .221 [.166 – .273] .288 [.229 – .344] .309 [.245 – .369] 

CB,G/CB,T 1.544 [1.167 – 2.078] 1.377 [1.109 – 1.735] 1.725 [1.348 – 2.233] 

CW,G/CW,T 1.470 [1.127 – 1.956] 1.278 [1.047 – 1.576] 0.928 [0.741 – 1.144] 

CIA 1.064 [0.752 – 1.463] 1.085 [0.830 – 1.384] 1.877 [1.373 – 2.549] 

AB,MG .766 [.743 – .789] .770 [.745 – .794] .784 [.755 – .810] 

AW,MG .723 [.696 – .749] .750 [.723 – .776] .728 [.699 – .756] 

AB,MT .217 [.197 – .239] .230 [.207 – .254] .271 [.242 – .300] 

AW,MT .183 [.164 – .203] .180 [.162 – .200] .201 [.179 – .223] 

AB,MG/AW,MG 1.059 [1.020 – 1.103] 1.027 [0.993 – 1.063] 1.078 [1.027 – 1.128] 

AB,MT/AW,MT 1.187 [1.061 – 1.326] 1.280 [1.141 – 1.432] 1.352 [1.155 – 1.564] 

Note. C = controlled process, A = automatic process, B = Black prime, W = White prime, G = Gun 
target, T = Tool target, MG = More Guns base-rate condition, MT = More Tools base-rate condition. 
CIA = (CB,G/CB,T)/(CW,G/CW,T). BCI = Bayesian Credibility Interval. 
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Across both studies, results indicated an effect on response bias varying by race. The ratio of 

the A-parameters by race (i.e., AB/AW) were reliably larger than one except for the more guns base-

rate condition of the control group in Study 2. However, no interaction of the C-parameter by prime 

and target conditions emerged for Study 1 and the control group of Study 2. This interaction is 

represented by taking the ratio of the C-parameter for gun and tool targets in the Black prime condition 

divided by its respective counterpart in the White prime condition (i.e., CIA = 

(CB,G/CB,T)/(CW,G/CW,T)). However, for the racial profiling group in Study 2, this interaction was 

reliably greater than one, which indicates that prime race biases target discrimination. To reiterate, race 

moderated response bias across studies, whereas discrimination bias only emerged when participants 

were explicitly instructed to use the primes’ race for target identification. 

Our findings align well with previous findings, reporting response bias as a major mechanism 

driving racially biased responding in the WIT (Klauer & Voss, 2008; Todd et al., 2021). This means 

that primes’ race automatically elicits threat-stereotype associations creating a second stream of 

information providing a response alternative besides information extracted from the target object. 

Hence, racially biased responses in the WIT emerge when target discrimination was not successful 

(Payne, Shimizu, & Jacoby, 2005; Klauer & Voss, 2008). Furthermore, our findings suggest that primes’ 

race does not influence target discrimination in the standard version of the WIT, but it does if 

participants engage in racial profiling. This can explain the diverging findings in literature as some 

authors reported racially biased target discrimination (Klauer et al., 2015) but others did not (Todd et 

al., 2021). For example, participants might spontaneously engage in racial profiling as response strategy 

even if researchers had not instructed them to do so. 

From a modeling perspective, Manuscript 1 also investigated the assumption of the 

conventionally used PDP to restrict the C-parameter across target object conditions, which results in 

one controlled process parameter for Black primes and another for White primes (i.e., CB, and CW). 

This is the most widely used specification of the PDP when applied to the WIT (e.g., Huntsinger et al., 

2009; Ito et al., 2015; Payne, 2001; Payne et al., 2002; Thiem et al., 2019). In our studies, the C-

parameter did not vary as a function of target and prime in the standard version of the WIT. This lends 

support for the conventional PDP specification to restrict the C-parameter across target object 

conditions. However, this assumption may be violated if participants rely on primes’ race as context cue 

for object identification, because the C-parameter varied as a function of target and prime in the racial 

profiling condition. Hence, researchers should take into account whether possible experimental 

manipulations might lead to violations in the assumptions of the conventionally used parameter 

restrictions for the PDP. 

Complementing the main research question in Manuscript 1, these findings also inform whether 

an alternative model specification to the conventional PDP is advisable if only the standard four 
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conditions of the WIT are available (i.e., Black versus White primes crossed with guns versus tools). In 

addition to the conventionally used form of the PDP, which estimates the four parameters (i.e., CB, CW, 

AB, and AW) an alternative model specification is conceivable. Specifically, this alternative PDP model 

restricts C-parameters across primes resulting in two separate C-parameters for guns and tools next to 

two separate A-parameters for Black and White primes (i.e., CG, CT, AB, and AW). Consequently, this 

model allows for a main effect of the target object on controlled responding instead of prime race. This 

main effect of target object on controlled responding was observed in Study 1 and the control group of 

Study 2. Participants had larger C-parameters for gun trials compared to tool trials whereas prime race 

showed no main effect on the C-parameters. Thus, the current evidence best supports the alternative 

PDP (with CG, CT, AB, and AW) compared to the conventional PDP.  

In addition, we like to point out, that the specification of the C-parameters in the PDP 

influences the estimates for AB and AW. This is crucial, as for example if the alternative PDP is the true 

model for the standard WIT paradigm, the estimates for AB and AW of the conventional PDP might be 

biased. This can be demonstrated by plugging in the expected error rate probabilities resulting from the 

alternative PDP model in the equations for the conventional PDP model. The model equations for error 

rates in the conventional PDP are:  

 p(tool response | Black prime, gun target) = (1 – CB) ∙ (1 – AB,conventional) (2) 

 p(gun response | Black prime, tool target) = (1 – CB) ∙ AB,conventional (3)  

 p(tool response | White prime, gun target) = (1 – CW) ∙ (1 – AW,conventional) (4) 

 p(gun response | White prime, tool target) = (1 – CW) ∙ AW,conventional (5) 

The model equations for error rates in the alternative PDP are: 

 p(tool response | Black prime, gun target) = (1 – CG) ∙ (1 – AB,alternative) (6) 

 p(gun response | Black prime, tool target) = (1 – CT) ∙ AB,alternative (7)  

 p(tool response | White prime, gun target) = (1 – CG) ∙ (1 – AW,alternative) (8) 

 p(gun response | White prime, tool target) = (1 – CT) ∙ AW,alternative (9) 

So, to demonstrate how AB,conventional relates to AB,alternative, one can equate the ratio of errors 

on tool to gun targets between the different model specifications (i.e., Equation (2)/Equation (3) = 

Equation (6)/Equation (7)) and solve it by AB,conventional. This results in the following equation: 

   AB,conventional = ((1 – CT) ∙ AB,alternative)/(((1 – CG) ∙ (1 – AB,alternative)) – ((1 – CT) ∙ AB,alternative)) (10) 

The same equation is true for the AW-parameters as Equations (4), (5), (8), and (9) are 

structurally analogous to Equations (2), (3), (6), and (7). Overall Equation (10) reveals that 

AB,conventional is equal to AB,alternative when the C-parameter does not vary by target object (i.e., CG = 
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CT). But if the C-parameter varies by target object (i.e., CG ≠ CT) the estimate for AB,conventional is 

skewed. In specific, if the C-parameter for gun targets is smaller than for tool targets (i.e., CG < CT), 

it leads to a smaller estimate of AB,conventional compared to the initial value of AB,alternative. In contrast, 

if the C-parameter for gun targets is larger than for tool targets (i.e., CG > CT), it leads to a larger 

estimate of AB,conventional compared to the initial value of AB,alternative. For example, assuming a larger 

C-parameter for gun than tool targets CG = .30 and CT = .20, as found in Study 1 and the control 

group of Study 2, and assuming typically observed A-parameter values AB,alternative = .60 and 

AW,alternative = .50 (Ito et al., 2015; Klauer et al., 2015; Payne, 2001) for the alternative PDP, this 

results in larger A-parameter estimates in the conventional PDP: AB,conventional = .632 and 

AW,conventional = .533. However, the difference score between AB and AW is similar, but nevertheless 

slightly underestimated in the conventional PDP if CG > CT.  

In sum, researchers should note that if controlled processes vary by target objects (e.g., higher 

controlled processing for gun targets), then the conventional PDP may result in biased A-parameter 

estimates. Thus, if applying the PDP to the standard paradigm of the WIT (Black versus White 

primes crossed with guns versus tools), the alternative PDP may provide a better representation of 

processes estimates than the conventional PDP.    

Returning back to the overall conclusions of Manuscript 1, apart from PDP model specification, 

the first manuscript identified response bias as the main mechanism driving racial bias in the WIT, 

whereas discrimination bias only became important when participants used primes’ race for object 

identification. Nevertheless, the specific nature and temporal interplay of the automatic and controlled 

processes in the WIT remain unspecified in Manuscript 1. We therefore investigated these aspects in 

Manuscript 2.  

 

4.2 Manuscript 2: Psychological Process Models for the WIT  

The goal of the second manuscript was to investigate the nature and interplay of the cognitive processes 

influencing task performance in the WIT. The PDP estimates the probabilities of controlled and 

automatic processes but remains agnostic about their psychological characteristics as well as their 

temporal sequence. Conrey et al. (2005) discussed four potential cognitive determinants leading to 

responses in the WIT: the general ability to discriminate gun and tool objects, the activation of racial 

stereotype associations, the ability to resolve response conflicts between racial associations and target 

identification (so-called overcoming bias), and the guessing tendency towards one of the response 

options. These four cognitive determinants closely relate to the controlled and automatic processes in 

the PDP. More precisely, target discrimination and response conflict resolution reflect controlled 

processes, whereas stereotype association activation and guessing tendency reflect automatic processes 

(Conrey et al., 2005; Klauer & Voss, 2008; Sherman, 2006). Moreover, these processes may run in parallel 
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or in sequence, as the PDP states that the automatic process only drives the response when the 

controlled process fails. Consequently, this reflects a conditional relation, which does not imply that 

automatic processes follow controlled processes in a temporal fashion. In fact, several psychological 

process models based on the PDP are conceivable, relying on different assumptions about the nature 

and interplay of the cognitive processes. 

Based on Evans (2007), Klauer and Voss (2008) discussed four different psychological process 

models for the WIT which are all instantiations of the PDP: the Preemptive Conflict-Resolution Model 

(PCRM), the Default Interventionist Model (DIM), the Parallel Competitive Model (PCM), and the 

Guessing Model (GM). The PCRM assumes a preemptive decision before every trial whether either the 

controlled or the automatic process will determine the response. The DIM assumes that an automatic 

default response is always activated first providing a response which then may or may not be overcome 

by a conflict resolution process. The PCM assumes that automatic and controlled processes run in 

parallel, both providing a response, sometimes requiring a subsequent conflict resolution process if they 

provide diverging responses. The GM assumes that the controlled process determines the response, but 

if it fails to do so, the response is determined by guessing. Overall, these process models possess the 

same conditional process structure of the PDP based on the accuracy pattern of responses, but they 

differ in their assumptions for the relative latencies of process branches. Previous work, which relied on 

the comparison of overall response times for correct and false responses across conditions, indicated 

support for the PCRM and DIM but was unable to determine a final preference for one or the other 

(Klauer & Voss, 2008). 

In Manuscript 2, we conducted a comparison of these four process models by reanalyzing 

previously published data sets of the WIT. To compare these process models, we formalized them in the 

framework of response time-extended Multinomial Processing Tree models (MPT-RT; Heck & Erdfelder, 

2016). This allows us to jointly estimate the core parameters C and A of the PDP as well as parameters 

representing the relative latency of each processing branch. In addition, the MPT-RT approach can test 

different sets of equality constraints and order restrictions on the parameters (Knapp & Batchelder, 

2004) as those implied by the four process models. For our model comparison, we reanalyzed eight data 

sets of the WIT in its conventionally used version which relies on Black and White male faces as primes 

without any other experimental manipulation.  

In our first model comparison we specified each process model as MPT-RT with order 

restrictions implemented on latency parameters respective to each models’ assumptions. Results from 

the first comparison were clear-cut: the models for the DIM and PCRM provided acceptable model fit. 

In contrast, the models for the PCRM and GM provided blatant model misfit across all data sets. Both 

models, the DIM and PCRM, assume fast automatic and slow controlled process branches. Hence, the 

reason for their good model fit is that they both are able to predict fast error and slow correct response 
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latencies as typically observed in the WIT. The models for PCM and GM have difficulty accommodating 

this response pattern. Overall, the results of the first model comparison replicated the findings of Klauer 

and Voss (2008), showing a preference for the DIM and PCRM as process models underlying the WIT. 

Our second model comparison investigated additional assumptions by restricting latency 

parameters across prime and target conditions. This provides more degrees of freedom for model 

estimation. These restrictions were later implemented in the third model comparison conducted to 

differentiate the DIM and PCRM. To be specific, our second model comparison investigated whether 

automatic process branches are equally fast independent of prime race and target object condition. This 

assumption is plausible as automatic associations are instantly triggered by the prime and thus are 

independent of the following target object. Additionally, even if relative response latencies of automatic 

process branches slightly differ, this difference should be negligible compared to the relatively slow 

controlled process branch latencies. Regarding controlled process branch latencies, we investigated 

whether controlled process branches differ by target type but not prime race. This assumption is 

plausible as participants tend to show faster correct responses for gun than tool targets (Payne, 2001). 

The difference may be driven by a threat-superiority effect leading to a faster identification of gun 

targets (Rivera-Rodriguez et al., 2021; Subra et al., 2018). Furthermore, this assumption is in accordance 

with the previous finding in Manuscript 1 that target discrimination is not affected by prime race for 

the standard version of the WIT. Results of the second model comparison showed that these restrictions 

on latency parameters of automatic and controlled processes resulted in models with acceptable model 

fit across almost all data sets. 

The goal of the third model comparison was to determine whether the PCRM or the DIM 

provides better model fit for the WIT while relying on the additional assumptions tested in the second 

model comparison. For comparing the PCRM and DIM, we implemented an additional latency order 

restriction for the DIM. Specifically, the DIM assumes that an automatic default response is elicited at 

the beginning of each trial which then may or may not be overcome by a conflict resolution process. In 

consequence, there exist two types of controlled process branches: one branch where automatic default 

response and the to-be-identified target are congruent and the other branch where automatic default 

response and the to-be-identified target are incongruent. Hence, the later branch needs additional process 

time for resolving the response conflict. This leads to three process branches with different relative 

latencies: the fastest for automatic process branches, intermediate for controlled process branches with 

a congruent default response and the slowest for controlled process branches with an incongruent default 

response. In contrast, the PCRM assumes that controlled process branches do not vary in processing 

time. Because a preemptive decision determines whether the response is given by either the relatively 

slower, controlled process branches or the faster, automatic process branches. Results of the third model 
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comparison showed that both models fit well to nearly all data sets. But additionally, the DIM was 

preferred over the PCRM for the majority of data sets.  

The preference for the DIM as a process model for the WIT aligns well with previous findings. 

The DIM posits that automatic stereotype associations are elicited at the onset of every trial followed 

by controlled processes. These controlled processes entail target identification and response conflict 

resolution if the default response and the to-be-identified target are incongruent. The DIM can explain 

the persistence of racial bias when participants’ overall accuracy is high, and when weapon identification 

bias is reflected in correct response times (Klauer & Voss, 2008). For example, a faster response to gun 

targets after a Black male face may be the result of less cognitive conflict in comparison to tool targets. 

Additional support comes from research on brain region activation after seeing Black and White faces 

(Cunningham et al., 2004). Specifically, short presentation of faces led to a higher amygdala activation 

for Black than White faces. This activation of the amygdala is associated with higher emotionality and 

perceived threat. However, a longer presentation of faces revealed no difference in amygdala activation 

but increased activity for the dorsolateral prefrontal cortex and the anterior cingulate. Both are 

associated with controlled processing. In line with the DIM, this suggests that at first emotional reaction 

and threat associations are instantly activated but later controlled processes can inhibit and modulate 

these associations. By implication, cognitive capabilities may modulate the expression of weapon 

identification bias as target identification and conflict resolution require cognitive resources. As 

mentioned before, a shorter response time window (Payne, 2001; Payne et al., 2002), cognitive depletion 

(Govorun & Payne, 2006), and social anxiety (Lambert et al., 2003) led to less controlled responding. 

In addition, the important role of conflict resolution capabilities is substantiated by the fact that 

controlled processing in the WIT correlates with participants’ general cognitive executive function 

abilities, for example, response inhibition abilities (Ito et al., 2015) and the internal motivation to control 

prejudice (Volpert-Esmond et al, 2020). 

In conclusion, Manuscript 2 identified the Default Interventionist Model as the preferred model 

to describe the interplay of cognitive processes in the Weapon Identification Task. This implies that 

automatic process branches are faster than controlled process branches. Primes elicit an automatic 

default response moderated by racial threat-stereotype from the outset of each trial. In consequence, 

besides target object identification, response conflict resolution processes play a vital role in task 

performance of the WIT.  

 

4.3. Manuscript 3: Correspondence of Cognitive Processes 

Underlying Different Implicit Measures of Racial Bias  

Manuscript 1 and 2 took a thorough look at the mechanisms driving racial bias in the WIT as well as 

how underlying cognitive processes interact. Manuscript 3 broadens the perspective and investigates 
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how the WIT relates to other implicit measures of racial threat-stereotypes. More specifically, 

Manuscript 3 addressed the process-level correspondence of the WIT, the First-Person Shooter Task 

(FPST; Correll et al., 2002), and the Implicit Association Test (IAT; Greenwald et al., 1998). This is 

done by applying Multinomial Processing Tree models tailored to the three tasks to the same sample of 

participants. 

 Previous work on correspondence among different implicit measures revealed rather weak or 

even zero correlations between different implicit measures of racial bias (Bar-Anan & Nosek, 2014; 

Cunningham et al., 2001; Glaser & Knowles, 2008; Ito et al., 2015; Olson & Fazio, 2003; Payne, 2005). 

This is surprising for measures designed to assess a common construct. However, even when implicit 

measures are configured to assess a common construct, a wide variety of procedural differences among 

measures remains such as stimulus materials, response time limits, number of trials, task instructions, 

and stimulus presentation procedures. These differences in task procedures may determine which 

processes influence the performance in implicit measures (Gawronski et al., 2010). Consequently, 

procedural differences may result in weak correlations between implicit measures configured to assess a 

common construct.  

In Manuscript 3, we aligned the three measures: WIT, FPST, and IAT across several procedural 

dimensions (e.g., using the same stimulus materials, imposing the same response time limit, and 

implementing the same number of trials). Nevertheless, other procedural aspects are unique to each of 

these tasks, for example, instructions and stimulus presentation procedures as detailed in the following. 

The WIT is a priming paradigm displaying the target object (e.g., guns vs. tools) after a preceding 

target group prime (e.g., Black vs. White male faces). Hence, primes and targets are presented 

sequentially. Furthermore, in the standard version of the WIT, participants are told to identify the 

target object while disregarding the face prime (Payne, 2001). The FPST is a search task displaying a 

member of the target group as a full body image (i.e., Black vs. White males) either armed (e.g., holding 

a gun) or unarmed (e.g., holding a cell phone). Target subjects are presented on different background 

scenes with changing positions on the screen. Hence, target groups and objects are presented 

concurrently (Correll et al., 2002). Alternatively, simplified versions of the FPST present pictures of 

faces paired with the target object superimposed or positioned side-by-side (Correll et al., 2014; Plant 

et al., 2005; Unkelbach et al., 2008). Regarding task instructions, participants are instructed to decide 

whether to "shoot" or "don’t shoot" at a presented target subject. The IAT is a dual-categorization 

task presenting participants with two stimulus types: target groups (e.g., faces of Black and White male 

faces) and target attributes (here: objects representing threat and safety like guns versus tools) in a 

mixed, random order. Hence, target groups and objects are presented serially. Participants are instructed 

to categorize the displayed target stimuli, that is, target faces as Black or White and target objects as 

gun or tool. Crucially, in one IAT block one target group shares a response key with one target attribute 
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(i.e., Black/gun) and the other target group shares a response key with the other target attribute (i.e., 

White/tool). However, in another IAT block key pairings are switched (i.e., Black/tool, and White/gun). 

Hence, depending on target group and attribute pairing categorization is facilitated or hampered in 

performing the IAT. To recapitulate, these three measures inherently differ in their task instructions 

and stimuli presentation procedures. Regarding tasks instructions, participants are either instructed to 

identify the target object (WIT), to "shoot" or "not shoot" at a target subject (FPST), or to categorize 

target groups and attributes. Regarding stimulus presentations, stimuli are presented sequentially 

(WIT), concurrently (FPST), or serially (IAT). 

These procedural differences may obscure correspondence among measures as different processes 

might contribute to responding. As mentioned before, MPT modeling allows to disentangle the joint 

contribution of multiple cognitive processes, as demonstrated with the PDP in Manuscripts 1 and 2. 

Nevertheless, other MPT models beside the PDP have been proposed to represent the cognitive process 

structure for implicit measures assessing racial bias. In total, we investigated seven MPT-models in 

Manuscript 3: the PDP (Payne, 2001) and its extended version including an additional guessing 

parameter (PDP+G; Bishara & Payne, 2009), the Quad model (Conrey et al., 2005) with its traditional 

specification assuming a different direction for stereotype-associations (i.e., Black males with guns, and 

White males with tools), the Quad model with an exploratory, egalitarian specification assuming the 

same direction for stereotype-associations (i.e., Black males with guns, and White males with guns), the 

Stroop model (Lindsay & Jacoby, 1994) and its extended version including an additional guessing 

parameter (Stroop+G; Bishara & Payne, 2009), and the Stereotype Misperception Task model (SMT; 

Krieglmeyer & Sherman, 2012). To investigate differences in cognitive process structure for these three 

measures, we estimated each model for each measure separately and assessed their model fit. In a 

subsequent step, we took the best fitting model for each measure and combined them in a single joint 

model. This joint model allows to investigate the correspondence between measures for parameters 

representing controlled and automatic processes as well as racial bias estimates calculated as the 

difference between automatic process parameters for Black and White male faces. 

We conducted one experiment in Manuscript 3. In this experiment, participants completed a 

WIT, an FPST, and an IAT designed to assess threat-stereotypes towards Black and White males. The 

three measures were presented in a random order. To minimize procedural differences between measures, 

we aligned stimulus materials (i.e., the same Black and White male faces; the same drawings of guns 

and tools), number of critical trials (Ntrials = 240), and response time limit (i.e., 700ms after target 

object onset) across measures. In addition, we added a neutral face prime consisting of the outline of a 

face to all measures. We did so to obtain more degrees of freedom in MPT-modeling. Importantly, this 

led to three face-pairings for the IAT (i.e., Black-White, Black-neutral, and White-neutral) which were 

administered in random order. 
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For all three measures racial bias emerged in error rates. However, correlation analysis for racial 

bias in error rates only revealed a weak correlation between the WIT and FPST (r = .18, p < .001), 

but no significant correlation emerged for the IAT with the other two measures. To investigate whether 

correspondence between measures was obscured by the influence of multiple cognitive processes, we 

applied MPT modeling to disentangle these processes. 

First, we compared different MPT models for each measure to check for differences in cognitive 

process structure. Model estimation revealed acceptable fit across measures for control process-dominant 

MPT models (WIT: PDP and traditional Quad model; FPST: PDP; IAT: PDP, PDP+G and egalitarian 

Quad model). However, none of the automatic process-dominant MPT models (Stroop, Stroop+G, and 

SMT) revealed acceptable model fit. Model comparison indices revealed a preference for the PDP across 

all measures. Indicating that these measures can all be represented well by a relatively simple MPT 

model like the PDP. However, a more complex model like the Quad model that disentangles target 

identification and response conflict resolution can be viable for the WIT and IAT. 

To investigate correspondence between measures, we submitted the PDP model for each 

measure in one joint model estimation. This allows to include estimates for parameter correlations 

directly in the modeling process (Heck, Arnold, & Arnold, 2018; Klauer, 2010). The joint model showed 

that the C-parameter, hence controlled processes leading to correct responding, correlated strongly 

among measures. Similarly, the A-parameter, hence the general tendency to respond with "gun" in 

comparison to "tool", correlated moderately to strongly among measures. Regarding racial bias 

estimates, calculated as the difference between A-parameters for Black and White male faces, they 

correlated moderately between the WIT and FPST (r = .38, 95%-BCI [.09 – .66]). But no correlation 

between the IAT with the other two measures emerged (both rs ≤ .16). Surprisingly, weak to moderate 

correlations emerged between the racial bias estimate of the IAT and C-parameters of the WIT (r = 

.26, 95%-BCI [.02 – .52]) and FPST (r = .34, 95%-BCI [.09 – .60]). Subsequent exploratory analysis 

revealed that this correlation was driven by responses to faces in the IAT-block directly contrasting 

Black and White male faces4.

Overall, these results align well with previous findings reporting correspondence between racial 

bias estimates of the WIT and FPST (Ito et al., 2015) but low correspondence of the IAT with other 

racial bias measures (Ito et al., 2015; Olson & Fazio, 2003). This was even true when aligning measures 

across several procedural dimensions (i.e., stimulus materials, number of trials, and response time limits). 

The WIT and FPST are both configured to assess how race influences the fast behavioral response to 

guns and non-threatening target objects. Furthermore, both seminal articles introducing these 

paradigms explicitly refer to the behavior of police officers in shooting unarmed Black men (Correll et 

 
4 The exploratory joint PDP-model is available at: https://osf.io/2whze/ 

https://osf.io/2whze/
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al., 2002; Payne, 2001; Payne & Correll, 2020). Although the WIT and FPST differ in stimulus 

presentation order (simultaneous vs. concurrent) and style (isolated stimulus in the center of the screen 

vs. with different backgrounds, full-body images, and different screen positions), they are able to assess 

a similar construct.  

In contrast, the WIT and IAT differ on two crucial procedural dimensions: category salience 

and task instruction. In the standard WIT race is not made salient, but in the IAT participants are 

explicitly instructed to categorize faces by race in addition to categorizing target objects as guns or 

tools. Hence, race is made salient and directly contrasted in the IAT which may influence how stereotype 

associations are processed. For example, Olson and Fazio (2003) compared correspondence between an 

Evaluative Priming Task (EPT), a sequential priming paradigm which assesses positive evaluations 

toward Black and White males, with a Black-White evaluations IAT. The EPT and IAT only showed 

correspondence for participants who were manipulated to pay attention to race in the EPT. This 

indicates that race salience influences processing style in sequential priming paradigms, potentially 

shifting from an exemplar-based stereotype association to a race category-based stereotype association 

(Gawronski et al., 2010; Olson & Fazio, 2003). Hence, as race category is salient in the IAT but not in 

the WIT, this might explain the lack of correspondence in racial bias estimates between these measures.  

Besides category salience, task instructions strongly differ between WIT and IAT. In the WIT 

participants are instructed to solely identify the target object, whereas in the IAT participants are 

performing dual-categorization of target objects and faces. This can lead participants to rely on recoding 

while responding. Recoding5 means that stimulus categorization in the IAT does not rely on the four 

categories but simplifies them into two categories. For example, categorizing Black male faces as 

threatening together with gun targets, and White male faces as non-threatening together with tool 

targets reduces the IAT to a simple binary decision: threatening or not? This simplification might be 

easier for one IAT block (e.g., Black-guns) compared to the other block (e.g., Black-tools), resulting in 

less errors in one than the other block, which represents a racial bias effect (Meissner & Rothermund, 

2013). In the PDP, recoding effects map on the A-parameter together with automatic stereotype-

associations. This might explain the correspondence between the C-parameter of the WIT and FPST 

with the racial bias estimate for responses to faces in the Black-White IAT block, because recoding 

processes might be more pronounced for people with higher cognitive abilities (Meissner & Rothermund, 

2013; von Stülpnagel & Steffens, 2010).

In conclusion, Manuscript 3 investigated the correspondence of three implicit measures 

configured to assess the threat-stereotypes for Black and White males: the WIT, FPST, and IAT. This 

comparison revealed that participants’ capability to respond correctly generalizes across measures. In 

 
5 In accordance with Meissner and Rothermund (2013), I don’t make any strong claim whether recoding 
is based on a deliberate strategy or on implicit learning. 
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addition, their tendency to respond with "gun" compared to "tool" persists across measures. However, 

measures diverged in their correspondence for the racial bias estimate. The WIT showed moderate 

correspondence to the FPST, both relying on race as a non-salient, goal-independent category that 

biases responses. In contrast, the WIT and IAT showed virtually no correspondence. This might be due 

to a difference in the assessed construct, as the WIT (and the FPST) probably measure a more 

spontaneous interference of stereotype associations based on the exemplar (Gawronski et al., 2010) and 

the IAT probably measures a more category-related stereotype construct due to category salience (De 

Houwer, 2001). 



  23 

5. General Discussion 

This dissertation examined the mechanisms and the nature of cognitive processes underlying racially 

biased weapon identification. Specifically, this line of research mainly focused on the Weapon 

Identification Task (WIT; Payne, 2001). The WIT is a sequential priming paradigm designed to assess 

the influence of racial threat-stereotypes on identifying threatening (e.g., guns) and non-threatening 

(e.g., tools) objects. For investigating underlying processes, we mainly implemented the Process 

Dissociation Procedure (PDP; Jacoby, 1991; Payne, 2001). The PDP is a dual-process model which 

allows to disentangle the influence of controlled and automatic processes in task performance. 

In Manuscript 1 we applied a generalized version of the PDP to investigate whether racial bias 

in the WIT is mediated by target discrimination, response bias, or both. In two studies, we found that 

racial bias was mediated by response bias. However, racial bias was additionally mediated by target 

discrimination when participants were explicitly instructed to engage in racial profiling, hence using the 

primes’ race as cue for weapon identification. Overall, these results suggest that face primes in the WIT 

create a second stream of information besides information extracted from the to-be-identified target. 

This additional information interferes with object identification, leading to a racially biased response 

when target discrimination is not successful. Nevertheless, when participants engage in racial profiling, 

target discrimination itself is biased towards "gun" responses given Black primes and towards "tool" for 

White primes. In sum, these findings suggest that both mechanisms can drive racially biased responding. 

Importantly, however, only response bias mediated racial bias in the standard version of the WIT. 

In Manuscript 2 we investigated the nature and interplay of cognitive processes represented by 

four different psychological process models for the WIT (Klauer & Voss, 2008). In fact, these 

psychological process models were all instantiations of the PDP. Although these process models make 

the same predictions about the response patterns, they differ in their assumptions about the relative 

latencies of process branches. This allows us to compare models by applying response time-extended 

Multinomial Processing Tree modeling (MPT-RT; Heck & Erdfelder, 2016). Reanalysis of eight 

previously published data sets of the WIT showed the Default Interventionist Model (DIM) to perform 

best. The DIM postulates that a default response influenced by automatic stereotype associations is 

elicited at the onset of every trial. This default response is followed by controlled processes aiming to 

identify the displayed target object and to resolve possible conflicts if the default response and the to-

be-identified target are incongruent. In sum, this means for the WIT that automatic stereotype 

associations play a key role in every trial of the WIT and that target identification, as well as possible 

response conflict resolution processes, are important for accurate responding. 

In Manuscript 3, we investigated the correspondence of the WIT with other implicit measures 

(i.e., the First-Person Shooter Task, FPST, Correll et al., 2002; and the Implicit Association Test, IAT, 

Greenwald et al., 1998) configured to assess racial threat-stereotypes regarding Black and White males. 
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In addition, this study applied different types of Multinomial Processing Tree (MPT) models to look at 

the process-level correspondence of these measures. All three implicit measures were able to detect racial 

bias in error rates, but racial bias estimates based on error rates correlated only weakly between the 

WIT and FPST and not with the IAT. Regarding process level analysis, the three measures corresponded 

strongly among controlled processes which lead to correct responding, and moderately among automatic 

processes which represent the general response tendency towards "gun" compared to "tool". Regarding 

process-level based racial bias estimates, again they correlated moderately between the WIT and FPST 

but not with the IAT. However, the racial bias estimate of the IAT correlated with controlled process 

estimates of the WIT and FPST. In sum, this result pattern indicates that the WIT and FPST show 

moderate correspondence, as they both assess a spontaneous interference of exemplar-based racial threat-

stereotype associations on object identification, whereas the WIT and IAT show low correspondence in 

racial bias estimates, as the IAT might assess more category-based racial treat-stereotype associations 

potentially due to category salience. 

 Taken together, the results of the three manuscripts broaden the understanding of how race 

shapes cognitive processes in differentiating a weapon from a non-threatening object. This was done by 

relying on model-based analysis for cognitive processes. Hence this thesis provides a deeper 

understanding for social cognition research, expanding knowledge from a social and a cognitive 

perspective as two sides of the same coin: on the one hand how social information shapes cognitive 

decision processes and on the other hand how cognitive processes influence social behavior. 

 

5.1. Cognitive Processes and Factors Affecting Weapon 

Identification Bias 

As outlined in the introduction section, weapon identification bias varies by different factors like, prime 

characteristics, experimental manipulations, and individual differences in participants. In the following 

I like to discuss, how these factors relate to the findings of this thesis6.  

 Regarding prime characteristics, emotional expression of faces and social dimensions like age 

and gender influence the size of weapon identification bias besides race. This indicates that these features 

of prime characteristics are also processed early by participants and hence influence participants’ 

response bias. The spontaneous and quick processing of emotions and facial characteristics when seeing 

a face is often observed (Hildebrandt et al., 2012; Kubota & Ito, 2007). However, the variability of bias 

in the WIT indicates that also stereotype associations for these features are concurrently elicited early 

on, which results in the variation of weapon identification bias by these features. 

 
6 The effects of task instruction and category salience will be discussed in the section on future directions. 
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 Regarding experimental manipulations, a short response time window (Payne, 2001; Payne et 

al., 2002), cognitive depletion (Govorun & Payne, 2006), and social anxiety (Lambert et al., 2003), all 

diminish controlled processing in the WIT. Hence, these manipulations reduce the cognitive resources 

participants are able to dedicate to the task. As Manuscript 2 revealed, controlled processes in the WIT 

entail target discrimination and conflict resolution processes. However, the PDP, which was applied as 

an analytic framework in the studies above, does not allow to disentangle these two processes. Therefore, 

it is not clear whether these manipulations may attenuate target discrimination, conflict resolution, or 

both. For example, a short response time window may impede both processes, whereas cognitive 

depletion and social anxiety might only reduce conflict resolution but not target discrimination 

capabilities. However, alternative MPT models like the Quad model would allow to disentangle these 

controlled processes. Manuscript 3 demonstrated acceptable model fit for the Quad model applied to a 

WIT including additional neutral face primes. Overall, future research can rely on a similar setup of the 

WIT and test the differential influence of experimental manipulations on target discrimination and 

conflict resolution processes. 

 Similarly, individual differences in cognitive abilities and motivations are connected to correct 

responding in the WIT. So do cognitive executive function abilities (like inhibition) and internal 

motivations to control prejudice correlate positively with controlled responding in the WIT (Ito et al., 

2015; Volpert-Esmond et al., 2020). Hence this aligns well with the DIM which features the important 

role of conflict resolution. Again, however, future research which likes to test the correspondence of 

individual capabilities and the ability to resolve conflict in the WIT may use different approaches. One 

approach could be using the Quad model as mentioned in the previous paragraph. Another approach 

could be using the MPT-RT model of the DIM from Manuscript 2 which allows one to estimate the 

difference in relative branch latencies. Specifically, it allows for the calculation of differences in response 

latencies between controlled processes branches with an incongruent default response to the target object 

versus controlled process branches with a congruent default response to the target object. In 

consequence, a small difference in relative latencies would indicate more effective conflict resolution 

capabilities. Overall, approaches like these would allow to investigate how participants’ cognitive 

abilities and motivations correspond to participants’ performance in general and to target discrimination 

and conflict resolution abilities in specific. 

 To conclude, factors affecting the WIT may relate to different cognitive processes in task 

performance. On the one hand, different prime characteristics relate to the automatic process. They are 

processed quickly and trigger early on stereotype associations, which interfere with participants’ response 

efforts as an additional stream of information. On the other hand, experimental manipulations which 

hamper cognitive abilities as well as individual differences in cognitive abilities and motivations relate 

to the controlled process. Disentangling the role of target discrimination and conflict resolution processes 
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in future research would allow us to get a better picture of how they differentially influence task 

performance in the WIT. Overall, future research which takes into account more generalized versions of 

the PDP (Manuscript 1), response times extensions to the PDP (Manuscript 2), or alternative MPT 

models (Manuscript 3), would allow to us make more thorough, future investigations to clarify these 

assumed relationships.  

 

5.2. Strengths and Limitations 

 This line of research demonstrates strong methodological procedures in experimental design and 

statistical analysis. Regarding experimental designs in Manuscript 1 and 3, we used previously validated 

stimulus materials which have already been used for the Weapon Identification Task (Phills et al., 2011; 

Rivers, 2017). The faces used were based on a high number of exemplars for each racial category and 

even provided the opportunity to include neutral face outlines as reference category. Target objects 

consisted of drawings of weapon and tool targets, which allowed us to control for perceptual features of 

the objects like color. Manuscript 2 relied on a reanalysis of eight published data sets based on different 

stimuli from different research teams. Consequently, this allowed us to compare whether the same 

process model emerges as the favored model from diverse data sets. Regarding statistical analysis, this 

line of research relied heavily on the Process Dissociation Procedure (PDP) as a model framework. This 

allowed on the one hand to rely on a well-established analytic framework for the WIT and related tasks 

that researchers are familiar with (e.g., Ito et al., 2015; Klauer et al., 2015; Payne, 2001). On the other 

hand, the PDP is a relatively simple model which can be expanded without drastic changes in its core 

structure (e.g., the generalized model in Manuscript 1; the MPT-RT extension in Manuscript 2). The 

PDP can be formalized in the framework of Multinomial Processing Tree (MPT) models. This enables 

conjoint parameter estimation and provides assessment of model fit. In addition, we used Bayesian 

hierarchical latent-trait MPT modeling (Heck, Arnold, & Arnold, 2018; Klauer, 2010), which allows to 

account for heterogeneity in samples and provides parameter estimates on the group and individual 

level. This, for example, allowed us to look at correlations between MPT parameters as done in 

Manuscript 3. Overall, this line of research relied on a methodologically sound approach, on which future 

studies can build on to investigate cognitive processes underlying weapon identification. 

 Nevertheless, this dissertation also comes with limitations. These were addressed in the 

respective manuscript. However, two limitations for Manuscript 1 and 3 will be discussed further in the 

following. In Manuscript 1 we applied a generalized version of the PDP. To achieve enough degrees of 

freedom for estimation we included an additional within-subject manipulation. This manipulation is 

believed to leave target discrimination unaffected while it likely effects overall response bias. This 

generalized version of the PDP was validated by Klauer et al. (2015) who relied on a pay-off 

manipulation to achieve more degrees of freedom. However, we relied on a base-rate manipulation for 
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the target objects to deliberately manipulate response bias but not target discrimination. Base-rate 

manipulations like these have been used before for similar tasks like the IAT (Conrey et al., 2005) and 

in recognition research (Buchner et al., 1995). However, in contrast to Klauer et al. (2015) our 

generalized PDP entailed zero degrees of freedom. In consequence, it could be expected to have no 

problems to fit the data and that model fit might be rather uninformative. However, that is not 

necessarily the case, because in a strict sense the PDP is not a fully saturated model. The PDP cannot 

account for data patterns where participants show more errors than correct responses for a specific 

target. This would correspond to a negative C-parameter estimate in the PDP. So, model fit is 

informative to rule out data patterns of below chance performance. Most importantly, although our 

generalized PDP has zero degrees of freedom, it is a feasible model to investigate the parameter estimates 

themselves and allows to test the parameter estimates via nested model comparisons including shrinkage 

parameters or equality restrictions7.  

In Manuscript 3, we compared three implicit measures configured to assess racial threat-

stereotypes. For comparability reasons we aligned these measures on several dimensions. However, this 

led to slight variations of these measures mainly for the FPST and IAT which might attenuate the 

conclusions drawn from comparing the WIT to these two measures. Regarding the FPST, we presented 

target faces and objects at similar size and without surrounding context, though similar presentation 

styles have been implemented before for the FPST (see e.g., Plant et al., 2005; Unkelbach et al., 2008). 

Nevertheless, some researchers argue that such presentation style should rather be labeled as an FPS-

type task (Payne & Correll, 2020). Regarding the IAT, two major changes were implemented in 

comparison to the standard paradigm. First, we implemented a response deadline which is not typically 

implemented for the IAT. Nevertheless, this has been done before and allowed to find racial bias effects 

(Calanchini et al., 2021; Conrey et al., 2005; Cunningham et al., 2001), which was also the case in our 

results. Second, we added a neutral face outline to provide sufficient degrees of freedom for MPT 

modeling. This resulted for the IAT in an additional set of blocks to accommodate this third category 

(i.e., Black-White, Black-neutral, White-neutral). However, this expanded IAT format is similar to an 

existing version of the IAT: the multi-category IAT (Axt et al., 2014). In addition, exploratory analysis 

revealed that the reliable racial bias effect emerged in the Black-White IAT-block resulting in the same 

conclusions as integrating data across all IAT-blocks. 

7 As a side note, a similar model comparison strategy based on the PDP was applied in the first model 
comparison of Manuscript 2. All the models had zero degrees of freedom but differed in their 
assumptions on the order of relative branch latencies which were implemented via shrinkage 
parameters, restricting the plausible data space for each model. These restrictions helped to 
distinguish between these models, ruling out models which were not able to represent fast automatic 
and slow controlled branch latencies. 
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To sum up, these limitations for the generalized PDP model specification (Manuscript 1) and 

for task adaptations (Manuscript 1 and 3) should be kept in mind for interpreting our findings. 

Nevertheless, experimental designs and assumptions were based on previous, methodological sound 

research using similar modifications. Going on, our findings provide a strong basis for future research 

investigating the role of cognitive processes in weapon identification. 

5.3. Future Directions 

5.3.1. Alternative Modeling Approaches 

Throughout the three manuscripts we relied on MPT modeling in general and on the PDP in 

specific to investigate underlying cognitive processes. This is in line with previous research, which 

typically applies the PDP to disentangle the contribution of controlled and automatic processes. 

However, other formal modeling approaches for cognitive processes can be applied to the WIT. 

Regarding the MPT-framework, the Quad model, which separates the influence of target 

discrimination and conflict resolution, has been used previously (Conrey et al., 2005) and provided also 

acceptable fit in Manuscript 3. Nevertheless, the Quad model comes with the downside that due to its 

higher number of parameters, it cannot be applied easily to the standard version of the WIT. As the 

basic paradigm with two types of faces (i.e., Black and White) and two types of objects (i.e., guns and 

tools) only provide four degrees of freedom. In consequence, to apply the Quad model meaningfully to 

the WIT additional experimental conditions providing more degrees of freedom compared to the 

standard procedure of the WIT are necessary (e.g., including neutral face primes).  

Conventional MPTs rely on discrete data like response frequencies for modeling. However, more 

recent approaches allow to integrate response latencies, for example response time-extended MPT 

modeling (MPT-RT; Heck & Erdfelder, 2016) which we used in Manuscript 2 to estimate relative 

response latencies of branches. Yet, other approaches integrating response times in MPT models exist, 

like RT-MPT models (Klauer & Kellen, 2018) or Generalized Processing Tree models (GPT; Heck, 

Erdfelder, & Kieslich, 2018). Additional to the basic categorical structure of MPTs, RT-MPTs allow to 

estimate the response time distribution of each process separately, whereas GPTs allow to estimate the 

distribution of a continuous variable (like e.g., response times or neurophysiological variables) belonging 

to an entire branch. Hence, they would allow to obtain a more fine-grained view on the role of response 

latencies. In addition, the GPT would come with the possibility to integrate neurophysiological data. 

This would allow for example to investigate whether for the Default Interventionist Model of Manuscript 

2 the activity of specific brain regions (Cunningham et al., 2004; Rivera-Rodriguez et al., 2021) maps 

on the expected branches. Therefore, this would enable to investigate whether the activity of brain 

regions associated with response conflict resolution are reflected in branches which include incongruent 

information proposed by the automatic default response and by the target to-be-identified. However, 
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these models come with the downside of a priori assumptions about the distribution of the continuous 

variables and estimation itself is in general less stable and more complex.   

Besides MPT models, other formal modeling approaches like Diffusion Models (DM) have been 

discussed and applied to the WIT (Klauer & Voss, 2008; Todd et al., 2021). A DM is an evidence-

accumulation model integrating the joint contributions of response frequencies and response times 

(Ratcliff, 1978; Ratcliff et al., 2016; Voss & Voss, 2007). A DM decomposes four determinants in task 

performance: the initial response bias towards guns or tools, the quality of information extracted from 

the target stimulus (so-called drift rate), the non-decision time (like motor response time and encoding), 

and the amount of evidence required to make a decision (so-called threshold separation). In their 

analysis, Todd et al. (2021) found that racial bias was reflected in initial response bias but not in the 

drift rate, analogous to our finding in Manuscript 1. Hence, although using a different formal modeling 

approach, they arrived at similar conclusions.  

In sum, future research on the WIT can benefit from different modeling approaches to get a 

better, multi-perspective insight on cognitive processes underlying task performance, while combining 

their strengths, and eventually achieving converging evidence from different approaches (Klauer & Voss, 

2008). Furthermore, increasing computational power and scientific open access practices for modeling 

packages (Hartmann et al., 2020; Heck, Arnold, & Arnold, 2018; Heck, Erdfelder, & Kieslich, 2018) and 

analytic code (Todd et al., 2021) facilitates the usage of formal modeling in data analysis. In addition, 

statistical solutions for hierarchical model implementations allow to integrate participants’ heterogeneity 

in modeling and to investigate individual differences (Heck, Arnold, & Arnold, 2018; Klauer, 2010). 

 

5.3.2. First-Person Shooter Task 

This dissertation mainly relies on the WIT as a task to investigate how racial threat-stereotypes 

influence cognitive processes in identifying weapons. However, the First-Person Shooter Task (FPST; 

Correll et al., 2002) was also developed to measure the influence of racial threat-stereotypes on behavior 

around the same time as the WIT. Both tasks are seen as valid instruments to assess this racial bias 

(Payne & Correll, 2020). As we have shown in Manuscript 3, these two measures revealed a moderate 

correspondence in their racial bias estimates.  

However, it remains indetermined whether the nature and interplay of cognitive processes, 

which lead to racially biased behavior, are the same across measures because of their significant 

procedural differences. The FPST presents the race stimulus concurrent with the target object, embeds 

stimuli in varying background scenes, and instructs participants to decide whether to "shoot" or "don’t 

shoot" at a presented person. This challenges the generalizability of the findings of Manuscript 1 and 2 

to the FPST. For example, regarding Manuscript 2, is the preference of the DIM for the WIT 

transferable to the FPST? Because the concurrent presentation of race stimulus and target object in 
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the FPST might not necessarily mean that race biases an initial default response. On the contrary, the 

search character of the task might lead to trials for which participants do not even process race 

information. Likewise, are the findings of Manuscript 1 transferable to the FPST? Hence, is racial bias 

in the standard paradigm mediated via response bias and not discrimination bias? In that regard, 

diffusion modeling for the FPST revealed that in standard versions of the FPST, race moderated drift 

rates for armed and non-armed persons (mirroring target discrimination) but did not moderate initial 

response bias (Correll et al., 2015; Pleskac et al., 2018). This influence of race on information extraction 

from the target would suggest that controlled processes are influenced by prime and target condition in 

the standard version of the FPST, but not automatic response bias. Hence, this reverses the findings 

compared to the standard version of the WIT in Manuscript 1. To substantiate this point, as mentioned 

earlier, Todd et al.’s (2021) diffusion modeling analysis for the WIT resulted also in an effect of race on 

the initial response bias but not on the drift rate. In conclusion, although both measures reliably assess 

racial threat-stereotypes, they seem to be based on different mechanisms driving racially biased 

responding. 

 

5.3.3. The Influence of Race Category Salience 

As seen in Manuscript 1 and as discussed as potential lack of correspondence between the WIT 

and IAT in Manuscript 3, race category salience may influence mechanisms driving racial bias in the 

WIT and the correspondence between implicit measures. Race category salience typically strengthens 

racial bias. For example, instructions to rely on or to ignore prime race information enhance racial bias 

in the WIT in comparison to the standard instruction to disregard the prime without mentioning race 

(Payne et al., 2002; Manuscript 1). Similarly, category salience manipulations like categorizing faces 

beforehand or counting faces by category during the task reveal an enhanced racial bias effect when 

attending to race but an attenuated effect when attending to another social category like age (Jones & 

Fazio, 2010; Todd et al., 2021) or a non-substantive category like the color of a dot superimposed on a 

face (Ito & Tomelleri, 2017; Todd et al., 2021). However, the question is, how does race category salience 

modulate the different cognitive processes in weapon identification. In Manuscript 1 racial profiling led 

to biased target discrimination and a descriptively more pronounced effect on response bias8. Todd et 

al.’s (2021) category salience manipulation induced by a previous face sorting task (i.e., by race, age, or 

 
8 Payne et al., 2002 report a more pronounced effect of race on automatic processes (response bias) in 
the racial profiling and the ignore race instruction condition but no effect of race on controlled processes 
(target discrimination). However, in the conventional version of the PDP a prime-target interaction of 
the C-parameter is not accounted for and to that effect the influence of a prime-target interaction of 
the C-parameter erroneously maps on the A-parameters as discussed by Klauer et al. (2015). Hence, out 
of Payne et al.’s (2002) findings one cannot conclude that the racial profiling or the ignore race 
instructions do not influence controlled processes. 
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superimposed dot color) revealed in their diffusion model analysis an enhanced racial bias effect on 

initial response bias when race category was salient in comparison to when non-racial categories were 

salient. Additionally, it revealed a main effect of race on the drift rate in the race category salience 

condition (i.e., faster evidence accumulation after Black faces for gun and tool targets) but no effect in 

the non-racial category salience conditions. Hence, race category salience seems to boost response bias 

and to moderate the effect of race on controlled processes in the WIT.  

In contrast, a study by Stewart and Payne (2008) showed that if participants use 

implementation intentions (i.e., predefined if-then action plans) to think "safe" when they see a Black 

face, weapon identification bias is attenuated. Implementation intentions like these are twofold, on the 

one hand, they make race category salient to participants, but on the other hand, they teach participants 

a practical strategy to circumvent racial bias. Stewart and Payne (2008) report that implementation 

intentions attenuate racial bias in automatic process parameter estimates of the PDP but no difference 

in controlled process parameter estimates. However, they applied the conventional version of the PDP 

(i.e., A- and C-parameters vary by race but are restricted across target objects), which cannot 

distinguish between response bias or discrimination bias as mechanisms for racial bias. In consequence, 

it remains undetermined whether implementation intentions help to attenuate racial bias mediated via 

response bias, discrimination bias, or both. Or even intensify the influence of race on one mechanism 

but dimmish it on the other. Overall, future research on the influence of race category salience on WIT 

performance should consider that controlled processes might vary by prime race and target object. 

Therefore, study designs should include analytic models which are able to account for racial bias in 

automatic and controlled processes.  

Looking at research on Evaluative Priming Tasks (EPT), which are sequential priming tasks 

assessing the positive and negative evaluations of Black and White male faces (Fazio et al., 1995), they 

find that category salience moderates the effect of racial evaluations. Furthermore, the effect of category 

salience may rely on specific mechanisms rooted in task procedure and might be reflected by controlled 

processes. Gawronski et al. (2010) compared the influence of category salience on racial bias in the EPT 

and the Affect Misattribution Procedure (AMP; Payne, Cheng et al.,2005) for faces varying by race 

(i.e., Black vs. White) and age (i.e., young vs. old). Category salience modulated bias in the EPT, when 

race was made salient racial bias was elicited and when age was made salient age bias was elicited. 

However, for the AMP race and age bias were present independent of respective category salience. 

Gawronski et al. (2010) argued that the AMP relies on diffuse affective states leading to misattribute 

evaluative judgments, whereas the EPT captures information that is in the attentional focus of 

participants which then interferes in task responding. Hence, category salience should increase 

attentional focus which is related to controlled processing. Two mechanisms, as already discussed in 

Manuscript 1, might be plausible how race information might interfere with controlled processes: the 
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first one referring to discrimination bias due to racially biased perception and information extraction 

from the target object (Klauer et al., 2015), or the second one referring to response conflicts between a 

default response tendency congruent or incongruent with the to-be-identified target, hence requiring 

more or less conflict resolution capabilities (Gawronski et al., 2010). However, the method used in 

Manuscript 1 is not able to test between these two plausible mechanisms and further research is needed 

to investigate which of these mechanisms, or perhaps both, are driving task performance when the 

critical category is salient.  

In a similar vein, as discussed in Manuscript 3, race category salience might explain the lack of 

correspondence between the WIT as sequential priming task and the IAT as dual-categorization task. 

Due to the categorization instruction character of the IAT, stereotype associations are seen as category-

based (De Houwer, 2001), whereas in sequential priming tasks associations are seen as exemplar-based 

(Livingston & Brewer, 2002). In accordance, Olson and Fazio (2003) found that a Black-White EPT 

and IAT show correspondence when race category was made salient, emphasizing category-based 

associations in the EPT (Gawronski et al., 2010), but no correspondence when not made salient, due to 

exemplar-based associations for the EPT. Hence, future research should systematically investigate the 

influence of race category salience on the process-level correspondence of the WIT to other implicit 

measures. 



  33 

6. Conclusion 

The aim of this dissertation is to get a deeper understanding of cognitive processes leading to 

racially biased misidentification of non-threatening objects as weapons. Overall, this line of research 

investigated racially biased behavior on a cognitive process-level. It showed that race spontaneously 

triggers threat-stereotypes interfering with weapon identification, which eventually need to be overcome 

for correct object identification. Furthermore, racial profiling and race category salience can additionally 

bias participants’ higher order processes involved in target discrimination. Overall, this thesis 

contributes to a deeper understanding of how racially biased behavior is produced by different processes. 

Furthermore, the research included in the thesis helps to find ways to counteract racially biased behavior 

and to improve overall decision making in identifying threatening and non-threatening objects. 
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Abstract 

In the Weapon Identification Task (WIT), the effect of racial primes (i.e., White vs. Black male faces) 

on visual discrimination between weapons and innocuous objects (i.e., guns vs. tools) is assessed. The 

typical finding is that participants more often misclassify innocuous objects as weapons after seeing a 

Black compared to a White male face. Discrimination bias and response bias have been proposed as 

explanations of this effect. Discrimination bias may result from effects of the preceding prime’s race on 

information extraction and perceptual construal of the target object. Response bias, in contrast, may 

be induced by prime-triggered threat stereotypes that create an additional stream of information 

depending on race. In two experiments, we manipulated base-rates of target objects in the WIT and 

used a generalized process dissociation model to disentangle discrimination and response biases as 

determinants of racial bias in the WIT. Our results suggest that participants typically discriminate 

objects uninfluenced by primes whereas response bias systematically distorts WIT judgments. This 

notwithstanding, object discrimination is affected by race when participants are explicitly instructed 

to use racial information for responding. Hence, if participants choose to attend to the information in 

the preceding prime, this may deteriorate the identification of the target in the WIT. Our results 

suggest two strategies to counteract racial biases in spontaneous behavior: (1) Reducing response bias 

by enhancing the capacity to inhibit automatic threat-based associations and (2) facilitating unbiased 

target discrimination by reducing race salience. 

Abstract word count: 238 

Keywords: weapon identification task, discrimination bias, response bias, process dissociation 

procedure, multinomial processing tree modeling, racial bias 

Word count: 8045 (excluding references, figures, tables, and footnotes) 
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The Nature of Racial Bias in the Weapon Identification Task: 

Discrimination Bias, Response Bias, or Both? 

If an object is presented along with a person, the person’s race can influence how good people 

are at identifying this object (Payne, 2001; Payne & Correll, 2020; Rivers, 2017). One of the most 

prominent procedures to investigate the influence of race on identifying potentially dangerous objects 

is the Weapon Identification Task (WIT; Payne, 2001). The WIT is a sequential priming procedure in 

which participants are instructed to identify an object as either a weapon (i.e., a gun) or an innocuous 

object (i.e., a tool). These objects are preceded by either a Black or White male face prime, typically 

inducing a racially biased response pattern. Participants tend to misidentify innocuous objects more 

often as weapons if they are preceded by a Black face prime. Furthermore, participants tend to 

identify weapon targets faster if they are preceded by a Black face prime. This result pattern is known 

as weapon identification bias (Payne, 2001; Rivers, 2017; Todd et al., 2021).  

Mechanisms of Racially Biased Responding 

Although weapon identification bias has been observed reliably, the mechanism leading to this 

bias has been a matter of debate (Klauer & Voss, 2008; Klauer et al., 2015; Payne et al., 2005; Todd 

et al., 2021). Two mechanisms have been proposed to drive racial bias. One possible mechanism is 

discrimination bias resulting from prime-influenced information extraction during perceptual construal 

of the target object. A second candidate is response bias induced by prime-triggered threat stereotypes 

that create an additional stream of information which varies between primes (Klauer et al., 2015; 

Klauer & Voss, 2008; Payne et al., 2005). The aim of our research is to assess both mechanisms 

empirically. 

If discrimination drives racial bias in the WIT, then prime race should affect the perception 

and interpretation of parts of the target objects. Specifically, when participants try hastily to resolve 

perceptual ambiguity during object discrimination, the prime race provides context cues that might 

foster misperception of the target object. For instance, a metal tube of a target object might be 

interpreted as the barrel of a gun following a Black prime and as the shaft of a screwdriver following a 

White prime (Klauer et al., 2015; Klauer & Voss, 2008; Payne et al., 2005). This effect should not 
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necessarily persist when participants are given more time for responding. Supporting this account, 

Payne et al. (2005) asked participants for a second object classification judgment after providing their 

original response. Notably, in trials with incorrect initial object classifications, they were able to report 

the correct object when given sufficient time afterwards. Payne and collaborators concluded that 

target discrimination is not influenced by race, at least if participants are given sufficient time for 

responding. Additional model-based studies reported mixed results. While some authors found 

evidence for racially biased object perceptions (Klauer et al., 2015), others did not (Todd et al., 2021). 

If racial bias is mediated by response bias, racial stereotypes elicited by the prime create a 

second stream of information besides the actual perceptual information. This results in different 

response biases triggered by racial stereotypes, that is, a stronger preference to respond "gun" after 

seeing a Black face and to respond "tool" following a White face. This aligns well with recent research 

suggesting that prime race influences response bias from the outset of each trial (Klauer & Voss, 2008; 

Laukenmann et al., 2023; Todd et al., 2021). Importantly, because response bias is based on a 

secondary stream of information, it only determines the response if object discrimination fails within 

the time window provided for responding. 

Both accounts propose plausible mechanisms that might lead to racial bias in the WIT and 

are not mutually exclusive. Most important for our present study, both accounts map on different 

parameters of the Process Dissociation Procedure (PDP), a WIT measurement model frequently used 

to disentangle controlled and automatic influences on responding. In the following section, we 

introduce the PDP and show how possible influences of race primes on object discrimination and 

response bias can be disentangled in this framework. 

Process Dissociation Procedure and Multinomial Processing Tree Modeling 

The PDP is a widely used dual-process model to disentangle the contributions of automatic 

and controlled processes in the WIT (Bishara & Payne, 2009; Huntsinger et al., 2009; Ito et al., 2015; 

Klauer et al., 2015; Payne, 2001; Payne, 2005). The controlled process parameter reflects a 

participant’s latent ability to identify the target correctly, whereas the automatic process parameter 
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reflects a participant’s latent preference to respond with gun rather than tool (Klauer & Voss, 2008; 

Laukenmann et al., 2023; Payne, 2001).  

Figure 1 illustrates the PDP in the form of two processing tree diagrams, one for each target 

condition (i.e., gun and tool). The left side indicates the to-be-identified target object, followed by the 

possible processing branches (and their associated probabilities) that lead to certain responses in the 

WIT, as indicated on the right side of the trees. For the gun target tree, for example, the controlled 

process succeeds with probability C, resulting in the correct response gun. When the controlled process 

fails with probability (1 – C), the automatic process triggers the response gun with probability A and 

the response tool with the complementary probability (1 – A). For the tool target tree, the processing 

branches are analogous, except that the controlled process results in the correct response tool. 

__________________________________ 

Insert Figure 1 about here 

__________________________________ 

Parameters of process dissociation models such as those illustrated in Figure 1 can be 

estimated using Multinomial Processing Tree (MPT) modeling (for a tutorial, see Schmidt, Erdfelder, 

& Heck, 2023). MPT models have previously been used to estimate PDP parameters for the WIT 

(Bishara & Payne, 2009; Klauer et al. 2015, Laukenmann et al., 2023). Compared to alternative 

estimation methods based on simple algebraic equations (Payne, 2001), MPT modeling enables 

conjoint estimation of all relevant process parameters C and A including standard errors, along with 

the assessment of model fit and calculation of information criteria for purposes of selecting among 

several candidate models. 

Hypothesis Testing and Auxiliary Assumptions 

The two possible mechanisms hypothesized to underlie racial bias in the WIT – discrimination 

bias and response bias – are associated with different parameters of the PDP. Specifically, while 

response bias maps on the automatic process, discrimination bias maps on the controlled process. 

Hence, the PDP can be used to assess both candidate mechanisms (Klauer et al., 2015).  
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More precisely, if stereotype-influenced response bias is at work, this should cause a higher 

rate of gun responses following Black face primes, given failure of the controlled process. This will be 

mirrored in a larger automatic process parameter A for the Black (B) than for the White face prime 

(W) condition (i.e., AB > AW). According to the response-bias hypothesis, the difference AB – AW 

measures racial bias in the WIT (Klauer et al., 2015; Ito et al., 2015; Payne, 2001). As an alternative 

racial bias measure, a shrinkage parameter sA that represents the ratio AW/AB, can be used to 

implement the order restriction AW ≤ AB (Knapp & Batchelder, 2004), such that AW = sA⋅ AB with 0 

≤ sA ≤ 1.  

In contrast, if discrimination bias is at work, the prime race affects object discrimination. 

Hence, the controlled process parameter C is expected to vary as a function of both prime and target 

conditions. In the Black prime condition, the prime is predicted to enhance target discrimination for 

guns (G) compared to tools (T), resulting in a larger controlled process parameter for gun than for 

tool targets (i.e., CBG > CBT). In the White prime condition, in contrast, the prime is predicted to 

have opposite effects, resulting in CWG < CWT (Klauer & Voss, 2008; Klauer et al., 2015). Again, 

these predictions can be formalized in terms of parameter differences, ratios, or shrinkage parameters. 

Note that the standard version of the PDP cannot accommodate this prime by target interaction 

because the parameters CB and CW are equated across target conditions (i.e., CBG = CBT = CB and 

CWG = CWT = CW is assumed in the standard PDP). Hence, to evaluate whether response bias, 

discrimination bias, or both influence racially biased responding in the WIT, a reparameterization of 

the PDP model is necessary that allows the C-parameter to vary between both prime and target 

conditions. Note, however, that developing such a generalized PDP variant from the model illustrated 

in Figure 1 would result in an overparameterized model: It would include six parameters (i.e., four C-

parameters and two A-parameters) but provide only four independent category probabilities (i.e., 

probabilities of correct responses for each of the four prime-target combinations under investigation). 

Hence, such a model would be technically nonidentifiable so that parameters cannot be estimated.  

More degrees of freedom for PDP modeling can be gained by including an additional within-

subject manipulation that leaves the controlled process parameter C unaffected. Assuming that pay-
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off manipulations for target objects (i.e., different rewards for correct gun and correct tool responses) 

affect response bias A selectively, this approach has previously been used by Klauer et al. (2015). 

Their results supported the discrimination bias hypothesis, that is, C varied in their study not only 

between primes but also between targets. To check the generalizability of their results, we 

manipulated response bias A selectively by employing different base-rates of gun targets in the WIT 

to achieve an identifiable generalized PDP procedure. The same manipulation has previously been 

used successfully for similar procedures such as the Implicit Association Test (Conrey et al., 2005). 

Like the pay-off manipulation, increasing the proportion of gun targets in the WIT is expected to 

leave the probability of correct target identification (i.e., C) unaffected, while it likely boosts overall 

response bias as reflected in the A-parameter of the PDP. Based on an extended WIT data structure 

that encompasses low and high base rates of gun targets, we can thus investigate whether (1) the 

racial bias effect is reflected in the prime-target interaction for the C-parameter as predicted by the 

discrimination bias hypothesis, (2) in the difference AB > AW as predicted by the response bias 

hypothesis, or (3) both1.  

Research Overview 

In the present research, we conducted two pre-registered studies to investigate discrimination 

bias and response bias as potential sources of racial bias in the WIT (Klauer et al., 2015; Payne et al., 

2005). Study 1 made use of a base-rate manipulation for the target objects. Study 2 replicated Study 

1. In addition, Study 2 investigated whether the instruction to make use of the prime face for target 

 

1 This analysis strategy deviates slightly from the pre-registered analysis plan. The pre-registered plan 

aimed to compare the goodness-of-fit of different restriction patterns that represent the two 

hypotheses of interest (discrimination bias vs. response bias, respectively; cf. Klauer et al., 2015). In 

contrast, the analysis procedure applied here investigated parameter estimates for the generalized 

PDP model directly to check for the third possibility that racial bias is mediated by response bias and 

discrimination bias simultaneously.  
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identification ("racial profiling instruction", cf. Payne et al., 2002) moderates the processes involved in 

the racial bias effect. We report for both studies how we determined our sample size, all data 

exclusions, all manipulations, and all measures. The pre-registrations are available at 

https://osf.io/4yxv9/?view_only=aa0ecf147152463ea657b24375f6c8f2. 

Study 1:  

Study 1 consisted of two within-subject conditions of the WIT with different base-rates of gun 

and tool targets. First, we investigated whether racial bias in weapon identification can be observed in 

error rates (Payne, 2001; Rivers, 2017). Second, we used a generalized PDP model to determine which 

mechanism can best account for the C- and A-parameter differences across prime and target 

conditions.  

Method 

Participants. We aimed for a sample size of 170 participants to match the sample size used 

in Study 5 of Klauer et al. (2015) who performed a similar model comparison for the WIT. To achieve 

this sample size and control for participants performance in an online study, we continued data 

collection until our target sample size was reached after excluding participants according to the pre-

registered exclusion criteria. Specifically, participants were excluded when they failed in the attention 

check test and when their percentage of missing responses was an extreme outlier according to 

Tukey’s criterion (i.e., 1.5 times the interquartile range above the median, cf. Clark-Carter, 2004, 

Chapter 9; Klauer et al., 2015). The collected sample consisted of 211 participants (Missing responses: 

Mean = 15.9%, SD = 27.8%, Median = 2.8%). We excluded 40 participants with more than 27.8% of 

missing responses, resulting in a final sample size of N = 171. Mean age was 24.1 years (SD = 7.0) 

and participants indicated their gender as 128 female, 36 male, and 7 other. Self-reported race of 

participants was 7.0% Black, 61.4% White, and 31.6% other. 

Design. Independent variables were the base-rate (more guns vs. more tools), the prime face 

(Black vs. White) and the target object (gun vs. tool). All three independent variables were 

completely cross-classified in a balanced 2 x 2 x 2 within-subject design. The participants’ error rates 

https://osf.io/4yxv9/?view_only=aa0ecf147152463ea657b24375f6c8f2
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per condition (percentage of incorrect "gun" or "tool" responses, depending on trial type) served as 

the dependent variable. 

Materials. Prime faces, target objects, and the pattern mask were taken from Rivers (2017). 

Targets were five drawings of hand tools and five drawings of weapons presented in four different 

orientations rotated by 90 degrees. Target objects and the pattern mask can be accessed via the Open 

Science Framework (OSF): https://osf.io/9e6sa/. In total, prime faces consisted of 24 Black, 24 White 

male faces with neutral facial expression, and one neutral prime consisting of the outline of a face 

which was only used for the practice trials. Prime faces were provided by the first author of Phills et 

al. (2011). Each image was displayed with a size of 300 x 300 pixels. 

Procedure. Data collection was conducted online via Prolific (www.prolific.co) [2021]. 

Participants were required to be at least 18 years of age and be part of the Prolific US-sample. The 

study took about 25 minutes and participants were rewarded with 3.20£ or equivalent. After 

providing consent, participants completed the WIT. 

The WIT consisted of 24 practice trials, followed by 200 experimental trials for each base-rate 

condition. Trials were assigned to each participant in random order. The More Tools (MT) condition 

consisted of a 70%:30% ratio of tools relative to guns. Correspondingly, the More Guns (MG) 

condition consisted of a 30%:70% ratio of tools relative to guns. Participants were informed about the 

percentage of tool and gun targets beforehand. As an attention check, participants were instructed to 

type the percentage of targets they will see in an open text field on the following screen. To rule out 

order effects, the base-rate conditions were presented in random order for each participant. 

In each trial, participants saw a sequence of a fixation cross (500 ms), a face prime (200 ms), a 

target object (200 ms), a pattern mask (300 ms), and a feedback screen (1000 ms) in the center of the 

screen. In practice trials, possible feedbacks were "correct", "false", or "too slow". In experimental 

trials, either no feedback occurred or "too slow" was provided as feedback. Participants had a 

response time limit of 500 ms after target onset. Participants were instructed to identify as fast and 

accurately as possible the target object while ignoring the face prime. For each participant, responding 

with "gun" or "tool" was randomly assigned to response keys D and L. After completing the WIT, 

https://osf.io/9e6sa/
http://www.prolific.co/
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participants completed a basic demographics questionnaire (age, gender, and race) and were asked 

what they thought the study was about. At the end of the study, participants were thanked and 

debriefed. 

MPT Modeling Procedure. We used the Bayesian hierarchical latent-trait MPT approach 

of Klauer (2010) as implemented in TreeBUGS (Heck et al., 2018) to estimate the PDP. For assessing 

goodness-of-fit, we used the test statistics T1 and T2 to calculate Bayesian posterior predictive p-

values. T1 summarizes how well the model accounts for the average response frequencies across 

participants. T2 summarizes how well the model accounts for the variances and correlations of the 

response frequencies across participants. The posterior predictive p-value represents the comparison of 

the calculated test statistics obtained for observed and predicted response frequencies, with a value of 

p > .05 typically seen as evidence that model assumptions are in line with the data (Klauer, 2010; 

Klauer et al., 2015).  

For Bayesian model comparison, we used the Deviance Information Criterion (DIC; Klauer et 

al., 2015; Spiegelhalter et al., 2002) and the Widely Applicable Information Criterion (WAIC; Vehtari 

et al., 2017; Watanabe, 2010) as information criteria taking model complexity into account. The 

model with the lowest DIC (WAIC) value represents the best compromise between model fit and 

model complexity. An ∆DIC (∆WAIC) difference larger than two is typically interpreted as evidence 

for one model compared to the other (Burnham & Anderson, 2004; Klauer et al., 2015; Spiegelhalter 

et al., 2002). We used the R package TreeBUGS (Heck et al., 2018) to estimate the MPT-models of 

interest. The Markov Chain Monte Carlo (MCMC) algorithm was run for three independent 

estimation chains with 1,000,000 iterations each, of which 100,000 were removed as a burn-in. Every 

500th iteration was retained to compute summary statistics. The Rubin-Gelman statistics R̂ was 

smaller than 1.05 for all parameter estimates across all models, showing an acceptable convergence of 

MCMC sampling.   

Results  

Prior to all analyses, we excluded trials with latencies <100 ms and >1500 ms, resulting in 

exclusion of 4.76% of the trials. Given N = 171 participants, a sensitivity power analysis revealed that 
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a relatively small within-subject population effect size of ηp2 = .046 (cf. Cohen, 1988)2 can be 

detected in repeated measures ANOVA F(1,170) tests with a Type-1 error level of α = .05 and a 

statistical power of 1-β = .80 (Faul et al., 2009). This holds for any main or interaction F(1, 170) test 

(and simple main effect t-test) in Study 1. Thus, our study is sufficiently powered. 

ANOVA Analyses. A 2 (prime) x 2 (target) repeated analysis of variance (ANOVA) of the 

error rates (Table 1) pooled across base-rate conditions resulted in a significant prime-target 

interaction, F(1,170) = 11.08, p = .001, ηp2 = .061, descriptively in line with the pattern indicative of 

racial bias. The three-way 2 (base-rate) x 2 (prime) x 2 (target) interaction was not significant, 

F(1,170) = 1.77, p = .19, ηp2 = .010, indicating that the base-rate condition did not modulate the 

prime-target interaction. 

__________________________________ 

Insert Table 1 about here 

__________________________________ 

To take a closer look at the prime-target interaction, we calculated this interaction separately 

for each base-rate condition. In the MG condition, the prime-target interaction was significant 

F(1,170) = 10.09, p = .002, ηp2 = .056. Guns were less often misidentified as tools after Black primes 

(M = 16.0%, SD = 10.2) versus White primes (M = 18.1%, SD = 10.2; t(170) = 2.63, p = .009, dZ = 

0.201), whereas tools were more often misidentified as guns after Black primes (M = 54.1%, SD = 

20.3) versus White primes (M = 50.8%, SD = 18.6; t(170) = 2.90, p = .004, dZ = 0.221). In the MT 

condition, the prime-target interaction was also significant F(1,170) = 5.26, p = .023, ηp2 = .030. 

However, in this condition guns were not misidentified significantly less often as tools after Black 

primes (M = 49.9%, SD = 19.8) versus White primes (M = 51.3%, SD = 18.3; t(170) = 1.29, p = .20, 

 

2 In line with Cohen (1988), boldface notation indicates population effect sizes (e.g., ηp2) whereas 

standard notation indicates estimated sample effect sizes (e.g., ηp2) in what follows. 
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dZ = 0.098), whereas tools were misidentified more often as guns after Black primes (M = 16.5%, SD 

= 9.9) versus White primes (M = 50.8%, SD = 18.6; t(170) = 2.78, p = .006, dZ = 0.212).  

MPT Modeling. The unconstrained PDP model showed acceptable model fit (p(T1) = .492; 

p(T2) = .081; Table 2). Mean parameter estimates and their corresponding 95%-Bayesian Credibility 

Interval (BCI) are listed in Table 3. To assess the influence of race on response bias, we calculated the 

ratio AB/AW which indicates racial bias against Black males when it is larger than one. The ratio was 

larger than one for the MG (AB/AW = 1.059 [1.020 – 1.103]) and the MT (AB/AW = 1.187 [1.061 – 

1.326]) condition. To test whether these ratios differ significantly from one, we compared model fit, 

DIC and WAIC of the unconstrained model with models including the constraint AB = AW for the 

respective base rate condition. The unconstrained model performed better (DIC = 7244.1, WAIC = 

7063.4) than the respective AB = AW constrained model for both the MG (p(T1) = .065, p(T2) <.001, 

DIC = 7381.2, WAIC = 7303.2) and the MT (p(T1) = .154, p(T2) = .006, DIC = 7290.4, WAIC = 

7170.4) condition, suggesting an influence of race on response bias.  

To investigate the influence of race on object discrimination, we calculated the ratios CBG/CBT 

and CWG/CWT which indicate how Black vs. White primes, respectively, facilitate discrimination of 

the gun targets relative to tool targets. The ratios CBG/CBT (1.544 [1.167 – 2.078]) and CWG/CWT 

(1.470 [1.127 – 1.956]) were both larger than one. To test whether the ratios CBG/CBT and CWG/CWT 

differ significantly from each other in an ordinal fashion, we compared model fit of a baseline model 

assuming CB,T = sB ⋅ CB,G and CWT = sW⋅ CW,G to a model with the same parameter structure and 

the additional equality constraint sB = sW. This comparison allows to test for an ordinal interaction 

effect of prime and target condition for the controlled process parameter (Kuhlmann et al., 2019). 

This test revealed that the model with the equality constraint sB = sW fitted the data better (p(T1) = 

.117, p(T2) = .011, DIC = 7287.1, WAIC = 7146.0) than the unconstrained model (p(T1) = .118, 

p(T2) = .009, DIC = 7302.9, WAIC = 7180.5). Thus, there is no support for the discrimination bias 

hypothesis according to which racial bias is mediated by object discrimination. A model constraining 

the shrinkage parameters equal to one (i.e., sB = sW = 1) did not fit the data well (p(T1) = .001, 

p(T2) <.001, DIC = 7425.3, WAIC = 7398.4), indicating that there is a higher probability of 
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successful controlled responding for gun compared to tool targets. Similarly, a model constraining all 

controlled process parameters to be equal (i.e., CB,G = CB,T = CW,G = CW,T) did not fit the data well 

(p(T1) = .001, p(T2) <.001, DIC = 7418.8, WAIC = 7395.2). 

__________________________________ 

Insert Table 2 & 3 about here 

__________________________________ 

Discussion 

Across both base-rate conditions, participants displayed a weapon identification bias 

modulated by prime race. Tool targets were more often misidentified as guns after Black male faces 

compared to White male faces. Furthermore, results of Study 1 supported the hypothesis that racial 

bias in the WIT is mediated by response bias but did not support discrimination bias as a mechanism 

driving racial bias in the WIT. Our results rest on the assumption that base-rate manipulations of 

target objects selectively affect response bias while leaving discrimination unaffected. Notably, this is a 

standard assumption often made in discrimination and recognition research (e.g., Buchner et al., 1995; 

Conrey et al., 2005).  

Although Study 1 suggests that racial bias in the WIT is more likely mediated by response 

bias than by discrimination processes, it is silent about the generalizability of this finding. For 

example, it remains an open question so far whether the finding still holds when participants are 

prompted to use race information as a cue to identify the following target object. We therefore 

investigated this research question in Study 2. 

Study 2 

Study 2 included two experimental groups that differed in task instructions. The control group 

of Study 2 was a direct replication of Study 1. The "racial profiling" group received an additional 

instruction to use the race of the prime for object discrimination (as detailed below). Hence, Study 2 

allowed us to investigate the replicability of Study 1 on the one hand and the generalizability of 

results to participants working under "racial profiling" instructions on the other hand. 
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Method 

Participants. As in Study 1, we aimed at a sample size of 170 participants for each of the 

two experimental groups. We used the same data collection strategy as in Study 1, including an 

attention check test for the racial profiling group. The collected sample consisted of 430 participants 

(Missing responses: Mean = 8.9%, SD = 15.8%, Median = 2.3%). We excluded 88 participants with 

more than 18.3% missing responses, resulting in a final sample size of N = 171 for the control group 

and N = 171 for the racial profiling group. Mean age was 35.3 years (SD = 12.6) and participants 

indicated their gender as 170 female, 164 male, and 8 other. Race of participants was 9.4% Black, 

68.1% White, and 22.5% other. 

Design. Independent variables were group (experimental vs. control, between Ss), base rate 

(more guns vs. more tools, within S), prime face (Black vs. White, within S) and target object (gun 

vs. tool, within S). All four independent variables were completely cross-classified in a balanced 2 x 2 

x 2 x 2 mixed design. The participants’ error rates per condition served as the dependent variable. 

Materials. Target images were the same as in Study 1. The racial profiling instruction 

employed in the experimental group was taken from Payne et al.’s (2002) "Use Race" instruction:  

"The faces will be from either White (European American) or Black (African American) 

people. Research has shown that the race of the face sometimes impacts the ways that people 

classify the second object. People are sometimes faster and more accurate in responding to 

guns after a Black face than after a White face. You have been randomly assigned to take 

the "racial profiling" condition. Regardless of your personal views, we would like you to play 

the role of someone engaged in racial profiling. That is, try to make correct classifications, 

but we would like you to use the race of the faces to help you identify the gun or tool in 

question."  

Procedure. Data collection was conducted online via Prolific with the same sample 

specifications as in Study 1. The study took about 28 minutes and participants were rewarded 3.50£. 

The study procedure was the same as in Study 1 except that the racial profiling group received the 

additional racial profiling instruction after they provided their consent. As additional attention check 
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test in this condition, participants had to indicate the experimental group they have been assigned to 

in an open text field presented on the screen that followed the racial profiling instruction.  

MPT Modeling Procedure. The modeling procedure was the same as in Study 1. Models 

were estimated separately for the control and racial profiling group. The Rubin-Gelman statistics R̂ 

was smaller than 1.05 for all parameter estimates across all models, showing an acceptable 

convergence of MCMC sampling. 

Results 

Prior to all analyses, we excluded trials with latencies <100 ms and >1500 ms resulting in the 

exclusion of 3.6% of the trials. Within each of the two experimental groups of participants, statistical 

power of the F(1, 170) tests (and simple main effects t-tests) is identical to Study 1. For the F(1, 340) 

tests involving both experimental groups, statistical power is even higher. Thus, like Study 1, Study 2 

is well-powered. 

ANOVA Analyses. A 2 (prime) x 2 (target) ANOVA for the error rates resulted in 

significant interactions for both the control group, F(1, 170) = 33.85, p < .001, ηp2 = .166, and the 

racial profiling group, F(1, 170) = 51.66, p < .001, ηp2 = .233. Replicating Experiment 1, these 

interactions are in line with the expected weapon identification bias. The three-way 2 (base-rate) x 2 

(prime) x 2 (target) interaction was significant for the control group, F(1, 170) = 7.25, p = .008, ηp2 = 

.041 and just insignificant for the racial profiling group, F(1, 170) = 3.69, p = .056, ηp2 = .021, 

indicating that the base-rate condition moderated the size of the prime-target interaction at least in 

the control condition, in contrast to what we observed in Study 1. The three-way 2 (instruction) x 2 

(prime) x 2 (target) between-group interaction was also significant, F(1, 340) = 23.00, p < .001, ηp2 = 

.063. This result indicates a stronger prime-target interaction in the racial profiling group compared to 

the control group. 

To take a closer look at the prime-target interaction, we also calculated these interactions 

separately for each base-rate and instruction condition. Table 1 lists mean error rates and their 

standard deviations for each instruction x base-rate x prime x target combination. For the control 

group, the respective prime-target interaction was significant for both the MG condition, F(1,170) = 
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5.69, p = .018, ηp2 = .032, and the MT condition , F(1,170) = 30.31, p < .001, ηp2 = .151. Guns were 

misidentified less often as tools after Black primes in both the MG, t(170) = 2.54, p = .012, dZ = 

0.194 and the MT condition t(170) = 4.03, p < .001, dZ = 0.308. Also, tools were misidentified more 

often as guns after Black primes versus White primes. Whereas this effect just failed to be significant 

in the MG condition, t(170) = 1.67, p = .097, dZ = 0.128, it was significant in the MT condition 

t(170) = 5.16, p < .001, dZ = 0.395. For the racial profiling group, the respective prime by target 

interaction was significant for the MG, F(1,170) = 42.04, p < .001, ηp2 = .198, and the MT condition , 

F(1,170) = 55.49, p < .001, ηp2 = .246. Guns were misidentified less often as tools after Black primes 

in both the MG condition, t(170) = 6.06, p < .001, dZ = 0.464, and the MT condition t(170) = 8.13, p 

< .001, dZ = 0.622, whereas tools were misidentified more often as guns after Black primes in the MG 

condition, t(170) = 5.94, p < .001, dZ = 0.454, and the MT condition t(170) = 5.51, p < .001, dZ = 

0.421. 

MPT Modeling. The generalized PDP model showed acceptable fit for the control (p(T1) = 

.462; p(T2) = .119) and the racial profiling group (p(T1) = .520; p(T2) = .291; Table 2). Mean 

parameter estimates and their corresponding 95%-Bayesian Credibility Intervals (BCI) are listed in 

Table 3. Regarding the influence of race on response bias, the ratio AB/AW was larger than one in the 

control group for both the MG (1.027 [0.993 – 1.063]) and the MT (1.280 [1.141 – 1.432) condition. 

For the racial profiling group, AB/AW was also larger than one for the MG (1.078 [1.027 – 1.128]) and 

the MT (1.352 [1.155 – 1.564) condition. To test whether AB/AW = 1 holds, we compared model fit, 

DIC, and WAIC between the unconstrained models and the models including the constraint AB = 

AW, separately for the respective experimental group and base-rate condition. For the control group, 

the unconstrained model performed better (DIC = 7122.9, WAIC = 6960.6) than the model with the 

AB = AW constraint for the MT condition (p(T1) < .001, p(T2) = .035, DIC = 7180.4, WAIC = 

7057.9). For the MG condition, the result was similar for WAIC but inconclusive for DIC (p(T1) = 

.385, p(T2) = .107, DIC = 7123.0, WAIC = 6980.5), indicating partial support for the influence of 

race on response bias. For the racial profiling group, the unconstrained model performed better (DIC 

= 7201.8, WAIC = 6958.2) than the model with the AB = AW constraint for both the MG (p(T1) < 
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.001, p(T2) < .001, DIC = 7472.9, WAIC = 7421.1) and the MT condition (p(T1) < .001, p(T2) < 

.001, DIC = 7535.1, WAIC = 7467.1), also indicating support for the response bias hypothesis. 

Regarding the influence of race on object discrimination in the control group, the ratios 

CB,G/CB,T (1.377 [1.109 – 1.735]) and CW,G/CW,T (1.278 [1.047 – 1.576]) were both larger than one. In 

the racial profiling group, the ratio CB,G/CB,T was also larger than one (1.725 [1.348 – 2.233]) while 

CW,G/CW,T (0.928 [0.741 – 1.144]) was smaller than one. To test whether these ratios differ 

significantly from each other, we again compared the order constrained base model assuming CB,T = 

sB ⋅ CB,G and CWT = sW ⋅ CW,G with a model that additionally equates sB = sW.  

For the control group, this comparison revealed that the equated model (p(T1) = .256, p(T2) 

= .027, DIC = 7172.8, WAIC = 7065.3) fitted the data better than the unconstrained model (p(T1) = 

.226, p(T2) = .026, DIC = 7178.5, WAIC = 7075.5), indicating no support that racial primes affect 

object discrimination. A model assuming sB = sW = 1 did not fit the data well (p(T1) <.001, p(T2) = 

.002), indicating more successful controlled responding for gun compared to tool targets. Similarly, a 

model constraining all controlled process parameters to be equal (i.e., CB,G = CB,T = CW,G = CW,T) 

did not fit the data well (p(T1) < .001, p(T2) = .003, DIC = 7297.1, WAIC = 7278.6). 

For the racial profiling group, the order-constrained base model assuming CB,T = sB⋅ CB,G and 

CW,T = sW ⋅ CW,G did not fit the data (p(T1) = .026, p(T2) = .123). This reflects the fact that CW,T = 

sW ⋅ CW,G cannot account for the data because CW,G is smaller than CW,T. The misfit of this model 

thus provides evidence for a disordinal prime-target interaction in the C-parameter, showing that 

racial bias is mediated by target discrimination in the experimental group. Accordingly, a model that 

constrains all controlled process parameters to be equal (i.e., CB,G = CB,T = CW,G = CW,T) did not fit 

the data well either (p(T1) < .001, p(T2) = .022, DIC = 7294.8, WAIC = 7180.3). 

Discussion   

A weapon identification bias modulated by race was observed across both base-rate conditions 

for both experimental groups. However, in line with Payne et al. (2002), the racial profiling group 

displayed stronger racial bias effects than the control group. Furthermore, the modeling results for the 

control group successfully replicate Study 1 and again supported the hypothesis that WIT 
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performance is driven by response bias rather than by discrimination bias. In contrast, the results for 

the racial profiling group indicated that both response bias and discrimination bias may be involved 

when a person is prompted to employ race primes for object identification. In sum, the results of 

Study 2 replicate Study 1 by showing that racial bias in the WIT is due to response bias in the first 

place. However, when participants are explicitly instructed to make use of the prime’s race for object 

identification, discrimination bias may boost racial bias in addition. 

General Discussion 

The current research examined the source of racial bias as typically observed in the Weapon 

Identification Task (WIT). Overall, results suggest a dominant role of response bias, a conclusion that 

is congruent with previous WIT research (Payne et al., 2005). We also found that discrimination bias 

may add to racial bias in the WIT (Klauer et al., 2015). However, in our research, this happened only 

when participants were explicitly instructed to use the race of the prime for target identification. 

Strong Evidence for Response Bias underlying WIT performance 

The results of both of our studies indicate that response bias is a major determinant of racially 

biased responding in the WIT. This means that automatic stereotypic associations elicited by the 

prime create an additional stream of information that induces response bias moderated by race 

whenever controlled processing fails. This aligns well with other model-based analyses that observed 

response biases moderated by primes’ race. For example, according to the diffusion model analysis of 

Todd et al. (2021), participants have a higher initial bias towards gun responses following Black faces, 

a preference that is stronger when race information is salient. Laukenmann et al. (2023) used response 

time-extended MPT models to compare different process models based on the PDP. Their model 

comparison favored the Default Interventionist Model (DIM; Klauer & Voss, 2008) according to which 

an initial default response moderated by race primes is activated instantly, in line with the findings of 

Todd et al. (2021). In the framework of the DIM, response bias, mirrored in the A-parameter, only 

drives the response if controlled processing fails to discriminate the target object correctly or to 

resolve possible response conflict if the default response is incongruent with the target (Klauer & Voss, 

2008; Laukenmann et al., 2023). 



RACIAL BIAS IN WEAPON IDENTIFICATION   19 

In line with this, several previous findings suggest that racial bias depends on participants’ 

cognitive and motivational abilities to exert control. For example, people motivated to control their 

prejudices (Volpert-Esmond et al., 2020) or individuals with higher inhibitory capacities (Ito et al., 

2015) display overall better WIT performance. Also, participants with depleted executive resources 

show more racial bias (Govorun & Payne, 2006). Hence, our results align well with previous research 

on response bias as a major mechanism driving racial bias in the WIT. Specifically, automatic default 

responses may lead to weapon identification bias if these default responses are not corrected effectively 

by controlled processes. 

Mixed Evidence for Discrimination Bias in the WIT  

The results of Study 2 suggest that discrimination bias can additionally boost racial bias if 

participants are instructed to use the primes’ race as a cue for responding. Hence, if participants are 

inclined to use the primes’ race for object discrimination, this may influence the interpretation of early 

chunks of information in the light of contextual cues provided by the racial stereotype. Consequently, 

when racial information is salient, participants might misperceive presented objects and create 

distorted perceptions, such as confusing the shaft of a screwdriver with a barrel of a gun after seeing a 

Black face prime (Klauer et al., 2015; Klauer & Voss, 2008; Payne et al., 2005).  

Addressing a similar research question, Todd et al. (2021) manipulated race salience in the 

WIT by asking participants to sort faces by race (Race-salient condition: Black vs. White faces) or by 

another, non-racial criterion like age (Age-salient condition: Young vs. Old faces). In their diffusion 

model analysis of the WIT which participants performed afterwards, race salience only led to a 

generally faster rate of object information extraction following Black faces. However, no prime-target 

interaction effect on information extraction was observed, irrespective of whether the race was salient 

or not. This suggests that race salience does not moderate discrimination bias in the WIT, in contrast 

to our results. A possible explanation is that the race sorting task used by Todd et al. (2021) generally 

boosts object discrimination following Black faces, whereas the racial profiling instruction we used in 

Study 2 explicitly ties the Black face with a better discrimination for weapon than for tool targets. 
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Hence, the nature of the race salience manipulation may influence whether race salience fosters 

discrimination bias in the WIT or not. 

In contrast to both Todd et al.’s (2021) and our results, Klauer et al. (2015) found convincing 

evidence for discrimination bias even when race was not made salient. Notably, they used a German 

student sample and a high number of task trials in their Study 5. One possible explanation in line 

with our findings could be that race salience is generally increased for German university students 

because Black people are relatively rare in Germany compared to the United States. Also, a high 

number of task trials may motivate participants to rely more on the primes’ race as additional 

information for object discrimination. Taken together, these differences in sample and study 

characteristics might have led participants to rely more on racial profiling as a response strategy. 

In principle, differences in data analysis strategies employed by Klauer et al. (2015) and in our 

current research may affect the conclusions. In the analyses reported in the Results section, we 

assessed the effect of race on the C- and A-parameters of the generalized PDP model. This allows us 

to investigate whether (1) response bias, (2) discrimination bias or (3) both biases are involved in 

WIT performance. In contrast, Klauer et al. (2015) compared the DIC model selection statistics of 

three generalized PDP models: model M1 with the C-parameters allowed to vary between target types 

and prime races (i.e., the model we used), model M2a with the C-parameters equated across target 

types (i.e., the conventional PDP specification), and M2b with the C-parameter equated across prime 

races. They report a better fit for M1 compared to M2a and interpreted this as support for a prime-

target interaction effect of the C-parameter. However, they also report a better fit of M2b compared 

to M1. This suggests that there is a strong influence of target type on the C-parameter while the 

effect of the prime on the C-parameter is negligible. Note that the same pattern is also evident in our 

results of Study 1 and in the control group of Study 2, as the C-parameters are reliably larger for gun 

compared to tool targets in both studies. Thus, despite different data analysis strategies, Klauer et 

al.’s and our current work exhibit more similarities of results than the differences in conclusions 

concerning the role of discrimination bias in the WIT might suggest. 
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A recent study by Stein et al. (2023) approached the possible role of discrimination bias 

underlying the WIT in a different way. Stein et al. (2023) investigated whether participants become 

aware of weapons earlier if preceded by a Black male face. Hence, their study did not focus on 

whether race distorts the early perception and interpretation of an object, but rather whether objects 

have a lower stereotype-congruent awareness threshold in the first place (i.e., a faster awareness of 

guns compared to tools following Black face prime). In addition to a standard WIT, their participants 

performed a breaking Continuous Flash Suppression task (b-CFS). Using a stereoscope, the b-CFS is a 

binocular rivalry task with the target object presented to one eye and a CFS flashing mask to the 

other eye, preceded by a face prime for both eyes. In an experimental trial, the target objects’ 

transparency was decreased whereas CFS masks’ transparency was increased. Participants response 

time to locate the target object above or below a fixation cross is interpreted as measure for when the 

target object enters participants’ awareness. Although Stein et al. (2023) replicated a typical weapon 

identification bias in the WIT, the b-CFS showed no corresponding bias. They concluded that weapon 

identification bias does not result from initial perceptual processes but response-related processes. This 

converges with our findings in Study 1 and in the control group of Study 2. 

The Role of Conflict Resolution 

As mentioned before, besides their important role for correct object perception and 

interpretation, controlled processes may also be important for resolving conflicts between different 

streams of task information (Ito et al., 2015; Klauer et al., 2008; Laukenmann et al., 2023). Hence, 

these conflict resolution processes might provide an alternative explanation how object discrimination 

may vary as a function of prime and target, in contrast to biased early perceptions and interpretations 

of target objects.  

In the conflict resolution account, participants are more successful in integrating the extracted 

perceptual information from the target object and the default response elicited by the prime race if 

both pieces of information are congruent rather than incongruent. For example, a gun target following 

a Black face prime produces less conflict between the default gun response and the perceptual 

information compared to a tool target following a Black face prime. Although Study 1 and the control 
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group in Study 2 showed no prime-target interaction effect on object discrimination, the racial 

profiling group in Study 2 did. The conflict resolution account would explain this by an increased 

cognitive conflict when race is salient. The reason is that the racial profiling instruction makes it 

harder for participants to inhibit salient incongruent default responses, resulting in worse performance 

in incongruent trials and better performance in congruent trials. 

Unfortunately, our generalized PDP model does not provide for a straightforward way to 

disentangle whether early perceptual processes, conflict resolution, or both underly discrimination bias 

as observed for the racial profiling group in Study 2. Hence, this remains an open question for future 

research. 

Specification of the Process Dissociation Model 

Our research is also informative with respect to the question whether the PDP in its 

conventionally used form – equating the controlled process parameter across target conditions – is a 

reasonable measurement model to estimate the influence of automatic and controlled processes on 

WIT performance (Payne, 2001). Employing a generalized PDP model for two base-rate conditions, 

we observed no interaction effect on the C-parameter in Study 1 and in the control group of Study 2. 

However, a main effect of the target object was observed in both studies, with reliably larger C-

estimates for gun than for tool targets. This aligns well with the finding of Klauer et al. (2015) that 

equating the C-parameter across primes (resulting in one C-parameter for guns and another for tools), 

may also be a legitimate generalized PDP model specification besides the conventional PDP model. 

Thus, when only the standard four conditions are available (Black versus White primes crossed with 

guns versus tools), the PDP model best supported by the current evidence would include two separate 

C-parameters for guns and tools next to two separate A-parameters for Black and White face primes. 

To be on the safe side, however, it may be advantageous to use a generalized PDP model in future 

research that allows the C-parameter to vary freely between all prime race and target type conditions 

(i.e., model M1 of Klauer et al., 2015, which is also the model we used). As Study 2 shows, this is 

particularly important when experimental manipulations like the racial profiling instruction are used 

that might foster discrimination bias in addition to response bias. 
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Limitations 

Two possible limitations of our current research should be discussed briefly. First, the findings 

of the current study rely on the assumption that the C-parameter is not affected by the base-rates of 

targets. Notably, this is a common assumption in discrimination and recognition research (Buchner et 

al., 1995; Conrey et al., 2005) that has often been used in different contexts and does not appear to be 

problematic. In this sense, our procedure is comparable to the pay-off manipulation used by Klauer et 

al. (2015) to manipulate response bias A selectively, also based on the assumption that C is not 

affected by pay-offs.  

Second, our base-rate manipulation led to higher error rates for low base-rate targets 

compared to high base-rate target. This pattern is consistent across both studies and independent of 

target object type. Importantly, however, despite this difference in accuracy for low and high base rate 

targets, the error rates reflected a prime-target interaction indicative of racial bias in all studies. 

Regarding PDP-parameter estimates, the base-rate manipulation is mirrored in the size of A-

parameters as intended, that is, with large A-parameters in the more gun base-rate condition and 

small A-parameters in the more tool base rate condition. C-parameter estimates generally entailed 

small values. However, C estimates were clearly larger than zero which shows that controlled 

responding occurred in our studies. In sum, although error rates tended to be high in the low base-rate 

conditions, this does not call into question that the generalized PDP can be used to assess the role of 

response bias and discrimination bias as mechanisms driving racial bias in the WIT. 

Conclusion 

In two independent pre-registered studies based on N = 513 participants, we found support 

for the hypothesis that response bias is the main mechanism driving racial bias in the WIT. This 

means that automatic stereotypic associations, elicited by the prime’s race, lead to an additional, 

interfering stream of information besides controlled discrimination processes. This may lead to the 

typical racially biased response patterns in weapon identification when controlled object 

discrimination fails. This notwithstanding, if participants attend to race during object identification 
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(e.g., because race information is salient), discrimination bias may play an additional role in racially 

biased responding. Specifically, the primes’ race may provide stereotype-biased context cues when 

participants aim to resolve the perceptual ambiguity in target object identification. In sum, both 

biases can lead to racially biased responding in weapon identification, although discrimination bias 

becomes important only when people attend to race as a task-relevant cue. From an applied 

perspective, the two biases suggest at least two strategies to weaken racial biases in spontaneous 

behavior: First, reducing response bias effects by enhancing the capacity to inhibit automatic threat-

based associations and second, facilitating unbiased object discriminations by reducing the salience of 

race. 
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Figure 1 
Generic PDP model for the Weapon Identification Task.  

 

Note. Process Dissociation Procedure (PDP; Figure taken from Laukenmann et al., 2023). Parameters 

C and A denote probabilities of response determination by a controlled process and an automatic 

process, respectively. Note that A is conditional on a failure of the controlled process, that is, A 

represents the conditional probability of response determination by an automatic process given 

controlled process failure. 
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Table 1 
Mean proportion of errors by prime, target and base-rate condition in Study 1 and 2 

 Prime 

 Black White 

Target M SD M SD 

Study 1     

   More Gun condition     

      Gun     .160 .102 .181 .102 

      Tool     .541 .203 .508 .186 

   More Tool condition     

      Gun     .499 .198 .513 .183 

      Tool     .165 .099 .147 .100 

Study 2     

Control Group     

   More Gun condition     

      Gun     .141 .100 .153 .100 

      Tool     .500 .204 .483 .203 

   More Tool condition     

      Gun     .438 .192 .481 .205 

      Tool     .161 .111 .130 .099 

Racial Profiling Group     

   More Gun condition     

      Gun     .131 .112 .196 .134 

      Tool     .532 .219 .448 .216 

   More Tool condition     

      Gun     .404 .209 .524 .188 

      Tool     .205 .151 .140 .113 
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Abstract 

The weapon identification task (WIT) is a sequential priming paradigm designed to assess 

effects of racial priming on visual discrimination between weapons (guns) and innocuous objects 

(tools). We compare four process models that differ in their assumptions on the nature and interplay 

of cognitive processes underlying prime-related weapon-bias effects in the WIT. All four models are 

variants of the process dissociation procedure, a widely used measurement model to disentangle effects 

of controlled and automatic processes. We formalized these models as response time-extended 

multinomial processing tree models and applied them to eight data sets. Overall, the default 

interventionist model (DIM) and the preemptive conflict-resolution model (PCRM) provided good 

model fit. Both assume fast automatic and slow controlled process routes. Additional comparisons 

favored the former model. In line with the DIM, we thus conclude that automatically evoked 

stereotype associations interfere with correct object identification from the outset of each WIT trial. 
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Cognitive Processes Underlying the Weapon Identification Task: 

A Comparison of Models Accounting for Both Response Frequencies and Response 

Times 

Motivated by various incidents of police shootings of unarmed Black men, several studies 

investigated the visual discrimination between weapons and perceptually similar innocuous objects as 

a function of person characteristics such as race (Payne, 2001; Rivers, 2017). To investigate the 

influence of racial stereotypes on object identification, Payne (2001) proposed the weapon 

identification task (WIT). The WIT is a sequential priming paradigm. Participants are instructed to 

identify visually presented objects as either weapons (e.g., guns) or innocuous objects (e.g., tools). In 

the standard version of the WIT, target objects are preceded either by a Black or a White male face 

(Rivers, 2017). Many studies found that innocuous objects are more often erroneously misidentified as 

weapons following a brief presentation of a Black male face compared to a brief presentation of a 

White male face. In addition, participants identify a weapon typically faster after seeing a Black male 

face prime and an innocuous object faster after seeing a White male face prime. This result pattern, as 

reflected in error rates and response times, is known as weapon identification bias (Payne, 2001; 

Rivers, 2017; Todd et al., 2021). According to the meta-analysis of Rivers (2017), the weapon 

identification bias has a large effect size for error rates (η2 = .204) and a medium effect size for 

response times (η2 = .106). 

To investigate the cognitive processes underlying the weapon identification bias, Payne (2001) 

applied the process dissociation procedure (PDP), a measurement model that decomposes task 

performance in effects of controlled and automatic processes. Whereas the controlled process 

represents the ability to identify the target object correctly, the automatic process reflects a response 

bias towards weapons versus innocuous objects. The typical finding is that prime race does not affect 

the controlled process but the automatic process, with Black male face primes leading to a larger 

response bias towards weapons compared to White male face primes (e.g., Huntsinger et al., 2009; Ito 

et al., 2015; Payne, 2001; Payne et al., 2002). 
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Although the PDP model allows to disentangle and measure the contributions of automatic 

and controlled influences on performance, it is agnostic with respect to the exact specification and 

temporal order of these cognitive processes. In fact, as outlined by Klauer and Voss (2008), the PDP 

model is consistent with four different cognitive process models for the WIT. Identifying the 

empirically most adequate of these process models is important as different models suggest different 

intervention strategies to reduce weapon identification bias. Knowledge about the underlying processes 

enables a deeper understanding of the weapon identification bias and thus provides a better 

foundation for racial bias awareness programs and for racial bias reduction interventions (e.g., Kahn & 

Martin, 2020; Klauer & Voss, 2008; Swencionis & Goff, 2017).  

In this article, we first introduce the PDP and revisit the four psychological process models 

based on the PDP. We then formalize these process models in the framework of response time-

extended multinomial processing tree (MPT-RT) models (Heck & Erdfelder, 2016) and compare them 

across eight different data sets of the weapon identification task. Including response latencies in the 

PDP via MPT-RT modeling allows us to compare the four models empirically and to identify the 

best-fitting process model. Hence, the current research goes beyond previous qualitative comparisons 

based on observed response times and accuracy patterns (Klauer & Voss, 2008) by providing 

quantitative assessments of the latent processing mechanisms underlying empirical data. Such an 

assessment is not possible when response frequencies are considered in isolation, which has been 

routine practice in PDP analyses of WIT performance so far. Finally, we discuss implications as well 

as remaining limitations of our model comparison. 

Process Dissociation Procedure 

To measure the contributions of automatic and controlled processes to WIT performance, 

Payne (2001) proposed the process dissociation procedure. Since then, the PDP model has become a 

widely used dual-process model for analyzing performance in the WIT (e.g., Bishara & Payne, 2009; 

Huntsinger et al., 2009; Ito et al., 2015; Klauer et al., 2015; Payne, 2005). According to this model, 

the controlled process represents the latent ability to identify the target and thus always leads to a 

correct response if it succeeds. The controlled process is thought to be effortful and constrained by 



MODELS OF THE WEAPON IDENTIFICATION TASK  5 

available cognitive resources (Klauer & Voss, 2008; Payne, 2001). In contrast, the automatic process 

reflects a latent response bias towards weapons rather than innocuous objects. This automatic bias is 

typically activated by a prime stimulus and driven by preexisting cognitive structures (e.g., 

stereotypical associations induced by a preceding face prime). The automatic process is assumed to be 

effortless and spontaneous (Conrey et al., 2005; Schneider & Shiffrin, 1977; Shiffrin & Schneider, 

1977). Based on the participants’ task performance, the PDP model allows researchers to estimate the 

probabilities that responses are determined by controlled or automatic processes. Parameters C and its 

complement (1 – C) denote the probabilities that the controlled process succeeds or fails, respectively. 

Analogously, parameters A and (1 – A) represent the probabilities that automatic bias drives the 

response towards gun or tool, respectively.  

Figure 1 illustrates the PDP measurement model in the form of two processing tree diagrams, 

one for each target condition (i.e., gun and tool). The left side indicates the to-be-identified target 

object, followed by the possible processing branches (and their associated probabilities) that lead to 

certain responses in the WIT, as indicated on the right side of the trees. For the gun target tree (we 

refer to the weapon target condition as gun target condition), for example, the controlled process 

succeeds with probability C, resulting in the correct response gun. When the controlled process fails to 

determine the response with probability (1 – C), the automatic process may trigger the response gun 

with probability A and the response tool with the complementary probability (1 – A). For the tool 

target tree, the processing branches are analogous, except that the controlled process results in the 

correct response tool. 

____________________________________ 

Insert Figure 1 about here 

____________________________________ 

Parameters of processing tree models such as those illustrated in Figure 1 can be estimated 

using multinomial processing tree (MPT) modeling (for a tutorial, see Schmidt, Erdfelder, & Heck, 
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2023). To enable parameter estimation in MPT models, expected response probabilities are first 

derived by calculating the product of the probability parameters along each branch of a tree and then 

summing up those branch probabilities that refer to the same response. For example, a correct 

response in a gun target trial can be due to the controlled process being successful (with probability 

C) or due to an automatic response bias towards gun when the controlled process fails (with 

probability (1 – C) ⋅ A). The probability of a correct response thus equals the sum of these two 

probabilities: 

p(response gun | target object gun) = C + (1 – C) ⋅ A 

Based on a system of such model equations for all response categories in each condition, 

parameters are then estimated by minimizing an appropriate distance measure between observed and 

expected response frequencies (e.g., the log-likelihood ratio statistic G2). MPT models have previously 

been used to estimate PDP parameters for the WIT (Bishara & Payne, 2009; Klauer et al. 2015). 

Compared to alternative estimation methods based on simple algebraic equations (Payne, 2001), MPT 

modeling enables not only conjoint estimation of all relevant PDP parameters along with their 

standard errors in one or more experimental conditions but, more importantly, also the assessment of 

model fit whenever the number of parameters is less than the number of independent response 

categories. 

Nature of Cognitive Processes 

Despite the clear-cut definition of the parameters C and A as probabilities of latent cognitive 

processes underlying responses in the WIT, their psychological nature has been a matter of debate 

(e.g., Bishara & Payne, 2009; Klauer & Voss, 2008; Klauer et al., 2015; Payne, 2005). Conrey et al. 

(2005) considered four potential cognitive determinants of performance in the WIT (see also Evans, 

2007; Klauer & Voss, 2008; Sherman, 2006): 

• the ability to discriminate between weapons and innocuous objects 

• activation of racial associations (e.g., Black males are associated with guns) 

• the ability to resolve conflicts between racial associations and target identification (the so-

called overcoming bias) 
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• the guessing tendency towards one of the response options when none of the other processes 

determines the response 

These four processes closely relate to controlled and automatic processes in the PDP. 

Specifically, both the ability to discriminate between stimuli and the overcoming bias reflect 

controlled processes, whereas activation of racial associations and guessing tendencies reflect 

automatic processes (Klauer & Voss, 2008). For the PDP this implies that parameter C can reflect 

target discrimination, overcoming bias, or both, whereas parameter A may reflect activation of racial 

associations, guessing tendencies, or both. In addition, given that controlled and automatic processes 

may operate sequentially or in parallel, it is worthwhile to define more precisely how these processes 

interact and, if so, how they are temporally ordered.  

As the PDP is silent about the psychological nature of these processes and their temporal order 

and duration, several psychological process models based on the PDP are conceivable, each of which 

relies on different assumptions about the nature and the interplay of automatic and controlled 

processes. 

Process models for the WIT 

Based on Evans (2007), Klauer and Voss (2008) discussed four different psychological process 

models for the WIT that directly relate to the PDP. The preemptive conflict-resolution model 

(PCRM) assumes a preemptive decision whether the controlled process or the automatic process will 

determine the response. In comparison, the default interventionist model (DIM) presupposes that a 

default automatic response is always activated first which may or may not be successfully overcome 

by the controlled process subsequently. According to the parallel competitive model (PCM), in 

contrast, automatic and controlled processes run in parallel, sometimes requiring a subsequent conflict 

resolution process when the proposed responses disagree. Finally, the guessing model (GM) assumes 

that the controlled process determines the response, but if it fails to do so, the response is based on 

guessing. 

As detailed below, all four psychological process models are based on different assumptions 

about the nature and the chronological order of the underlying cognitive processes. This 



8                                                        MODELS OF THE WEAPON IDENTIFICATION TASK 

notwithstanding, they are all instantiations of the PDP that cannot be distinguished based on the 

accuracy of responses across the four prime-target conditions alone. In other words, these process 

models are empirically indistinguishable when formalized as simple PDP models for response 

frequencies.  

However, these models come along with different assumptions about the relative latencies of 

the processing branches of the PDP (Klauer & Voss, 2008) and can thus be tested against each other 

when predictions concerning relative latencies are considered in addition. To investigate the relative 

latencies of process branches in MPT models, Heck and Erdfelder (2016) proposed response time-

extended multinomial processing tree (MPT-RT) models. In the MPT-RT framework, responses are 

subclassified by their response time, for example, by a dichotomous split into fast versus slow 

responses. To transform an MPT model into an MPT-RT model, an additional probability parameter 

Lj is simply added to each branch of the MPT model such that branch j terminates in a fast response 

with probability Lj and in a slow response with the complementary probability (1 – Lj)1. Importantly, 

MPT-RT models allow to include equality constraints and order restrictions between latency 

parameters to test different hypotheses on the relative speed of processing branches. 

In the following, we present the four process models that Klauer and Voss (2008) discussed for 

the WIT in more detail and show how they can be formalized as MPT-RT models. To foreshadow, the 

four process models are formalized as specific versions of the PDP that rely on different 

parametrizations (with A conditional on C for PCRM and GM, and C conditional on A for DIM and 

PCM) and they differ in their latency assumptions for the processing branches. The corresponding 

MPT-RT model equations are listed in the online supplementary material. Table 1 presents an 

overview of the process models and their key assumptions. In what follows, we use the uppercase letter 

 

1 The latency parameter Lj may vary as a function of prime race, target object presented (i.e., G = 
gun; T = tool) and the previous process parameter in the branch the latency parameter belongs to 
(i.e., C, A, (1 – C), or (1 – A)). Subscripts + and - indicate that the parameter is conditional on A or 
(1 – A), respectively. 
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M with a subscript indicating the specific model to denote the proposed MPT-RT implementations of 

the respective process models (i.e., MPCRM, MDIM, MPCM, and MGM). 

____________________________________ 

Insert Table 1 about here 

____________________________________ 

Specifically, according to the preemptive conflict-resolution model (MPCRM) (Figure 2), an 

initial binary decision determines whether the response to a stimulus is driven by controlled processes 

with probability C or by automatic processes with probability (1 – C). Importantly, the MPCRM 

assumes that participants adjust their reliance on the controlled versus the automatic process 

preemptively on a trial-by-trial basis. For example, participants might try to respond more carefully 

after committing an error by relying more on the controlled process than the automatic process in the 

upcoming trial. Conversely, participants might choose to rely more often on automatic processes if 

cognitive resources are scarce or if they are under time pressure (Klauer & Voss, 2008). To reiterate, 

the controlled process necessarily results in a correct response, whereas the automatic process 

corresponds to the automatically activated associations of the prime that trigger the response gun with 

probability A and the response tool with the complementary probability (1 – A) for both target 

conditions.  

____________________________________ 

Insert Figure 2 about here 

____________________________________ 

Regarding processing times, the MPCRM assumes that automatic processes are equally fast, 

irrespective of the activated associations. Controlled processes are effortful and thus need more time to 

determine the response than spontaneous, prime-triggered automatic processes. When formalized in 

the MPT-RT framework, both automatic processing branches are assumed to be equally fast within 
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each prime-target condition (LA = L(1 – A)). Furthermore, latency parameters of the automatic 

processing branches (LA and L(1 – A)) are expected to be larger compared to the latency parameter of 

the controlled processing branch (LC). 

In contrast to the MPCRM, the default interventionist model (MDIM) lacks a preemptive 

conflict-resolution process. According to the MDIM (Figure 3), the automatic process suggests, based 

on activated associations, a default response towards gun with probability A or towards tool with 

probability (1 – A). This default response may then be overcome by the controlled process with 

probability C, resulting in a correct response. In contrast, if the default response is not overcome by 

the controlled process with probability (1 – C), the default response suggested by the automatic 

process is given. The DIM presupposes that the overcoming probabilities of controlled processes do not 

depend on whether the automatically suggested default response is gun (overcoming probability C+) 

or tool (overcoming probability C-). Hence, there is only a single process parameter for each prime 

condition C = C+ = C- that characterizes controlled processes in the MDIM. 

____________________________________ 

Insert Figure 3 about here 

____________________________________ 

Regarding processing times, the MDIM assumes that overcoming the default response is 

effortful and thus takes more time. In contrast, when the controlled process fails to intervene, the 

response follows a fast, spontaneous, prime-driven automatic process. In the MPT-RT framework, 

both processing branches that lead to the default response are assumed to be equally fast within each 

prime-target condition (L(1 – C+) = L(1 – C-)), and the same holds for both controlled processing 

branches (L(C+) = L(C-)). Furthermore, latency parameters of the default response branches (L(1 – C+) 

and L(1 – C-)) are expected to be larger than those corresponding to the controlled processing branches 

(L(C+) and L(C-)).  
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The parallel competitive model (MPCM) (Figure 4) resembles the MDIM in that the automatic 

process suggests, based on activated associations, a default response towards gun with probability A or 

towards tool with probability (1 – A). Other than in the previously discussed models, however, the 

controlled process runs in parallel to the automatic process in the MPCM. When either of the two 

parallel processes terminates, it suggests a response. If the automatic process proposes a response 

congruent with the target condition (with probability A for the gun target and (1 – A) for the tool 

target condition), it leads to a correct response in congruence with the controlled process. If the 

automatic process proposes a response incongruent with the target condition (with probability (1 – A) 

for the gun target and A for the tool target condition), the conflict is resolved in favor of the 

controlled process with probability C and in favor of the automatic process with probability (1 – C). 

____________________________________ 

Insert Figure 4 about here 

____________________________________ 

Regarding processing times, the MPCM assumes that processing branches characterized by 

congruency of suggested responses are fast (i.e., LG,A and LT,(1 – A)) whereas processing branches 

characterized by conflict between processes are equally slow (i.e., LG,C = LG,(1 – C) and LT,C =       

LT,(1 – C)). 

Finally, according to the guessing model (MGM), the response to a stimulus is either driven by 

a controlled or an automatic process with probability C and (1 – C), respectively. The basic 

processing-tree structure of the MGM is equivalent to the MPCRM (Figure 2) and thus does not require 

a new figure for purposes of illustration. However, both the psychological interpretation and the 

restrictions imposed on the parameters differ between the MGM and the MPCRM, making them 

distinguishable in terms of their empirical predictions. In the MGM, the controlled process succeeds in 

determining the correct response with probability C. If the controlled process fails with probability (1 

– C), the response is guessed as gun or tool with probabilities A and (1 – A), respectively, depending 
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on stereotypes activated by the prime. Regarding processing times, the MGM assumes that the 

controlled process results in faster responses compared to those of the automatic processing branches 

because additional guessing is involved in the latter. In the MPT-RT framework, both automatic 

processing branches are assumed to be equally fast within each prime-target condition (LA = L(1 – A)) 

and latency parameters of the automatic processing branches (LA and L(1 – A)) are expected to be 

smaller compared to the latency parameter of the controlled processing branch (LC).   

In sum, although the MGM and the MPCRM are equivalent in their MPT model equations, they 

differ with respect to the order restrictions imposed on the latency parameters. Specifically, automatic 

processing branches are faster in the MPCRM (LC < LA = L(1 – A)) whereas controlled processing 

branches are faster in the MGM (LC > LA = L(1 – A)). 

Overview of Model Comparisons 

As explained above, all four psychological process models are instantiations of the PDP but 

make different assumptions about the nature and the chronological order of the underlying cognitive 

processes. Hence, these models cannot be distinguished based on the accuracy of responses across the 

four prime-target conditions alone. However, because these process models impose different constraints 

on the latency parameters for each branch within the MPT-RT framework, they can be tested against 

each other, provided that both response frequencies and response latencies are available for all prime-

target conditions of the WIT.  

An appropriate framework for testing the four process models is response time-extended 

multinomial processing tree modeling (MPT-RT; Heck & Erdfelder, 2016). MPT-RT models enable 

the joint estimation of the core parameters C and A as well as the relative branch latencies Lj. 

Moreover, they allow researchers to test different sets of equality constraints and order restrictions on 

the parameters (Knapp & Batchelder, 2004) as those implied by the four process models. In contrast, 

previous work had to rely on comparisons of observed overall response times for correct and false 

responses across conditions (Klauer & Voss, 2008), that is, response times aggregated across different 

processing branches that terminate in the same response. 
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In what follows, we first evaluate the MPT-RT model fit of the psychological process models 

by re-analyzing eight previously published WIT data sets (Model Comparison 1). This allows us to 

identify whether there are specific process models that are in line with the available data originating 

from different samples, stimuli, and researchers applying the WIT. Second, we compare different sets 

of additional restrictions on the branch latencies and try to identify more parsimonious model versions 

that describe the observed data with fewer parameters (Model Comparison 2). Based on a simplifying 

restriction pattern that is in line with our data, we propose two extended MPT-RT models that 

discriminate between the best-fitting models of the previous comparison – the MPCRM and the MDIM – 

using plausible auxiliary assumptions (Model Comparison 3). For the sake of brevity, we focus on 

goodness-of-fit measures of the estimated models only. Group level parameter estimates, and their 

corresponding descriptive statistics are provided in the online supplementary material for Model 

Comparisons 1, 2, and 3 (https://osf.io/7vjrq). 

Model Comparison 1: Testing the Fit of the Four Process Models 

In Model Comparison 1, we estimated MPT-RT implementations of the four psychological 

process models MPCRM, MDIM, MPCM, and MGM (see Figures 2 to 4) with order restrictions on the 

parameters as listed in Table 1. The equations for each model can be found in the online 

supplementary materials. We performed model comparisons across eight data sets of the WIT as 

described in the next section. 

Method 

Study Search and Inclusion Criteria. Starting from the set of studies included in the 

meta-analysis by Rivers (2017), we selected North American studies that made use of the standard 

four-condition WIT paradigm, that is, investigated cross-classified White male faces and Black male 

faces as primes with guns and tools as target objects in 2 x 2 within-subject designs. We obtained a 

total of eight relevant data sets originating from five publications. The respective data sets were 

available either via the Open Science Framework (i.e., Madurski & LeBel, 2015; Rivers, 2017), or 

obtained by contacting the first or second author (i.e., Amon & Holden, 2016; Correll, 2008; Lambert 

et al., 2003). Table 2 provides an overview of the main characteristics of each data set such as the 

https://osf.io/7vjrq/?view_only=6aad29e8551d42e2bf2161cd344f2cca
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number of participants (Nsample = 22 – 50), the percentage of Caucasian participants (17 % – 83 %), 

the number of trials (Ntrials = 200 – 1,100), prime duration (200 ms – 300 ms), and the response time 

limit (500 ms – 1,000 ms). All data sets were obtained in the USA or in Canada and include responses 

from primarily non-black university students as participants. We used the data sets in the same way 

as they were used in the original publications and provided by the authors; no further participants 

were excluded. The single exception was the study by Lambert et al. (2003) for which only a part of 

the data set included response times in addition to response frequencies. If a data set contained 

additional experimental manipulations (Amon & Holden, 2016; Correll, 2008; Lambert et al., 2003; 

Madurski & LeBel, 2015) or additional prime stimulus materials (Rivers, 2017) compared to the 

standard procedure of the WIT (Payne, 2001), we excluded these trials from data analysis. 

____________________________________ 

Insert Table 2 about here 

____________________________________ 

MPT-RT Modeling Procedure. We used the hierarchical latent-trait model of Klauer 

(2010) as the statistical framework for all analyses. This model family allows for variability of all 

parameters across individuals such that the probit-transformed person parameters follow a joint 

multivariate normal distribution at the group level. In contrast to alternative hierarchical MPT 

models, the latent-trait model not only provides both individual and group-level parameters (i.e., 

parameter means) but also variances and correlations of person parameters across participants.  

For assessing goodness of fit, we used the Bayesian posterior predictive p-value based on the 

test statistics T1 and T2 (Klauer et al., 2015; Klauer, 2010). T1 summarizes how well the model 

accounts for the average response frequencies across participants. It resembles the Pearson goodness-

of-fit statistic χ2 often used in categorical data analysis (Klauer et al., 2015; Riefer & Batchelder, 

1991). The test statistic T2, in contrast, summarizes how well the model accounts for the variances 

and correlations of the response frequencies across participants. The posterior predictive p-value 
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represents the comparison of the calculated test statistics obtained for observed and predicted 

response frequencies. A value of p > .05 is typically seen as evidence that model assumptions are in 

line with the data (Klauer et al., 2015; Klauer, 2010).  

We used the R package TreeBUGS (Heck et al., 2018) to fit hierarchical versions of the four 

MPT-RT models to the eight data sets of interest. The Markov Chain Monte Carlo (MCMC) 

algorithm was run for three independent estimation chains with 750,000 iterations each, of which 

250,000 were removed as a burn-in period. Every 50th iteration was retained to compute summary 

statistics. For models MPCRM, MDIM, MPCM, and MGM, the parameters A and C were allowed to vary 

between primes (i.e., Black vs. White male face primes), and latency parameters Lj were allowed to 

vary between primes, target object conditions (i.e., guns vs. tools), and the previous process parameter 

in the branch the latency parameter belongs to (i.e., C, A, (1 – C), or (1 – A)). The Rubin-Gelman 

statistic R̂ was smaller than 1.05 for all parameter estimates across all models, showing an acceptable 

convergence of MCMC sampling.   

Response-Time Data Preparation. Regarding response times, we included all trials 

provided by the authors of the data sets, that is, all trials with response times faster than the 

response-time limit of the corresponding data set (between 500 ms and 1000 ms). To estimate MPT-

RT models, we divided trials into fast and slow responses for each participant based on whether a 

specific response was faster or slower than the individual mean of their log-transformed response times 

across response categories (see Heck & Erdfelder, 2016). This gives us two discrete RT bins of fast and 

slow responses for every correct and false response across conditions, separately for each individual. 

Although categorization of response times results in a loss of information compared to analyzing 

continuous response times, participant-specific categorization in fast and slow responses is 

advantageous because estimation is simpler, more robust, and does not need any a priori assumptions 

about the distribution of response times (Heck & Erdfelder, 2016). 
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____________________________________ 

Insert Table 3 about here 

____________________________________ 

Results 

Table 3 shows the goodness-of-fit measures for the four psychological process models MPCRM, 

MDIM, MPCM, and MGM including the respective order restrictions on the latency parameters for each 

data set. Regarding model fit statistics, models MPCRM and MDIM show acceptable fit in both test 

statistics for almost all data sets (p(T1)s > .218; p(T2)s > .177). The single exception is Study 1a of 

Amon and Holden (2016) with misfit in the T2 statistic (p(T1) < .005). In stark contrast, models 

MPCM, and MGM show blatant misfit in both test statistics for all data sets (all p(T1)s < .001; all 

p(T2)s < .008).  

Discussion 

The data clearly favor the preemptive conflict-resolution model MPCRM and the default 

interventionist model MDIM. In contrast, the parallel competitive model MPCM and the guessing model 

MGM are clearly rejected by the data. The reason for the good fit of MPCRM and MDIM is the typically 

observed data pattern that WIT error latencies are faster than correct response latencies. While this 

pattern can be accommodated by MPCRM and MDIM, it conflicts with MPCM and MGM. Hence, the joint 

modeling of response frequencies and response times results in the same substantive conclusions as the 

model-free analysis of response times by Klauer and Voss (2008), namely, that automatic and 

controlled processing routes are fast and slow, respectively, in line with the PCRM and the DIM. 

Specifically, automatic processes lead to both fast incorrect and fast correct responses as a 

consequence of stereotypical associations induced by the prime’s race. In contrast, controlled process 

branches involve more time and effort to identify the target object correctly (i.e., target discrimination 

for the PCRM and target discrimination with default response inhibition for the DIM). 

Importantly, despite different theoretical assumptions underlying each model, MPCRM and 

MDIM are mathematically equivalent if independence of automatic and controlled processes is assumed, 
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that is, if controlled process parameters (and their corresponding branch latency parameters) do not 

differ between congruent and incongruent default responses in the MDIM (i.e., C = C+ = C-, see 

Figure 3) as is the case here. Hence, the latencies of the C+ and C- branches cannot be estimated 

separately. In other words, to distinguish the influence of congruent versus incongruent automatic 

responses on branch latencies in MDIM, additional assumptions about the latency parameters need to 

be incorporated. 

To gain more degrees of freedom for tests between the MPCRM and the MDIM, we opted to 

search for a more parsimonious model (Model Comparison 2). Using this approach, influences of 

congruent versus incongruent automatic responses on branch latencies can be estimated separately 

(Model Comparison 3) which in turn allows for a test between MPCRM and MDIM. 

Model Comparison 2: Constraining Process Latencies Across Conditions  

The MPCRM and the MDIM previously analyzed in Model Comparison 1 provide for separate 

controlled and automatic branch latency parameters for each prime-target condition. Here, we 

consider the possibility that this assumption is unnecessarily complex because corresponding branch 

latencies may not differ between prime or target conditions or even both. 

For automatic process routes, we assume that latencies parameters do not differ between 

prime-target conditions. This is reasonable because the automatic associations are instantly triggered 

by the prime and thus do not depend on the target object that follows later. Moreover, even if relative 

response latencies of automatic process branches should differ slightly between prime conditions, we 

expect these differences to be negligible compared to the relatively slow controlled process branch 

latencies. 

For the controlled process routes, we assume that response latencies may differ between gun 

and tool targets while being independent of prime condition (i.e., whether a Black or White face was 

displayed before). This assumption is plausible for two reasons. First, we expect the speed of 

controlled processes to vary between target object conditions because previous WIT research has 

shown that participants’ correct responses tend to be faster for gun than for tool targets (Payne, 2001; 
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Rivers, 2017). Second, equality of latency parameters within target condition is in line with the 

invariance assumption of the PDP for the controlled process parameters. This invariance assumption 

presupposes that target discrimination is not affected by prime race (Payne et al., 2005). For a full 

discussion of the validity and possible criticism of the invariance assumption, see the General 

Discussion section. 

To test this restriction pattern in the MPT-RT framework, we propose model MBasic as a 

starting point. Model MBasic includes the mathematically equivalent models MPCRM and MDIM as 

submodels (see online supplementary material). More precisely, the MPT-RT model equations of 

MBasic are equivalent to those submodels but do not impose any order restrictions on the latency 

parameters (as those listed in Table 1). Starting from MBasic, the more parsimonious nested model 

MPars imposes additional equality restrictions on automatic and controlled processing branches as 

outlined above. Specifically, for the automatic processing branches, latency parameters are equated 

across all four prime-target conditions. This refers to parameters LA and L(1 – A) for MPCRM (see Figure 

2) and latency parameters L(1 – C+) and L(1 – C-) for MDIM (see Figure 3), respectively. For the 

controlled processing branches, latency parameters are equated within target conditions. This refers to 

parameter LC for MPCRM and latency parameters L(C+) and L(C-) for MDIM, respectively. 

Method 

We again fitted the hierarchical MPT models using TreeBUGS (Heck et al., 2018). For 

comparisons between models taking model complexity into account, we used the Deviance Information 

Criterion (DIC; Klauer et al., 2015; Spiegelhalter et al., 2002) and the Widely Applicable Information 

Criterion (WAIC; Vehtari et al., 2017; Watanabe, 2010). The DIC is a hierarchical modeling 

generalization of the Akaike Information Criterion (AIC). The DIC consists of a term quantifying lack 

of model fit and a term penalizing model complexity (Klauer et al., 2015; Klauer, 2010; Spiegelhalter 

et al., 2002, 2014). The WAIC can be seen as an improved version of the DIC, as it is fully Bayesian 

and based on the entire posterior distribution of participants and not solely on a point estimate. The 

WAIC consists of a term summed across the estimated log pointwise predictive density and a 

penalizing term summed across the estimated variance of the log pointwise predictive density (Vehtari 
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et al., 2017). Like AIC, the model with the lowest DIC or WAIC value, respectively, represents the 

best compromise between fit and complexity, with an absolute ∆DIC (∆WAIC) difference larger than 

two usually interpreted as evidence for one model compared to the other (Burnham & Anderson, 2004; 

Klauer et al., 2015; Spiegelhalter et al., 2002).  

We used the same estimation settings as in Model Comparison 1. The Rubin-Gelman statistic 

R̂ was smaller than 1.05 for all parameter estimates across all models. To obtain stable goodness-of-fit 

measure statistics, we estimated each model ten times and calculated means and standard errors for 

the model fit statistics p(T1), p(T2), DIC, and WAIC. 

Results 

Table 4 shows the model fit statistics p(T1) and p(T2) of MBasic and MPars, as well as DIC and 

WAIC differences between models. Model MBasic fits all data sets (all p(T1)s > .473; all p(T2)s > 

.163). The parsimonious model MPars fits almost all data sets (all p(T1)s > .144; all p(T2)s > .084) 

except Study 1a of Amon and Holden (2016) and Study 1b of Rivers (2017) (p(T1)s < .037).  

ΔDIC (ΔWAIC) was calculated as the difference of the DIC (WAIC) measures between MPars 

and MBasic. Hence, a negative ΔDIC (ΔWAIC) supports MPars relative to MBasic. As evident from 

Table 4, for five data sets DIC favors MPars more than MBasic (ΔDICs < -5.35). For three data sets no 

model is favored (ΔDICs < |1.52|). With respect to WAIC, two data sets favor MPars more than MBasic 

(ΔWAICs < -9.77) while preferences are reversed for five data sets (ΔWAICs > 17.05) and for one 

data set no model is favored (ΔWAIC < |0.29|). 

In sum, both MBasic and MPars fit almost all data sets. While model comparisons via DIC 

revealed a preference for MPars, those based on WAIC showed the reversed pattern. 

____________________________________ 

Insert Table 4 about here 

____________________________________ 
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Discussion 

Overall, the parsimonious model MPars fits the data almost as well as the more general model 

MBasic. Although model comparison via DIC and WAIC diverged slightly, the posterior predive p-

values for T1 and T2 showed that the nested model MPars does a good job in describing both the 

observed frequencies and the covariance structure of the responses for nearly all data sets2. For the 

weapon identification task, this implies that responses based on automatic processes tend to be equally 

fast irrespective of elicited automatic response and prime race. However, responses based on the 

controlled process may depend on the to-be-identified target. This may be due to differences between 

stimuli in terms of visual discriminability. Alternatively, it may also reflect participants’ strategy to 

respond to a threatening weapon target as soon as they identified it but be more hesitant when they 

believed to identify a tool, primarily to avoid missing a weapon target. This is in line with previous 

findings showing that participants tend to respond faster to threat-related targets (Payne, 2001; 

Rivers 2017). 

For follow-up model comparisons between MPCRM and MDIM (Model Comparison 3), we rely on 

the latency-parameter restrictions across conditions imposed by MPars as auxiliary assumptions. The 

additional auxiliary assumptions provide a more parsimonious model with additional degrees of 

freedom. This allows us to test between different order restrictions for the controlled processing 

branches implied by the PCRM and the DIM. 

Model Comparison 3: Testing Extended Versions of the PCRM and the DIM 

Model MPCRM and MDIM are mathematically equivalent if controlled process parameters (and 

their corresponding branch latency parameters) do not differ between congruent and incongruent 

default responses in model MDIM, that is, if C = C+ = C- (Figure 3). To distinguish between these 

 

2 Additional model comparisons based on nested latency parameter restrictions for the automatic 
process routes (across prime conditions and prime-target conditions) and for the controlled process 
routes (across target conditions and prime-target conditions) are reported in the online supplementary 
materials. 
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two models, further assumptions about the latency parameters are necessary. According to Klauer and 

Voss (2008), the DIM is likely to be more appropriate for the WIT than the PCRM because the DIM 

can explain faster identification of weapons after Black face primes, even when the success probability 

of controlled processes is high. This data pattern can be explained by assuming that controlled 

processes are faster following default responses congruent with the target condition compared to 

incongruent default responses. As outlined by Klauer and Voss (2008), the PCRM lacks a plausible 

mechanism to explain this outcome. 

To test this idea, we combined the order constraints of the two well-fitting models of Model 

Comparison 1 (MPCRM and MDIM) with the equality constraints of the parsimonious model MPars from 

Model Comparison 2. To reiterate, according to MPars the relative speed of automatic processing 

branches does not differ between different prime-target conditions, and the relative speed of controlled 

process branches does not differ within target conditions. By combining the different sets of order 

constraints of MPCRM and MDIM (Table 1) with the equality constraints of MPars, two extended model 

versions MPCRM,ext and MDIM,ext are obtained. In contrast to the model version considered in Model 

Comparison 1, MPCRM,ext and MDIM,ext have less parameters than degrees of freedom available in the 

data. Goodness-of-fit differences between both models can therefore be assessed. 

Model MPCRM,ext mirrors the MPT-RT structure of MPCRM model (Figure 2) but imposes the 

additional constraints that automatic processing branch latencies do not differ between prime-target 

conditions and that controlled processing branch latencies do not differ within target conditions. 

Regarding order restrictions for latency parameters, MPCRM,ext assumes that automatic processing 

branches are generally faster than controlled processing branches in each target condition (i.e., LA > 

LG,C and LA > LT,C). 

Analogously, model MDIM,ext has the same MPT-RT structure as MDIM (Figure 3) but imposes 

the additional constraints that latencies of automatic processing branches do not differ between prime-

target conditions and that latencies of controlled processing branches do not differ within target 

conditions. Regarding order restrictions for latency branches, recall that model MDIM assumes that 

controlled processing branches are equally fast (LC+ = LC-), regardless of whether they follow a default 
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response that is congruent or incongruent with the target condition. In contrast, the extended model 

MDIM,ext assumes that controlled processes following congruent default responses are faster compared 

to those following incongruent default responses. In sum, according to MDIM,ext, automatic processing 

branches are generally faster than controlled processing branches for congruent responses in each 

target condition. These, in turn, are faster than controlled processing branches for incongruent 

responses in each target condition (i.e., LA > LG,C+ > LG,C- and LA > LT,C- > LT,C-). 

Method 

We used the same methods and estimation settings as in Model Comparison 1 and 2. R̂ was 

smaller than 1.05 for all parameter estimates across all models. Again, to obtain stable goodness-of-fit 

statistics, we estimated each model ten times and calculated means and standard errors for the model 

fit statistics p(T1), p(T2), DIC, and WAIC. 

Results 

Table 5 shows the model fit statistics p(T1) and p(T2) of MPCRM,ext and MDIM,ext, as well as 

DIC and WAIC differences between models. Model MPCRM,ext fits almost all data sets (all p(T1)s > 

.146; all p(T2)s > .082), except for Study 1a of Amon and Holden (2016; p(T1) = .004 and p(T2) = 

.031) and Study 1b of Rivers (2017; p(T1) < .001). Similarly, model MDIM,ext fits almost all data sets 

(all p(T1)s > .209 and all p(T1)s > .157), except for Study 1a of Amon and Holden (2016; p(T1) = 

.004 and p(T2) = .031). 

The ΔDIC (ΔWAIC) was calculated as the difference of the DIC (WAIC) measures between 

MDIM,ext and MPCRM,ext. Hence, a negative ΔDIC (ΔWAIC) supports MDIM,ext relative to MPCRM,ext. 

Note that we chose to not interpret ΔDIC and ΔWAIC for Study 1a of Amon and Holden (2016) as 

neither MPCRM,ext nor MDIM,ext fits the data well. For the remaining seven data sets, DIC favors 

MDIM,ext more than MPCRM,ext in five cases (ΔDICs < -3.38) and WAIC even in six cases (ΔWAICs < 

-3.20). While DIC preferences were reversed for one data set (ΔDICs = 2.71), we observed no 

preference reversals for WAIC. None of the models is favored for one data set, both with respect to 

DIC (ΔDICs = -1.35) and WAIC (ΔWAICs = -0.14). 
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____________________________________ 

Insert Table 5 about here 

____________________________________ 

Discussion 

In sum, both models MPCRM,ext and MDIM,ext fit almost all data sets. This notwithstanding, 

there is a general preference for MDIM,ext, irrespective of the model selection measure used. The only 

exceptions are studies by Amon and Holden (2016) which show either no fit (Study 1a) or no 

preference for MDIM,ext (Study 1b). These discrepancies are perhaps due to a significantly larger 

number of trials (Ntrials = 1,100) in Amon and Holden’s studies compared to the other studies (all 

Ntrials ≤ 384). The total number of trials may affect the general strategy how participants perform in 

the WIT.  

The preference for MDIM,ext indicates that automatically activated default responses always 

interfere with weapon identification in every trial. According to MPCRM,ext, in contrast, only some 

trials are influenced by automatic processes. Regarding controlled responding, MDIM,ext maintains that 

two processes play an important role in weapon identification, namely, (1) target discrimination and  

(2) overcoming the default response when the latter turns out to be incongruent with the to-be-

identified target.  

General Discussion 

The weapon identification task (WIT) is a widely used sequential priming procedure to assess 

the influence of racial threat stereotypes on weapon identification (Payne, 2001; Rivers, 2017). The 

process dissociation procedure (PDP) has routinely been used as measurement model for the WIT to 

estimate the influence of controlled and automatic processes on task performance and to assess how 

these processes are affected by different factors. For example, participants show less controlled 

processing for shorter response-time windows (Payne, 2001; Payne et al., 2002), when more anxious 

because they expect public accountability for the own performance (Lambert et al., 2002), and when 

their cognitive resources are limited (Govorun & Payne, 2006; Payne, 2005; Ito et al., 2015). 
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Furthermore, the automatic association of Black male face primes with guns is enhanced when race is 

made salient (Payne et al., 2002) and participants are in a positive mood (Huntsinger et al., 2009) or 

can be diminished when participants use implementation intentions to think safe for Black face primes 

(Stewart & Payne, 2008).   

Although the proportion of responses determined by controlled or automatic processes might 

be influenced by these factors, their nature, relationship, and temporal order remains underdetermined 

in the standard PDP framework. For example, the controlled process can entail target discrimination 

and overcoming of automatic associations while the automatic process can entail activation of racial 

associations or a prime-informed guessing tendency. In fact, the PDP is consistent with four process 

models for the WIT: the preemptive conflict-resolution model (PCRM), the default interventionist 

model (DIM), the guessing model (GM), and the parallel competitive model (PCM).  

In this article, we formalized these process models in the framework of response time-extended 

multinomial processing tree (MPT-RT) models (Heck & Erdfelder, 2016). This approach has several 

advantages. First, MPT-RT models combine information on response frequencies and response times 

in the same model. Second, MPT-RT models provide model fit and model selection statistics to test 

between (or select among) models. Third, MPT-RT models provide for equality and order restrictions 

on both the structural and the latency parameters of the respective MPT-RT model. Most 

importantly in the present context, the MPT-RT framework allows to test the four process models of 

the WIT against each other. This is not possible when analyzing response frequencies in isolation (as 

in the standard PDP). Essentially, the different process models become empirically distinguishable 

after extending the PDP model with latency parameters for fast and slow responses in different 

processing branches. The major advantage is that model fit can be assessed for response frequencies 

and response latencies conjointly rather than focusing on each dependent variable in two separate 

steps. 

Testing between Psychological Process Models 

Our results support the default interventionist model (DIM) and the preemptive conflict-

resolution model (PCRM), but not the guessing model (GM) and the parallel competitive model 



MODELS OF THE WEAPON IDENTIFICATION TASK  25 

(PCM) for the WIT. For all eight data sets considered here, the DIM and PCRM fitted the data very 

well. Based on the parameter estimates we observed, both models predict controlled process branches 

to be slower than automatic process branches. This is in line with the result pattern typically observed 

for the WIT (i.e., fast errors and slow correct responses). 

Further model comparisons based on additional invariance assumptions deemed the DIM as a 

more appropriate process model for the WIT than the PCRM. This is in line with the reasoning of 

Klauer and Voss (2008) who argued that the DIM can explain that, in studies with high accuracy 

rates, response bias due to prime race persists in response latencies. According to the DIM, 

overcoming the default response by controlled processing leads to slower responses if automatic and 

controlled processes disagree than if both agree. The PCRM cannot explain this pattern easily because 

the latency of the controlled process is assumed to be independent of the outcome of the automatic 

process. 

Additional support for the DIM comes from research on brain region activation after seeing 

Black and White faces (Cunningham et al., 2004). Specifically, short presentation (30 ms) of faces 

leads to higher activation of the amygdala for Black compared to White faces, a brain region typically 

responsive to the emotionality of a stimuli (e.g., induced threat). However, a longer presentation time 

(525 ms) of Black and White faces leads to no difference in amygdala activation. This lack of 

difference in amygdala activation for longer presentation times of faces is associated with increased 

activity of the dorsolateral prefrontal cortex and the anterior cingulate, brain regions associated with 

controlled processing and executive function. In line with the DIM, this suggests that, in a first step, 

automatic associations and emotional reactions are instantly activated when processing a face stimulus 

while in a second step (about half a second later) these associations can be inhibited and modulated 

by controlled processes. 

Adopting the DIM as the best-fitting model of cognitive processes underlying performance in 

the weapon identification task thus implies that automatic threat-stereotype associations interfere 

with object identification throughout each trial. Hence, controlled processes are required for both 

object discrimination and conflict resolution when the automatic process elicits an incongruent default 
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response. In other words, object discrimination abilities and cognitive control for overcoming default 

responses both play a crucial role in WIT performance. 

Psychological Implications 

The assumption of automatically generated default responses in the DIM nicely fits findings 

regarding the malleability of automatic racial stereotyping depending on participants’ latent focus on 

race at the beginning of each trial. For example, race salience (Payne et al., 2002; Jones & Fazio, 

2010) strengthens the association of Black males with guns, whereas focusing on other face 

characteristics (e.g., age) diminishes the association of Black males with guns (Jones & Fazio, 2010; 

Todd et al. 2021). Similarly, implementation intentions (i.e., previously determined if-then action 

plans) allow to adjust associations (e.g., as safe) for specific face primes (Stewart & Payne, 2008). 

Hence, even if face primes elicit a default response at the beginning of each trial, this response is 

malleable if the associations tied to the face primes are adjusted in advance.  

Similarly, findings regarding reduced capabilities of participants for correct responding are 

easily explained by failures of the controlled process in target identification and overcoming bias. For 

example, shorter response deadlines, stress, and diminished cognitive capabilities are known to 

compromise target discrimination as well as conflict resolution to overcome bias (Govorun & Payne, 

2006; Lambert et al., 2002; Payne, 2001; Payne et al., 2002; Payne, 2005; Ito et al., 2015). 

Furthermore, this is in line with the findings that participants with higher cognitive inhibitory 

capabilities (Ito et al., 2015) or with higher internal motivation to control their prejudice (Volpert‐

Esmond et al., 2020) show more controlled responding3. This suggests that more practice in resolving 

conflicts induced by automatic default responses results in more correct responding. Hence, strategy 

 

3 As pointed out by a reviewer, these results also align with the PCRM. From the perspective of the 
PCRM, individuals with better inhibitory capacities or higher prejudice-control motivation may 
simply be the ones who choose more often to preempt conflict by engaging in controlled processing. 
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training and interventions that strengthen object discrimination and cognitive conflict resolution 

should improve overall performance in the WIT. 

MPT-RT implementations of WIT process models such as the DIM provide a number of 

advantages that can guide future research. For example, participants of different social groups or 

participants working under different experimental conditions can be compared not only with respect 

to their cognitive process parameters but also with respect to the relative speed of automatic and 

controlled processing branches. Moreover, given the hierarchical nature of the MPT-RT approach 

proposed here, personality traits or cognitive abilities can be studied as external covariates and 

potential predictors of cognitive process and latency parameters. Both of these approaches are helpful 

not only for basic social cognition research but also for designing and evaluating training programs 

and interventions that counteract maladaptive effects of social stereotypes. 

Limitations 

One limitation when using MPT-RT models of WIT performance is the necessity to constrain 

model parameters to achieve model identifiability. Regarding latency parameters, models MPCRM, 

MDIM, and MGM assume that relative latencies do not differ between the two automatic processing 

branches suggesting a gun or a tool response. Similarly, according to model MPCM relative latencies do 

not differ between the two processing branches that represent conflicts between incongruent default 

responses and successful target discrimination. Since the models MPCRM, MDIM, MPCM, and MGM 

already have as many free parameters as there are independent response categories in the data (i.e., df 

= 0), they do not allow to test these underlying assumptions. 

In a similar vein, the comparison of models MPCRM,ext and MDIM,ext is based on auxiliary 

assumptions for latency parameter restrictions across conditions. The parsimonious model MPars 

showed acceptable model fit, but model selection indices DIC and WAIC do not unequivocally support 

MPars relative to the unrestricted model MBasic. Hence, it should not be overlooked that the model 

comparison of the extended models MPCRM,ext and MDIM,ext is conditional on the auxiliary assumptions 

implemented in MPars. 
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Furthermore, MDIM,ext in Model Comparison 3 is endowed with the capacity to account for 

stereotype-congruency effects of correct response times via latency parameters whereas MPCRM,ext 

cannot. More specifically, MDIM,ext differentiates between latencies of controlled process branches 

resulting in congruent versus incongruent default responses whereas the MPCRM,ext does not have this 

feature. Alternatively, the stereotype-congruency effect in response times might be due to a variation 

in latencies of automatic process branches, meaning that the speed of stereotype-congruent automatic 

process branches is faster than the speed of incongruent automatic process branches. For example, the 

association of a Black face with a gun occurs faster than the association of a Black face with a tool 

(Klauer & Voss, 2008). This alternative view allows to explain stereotype-congruency effects based on 

the latency parameters of the automatic process branches. It can also account for the reversed 

congruency effect reported by Klauer and Voss (2008), that is, that errors for tool targets are faster if 

they followed Black face primes and errors for gun targets are faster if they followed White face 

primes.   

Model comparisons implementing this alternative specification for MPCRM and MDIM (i.e., 

stereotype-congruent automatic process branches are faster than incongruent ones) are listed in the 

online supplemental materials as Model Comparison 4 and 5 (https://osf.io/7vjrq). Importantly, these 

alternative model comparisons overall result in the same conclusion as reported above, namely, that 

the DIM is more closely aligned with the available data than the PCRM. Hence, the specific 

assumptions implemented in our Model Comparison 3 are not crucial for the conclusion that the DIM 

provides the best account of WIT response frequencies and response times when considered jointly. 

Beyond the constraints on the latency parameters, the PDP itself has been criticized because 

of the assumption that the controlled process parameter C is invariant across target conditions. Payne 

et al. (2005) as well as Klauer and Voss (2008) critically discussed this invariance assumption. For 

example, a metal tube as part of a target object might more easily be interpreted as part of a gun 

after seeing a Black face prime and more easily as part of a screwdriver after seeing a White face 

prime. Consequently, the prime would be expected to modulate the controlled process of 

discriminating the object (Klauer et al., 2015; Klauer & Voss, 2008; Payne et al., 2005). Experimental 

https://osf.io/7vjrq
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tests of the invariance assumption resulted in mixed outcomes so far (Klauer et al., 2015; Payne et al., 

2005). Based on an extended version of the PDP, Klauer et al. (2015) observed results inconsistent 

with the invariance assumption. More recently, however, Todd et al. (2021) analyzed the WIT using 

diffusion modeling as an alternative analytic approach to the PDP. Their diffusion analysis suggests 

that the discrimination process (as mirrored in the drift rate) was not influenced by an interaction 

between primes and targets, a result that is in line with the invariance assumption. Clearly, further 

research addressing the validity of the invariance assumption is needed. 

Alternative modeling approaches 

As alternatives to MPT-RT modeling, other cognitive modeling approaches can be used to 

gain a deeper understanding of underlying processes. As already mentioned, Todd et al. (2021) used 

the diffusion model (DM), a specific version of evidence-accumulation models, to analyze WIT 

performance. The DM decomposes decisions into four components: an initial response bias towards 

guns or tools, the quality of information extracted from a stimulus (named drift rate), non-decision 

time (e.g., encoding and motor response time), and the amount of evidence required to make a 

decision (named threshold separation). In their DM analysis, they found that the initial response bias 

for Black face primes was closer to the gun response than for White face primes. The drift rate, 

however, did not vary as a function of prime race. This suggests that the prime biases the decision in 

the WIT from the outset of each trial, again a result that is in accordance with the DIM.  

As an alternative to MPT-RT and DM approaches, RT-MPT models (Klauer & Kellen, 2018) 

could also be used to incorporate response times in multinomial models. RT-MPT models, in contrast 

to MPT-RT models, allow estimation of single-process latencies instead of relative latencies of entire 

process branches. To our knowledge, RT-MPTs have not been applied to the WIT so far. They could 

be a valuable alternative to gain more fine-grained insights into the processes underlying WIT 

performance. To conclude, future research on the WIT can benefit from using multiple modeling 

approaches to gain a deeper understanding of the underlying cognitive processes, to combine the 

strengths of the different approaches, and eventually achieve converging evidence across modeling 

approaches. 



30                                                       MODELS OF THE WEAPON IDENTIFICATION TASK 

Conclusion 

We reanalyzed eight data sets of the weapon identification task (WIT) to evaluate four 

process models of racial bias in weapon identification after formalizing them as response time-extended 

multinomial processing tree models. Our process model comparison clearly supported the default 

interventionist model (DIM) and the preemptive conflict-resolution model (PCRM). Both models 

share the assumption that responses based on automatic processes are faster than those based on 

controlled target identification. Follow-up model comparisons revealed a preference for the DIM vis-à-

vis the PCRM. According to the DIM, automatic associations elicit response bias from the outset of 

each trial. Therefore, controlled processes – beyond their importance for target identification – are 

required to resolve possible response conflicts whenever default responses deviate from the correct 

response. 

In addition to their significance for basic social cognition research, our results are highly 

relevant also for applied fields such designing and implementing police training. Our results suggest 

that interventions that increase both, the capacity for controlled processing to discriminate the target 

object and the ability to overcome default automatic responses, increase accuracy of weapon 

identification. In line with this conclusion, previous studies showed that increasing the capacity for 

controlled processing, for example, by providing sufficiently large response-time windows, by 

increasing cognitive resources, and by training to resolve conflicts induced by default responses 

(Govorun & Payne, 2006; Klauer & Voss, 2008; Kleiman et al., 2013; Lambert et al., 2002; Payne, 

2001; Payne et al., 2002; Payne, 2005; Rivers, 2017; Ito et al., 2015), generally improves performance 

in the WIT. Under standard WIT conditions, however, people tend to be biased by race (or other 

social characteristics) early on in identifying innocuous or threatening objects. Nevertheless, by 

developing well-designed interventions, this bias likely can be overcome or at least reduced effectively. 

This is an important result, especially for bias awareness programs and police trainings that aim at 

reducing racial bias. 
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Figure 1 

Generic PDP model for the Weapon Identification Task.  

 

Note. Parameters C and A denote probabilities of response determination by a controlled process and 

an automatic process, respectively. Note that A is conditional on a failure of the controlled process, 

that is, A represents the conditional probability of response determination by an automatic process 

given controlled process failure. Each of the parameters C and A may depend on whether the 

preceding prime is a Black or a White male face. 
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Figure 2 

MPT-RT model version of the preemptive conflict-resolution model MPCRM. 

 

Note. The controlled process parameter C and the automatic process parameter A may vary between 

prime races. The latency parameters Lj may vary as a function of prime races, target objects, and the 

previous process parameter in the branch the latency parameter belongs to (i.e., C, A, or (1 – A)). 

The category labels "-f" and "-s" indicate responses categorized as fast and slow, respectively.  
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Figure 3 

MPT-RT model version of the default interventionist model MDIM. 

 

Note. The controlled process parameter C and the automatic process parameter A may vary between 

prime races. Subscripts + and – indicate that the parameter is conditional on the default response 

"gun" A vs. "tool" (1 – A) suggested by the automatic process, respectively. The controlled process 

parameter C and the automatic process parameter A may vary between prime races. The latency 

parameters Lj may vary as a function of prime races, target objects, and the previous process 

parameter in the branch the latency parameter belongs to (i.e., C or (1 – C)). The category labels "-f" 

and "-s" indicate responses categorized as fast and slow, respectively. 
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Figure 4 

MPT-RT model version of the parallel competitive model MPCM. 

 

Note. The controlled process parameter C and the automatic process parameter A may vary between 

prime races. The latency parameters Lj may vary as a function of prime races, target objects (G = 

gun; T = tool) and the previous process parameter in the branch the latency parameter belongs to 

(i.e., C, (1 – C), A, or (1 – A)). The category labels "-f" and "-s" indicate responses categorized as 

fast and slow, respectively. 
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Table 1 

Overview of key assumptions for cognitive process models of the Weapon Identification Task. 

Model Process Structure 
Expected Latency Parameter 

Pattern 

MPCRM: Preemptive 

conflict-resolution 

model 

An initial preemptive decision results in a 

controlled process branch with slow 

responses or in automatic process 

branches with fast responses. 

LA = L(1 – A) > LC 

MDIM: Default 

interventionist 

model 

The default automatic process results in 

a fast response unless the controlled 

process corrects the response, resulting in 

a slow correct response. 

L(1 – C+) = L(1 – C-) > LC+ = LC- 

 

MPCM: Parallel 

competitive model 

Controlled and automatic processes 

operate in parallel and result in faster 

congruent response branches compared to 

slower conflicting response branches. 

LG,A > LG,C = LG,(1 – C);             

LT,(1 – A) > LT,C = LT,(1 – C) 

MGM: Guessing 

model 

Successful discrimination results in fast 

responses, discrimination failure results in 

additional response time due to guessing. 

LA = L(1 – A) < LC 

Note. Latency parameters Lj may vary between prime races, target objects (i.e., G = gun; T = tool), 

and the previous process parameter in the branch the latency parameter belongs to (i.e., C, (1 – C), A, 

or (1 – A)). Subscripts + and − indicate that the parameter is conditional on A and (1 – A), 

respectively. Concerning the latency patterns, larger Lj parameters indicate faster relative latencies. 
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Table 2 

Characteristics of the eight WIT data sets used in the present analyses. 

Article Study Nsample 
% of Caucasian 

participants 
Ntrials 

Prime 

duration 

[ms] 

Response 

time limit 

[ms] 

Subset of the 

data for 

reanalysis 

Amon & 

Holden (2016) 

1a 32 83 % (93 % 

non-Black) 

1,100 200 1,000 only control 

group 

Amon & 

Holden (2016) 

1c 32 83 % (93 % 

non-Black) 

1,100 300 500 only control 

group 

Correll (2008) 2 24 not reported 200 200 1,000 only control 

group 

Lambert et al. 

(2003) 

2 22 all non-black 384 200 550 only private 

response 

group 

Madurski & 

LeBel (2015) 

1a 48 62 % (98 % 

non-Black) 

200 200 1,000 only control 

group 

Madurski & 

LeBel (2015) 

1b 50 60 % (98 % 

non-Black) 

200 200 1,000 only control 

groups 

Rivers (2017) 1a 40 17 % (98 % 

non-Black) 

216 200 500 neutral faces 

excluded 

Rivers (2017) 1b 42 17 % (98 % 

non-Black) 

216 200 1,000 neutral faces 

excluded 

Note. For the data from Study 2 of Lambert et al. (2003) individual accuracy and response-time data 

were available for only 22 of 61 participants. 
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Table 3 

Fit statistics for the four process models 

Article Stud
y 

MPCRM MDIM MPCM MGM 

p(T1) p(T2) p(T1) p(T2) p(T1) p(T2) p(T1) p(T2) 

AH 1a .232 .006 .218 .005 <.001 <.001 <.001 <.001 

AH 1c .503 .370 .500 .374 <.001 <.001 <.001 <.001 

C 2 .451 .425 .447 .415 <.001 .008 <.001 .008 

L 2 .458 .200 .462 .200 <.001 <.001 <.001 <.001 

ML 1a .510 .245 .512 .239 <.001 <.001 <.001 <.001 

ML 1b .525 .194 .521 .177 <.001 <.001 <.001 <.001 

R 1a .528 .338 .519 .348 <.001 <.001 <.001 <.001 

R 1b .507 .236 .502 .246 <.001 .003 <.001 .007 

Note. References are abbreviated as follows: AH = Amon & Holden (2016), C =   Correll (2008), L = 

Lambert et al. (2003), ML = Madurski & LeBel (2015), R = Rivers (2017). Models are abbreviated as 

follows: MPCRM = preemptive conflict-resolution model, MDIM = default interventionist model, MPCM 

= parallel competitive model, MGM = guessing model. 
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Table 4 

Fit statistics for process model comparison 

Article Study MBasic MPars Comparison 

p(T1) p(T2) p(T1) p(T2) ΔDIC ΔWAIC 

AH 1a .498 [.001] .451 [.002] .037 [.001] .557 [.002] 0.36 [0.10] 61.91 [0.23] 

AH 1c .492 [.001] .354 [.002] .541 [.002] .379 [.001] -37.18 [0.08] -9.77 [0.17] 

C 2 .487 [.002] .357 [.001] .594 [.001] .230 [.001] -16.88 [0.09] 28.45 [0.12] 

L 2 .485 [.002] .232 [.001] .144 [.002] .336 [.002] -23.09 [0.09] -13.08 [0.10] 

ML 1a .498 [.002] .220 [.002] .370 [.001] .381 [.002] -32.40 [0.20] 0.29 [0.20] 

ML 1b .480 [.002] .163 [.002] .174 [.001] .086 [.001] -5.35 [0.14] 20.63 [0.18] 

R 1a .519 [.001] .370 [.002] .347 [.001] .084 [.001] -0.69 [0.17] 17.05 [0.11] 

R 1b .473 [.002] .244 [.002] <.001 [.001] .437 [.002] 1.52 [0.21] 30.49 [0.17] 

Note. p(T1), p(T2), ΔDIC, and ΔWAIC are means with standard errors in brackets across ten 

independent estimations. Negative values for ΔDIC and ΔWAIC indicate a preference for model MPars 

over model MBasic, References are abbreviated as follows: AH = Amon & Holden (2016), C = Correll 

(2008), L = Lambert et al. (2003), ML = Madurski & LeBel (2015), R = Rivers (2017). Models are 

abbreviated as follows: MBasic = basic model, MPars = parsimonious model. 
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Table 5 

Fit statistics and model selection measures for the extended model versions of PCRM and DIM 

Article Study MPCRM,ext MDIM,ext Comparison 

p(T1) p(T2) p(T1) p(T2) ΔDIC ΔWAIC 

AH 1a .004 [.001] .031 [.001] .004 [.001] .031 [.001] -10.12 [0.20] -21.62 [0.23] 

AH 1c .548 [.001] .408 [.001] .520 [.002] .388 [.001] 2.71 [0.11] -0.14 [0.17] 

C 2 .618 [.001] .233 [.001] .519 [.002] .379 [.001] -3.38 [0.08] -3.20 [0.15] 

L 2 .146 [.001] .330 [.001] .209 [.001] .460 [.002] -10.31 [0.10] -13.08 [0.10] 

ML 1a .329 [.001] .336 [.002] .337 [.001] .371 [.002] -1.35 [0.11] -9.31 [0.20] 

ML 1b .186 [.001] .087 [.001] .349 [.002] .157 [.001] -8.38 [0.16] -17.94 [0.18] 

R 1a .346 [.001] .082 [.001] .496 [.002] .309 [.001] -8.26 [0.11] -16.84 [0.14] 

R 1b <.001 [.001] .432 [.001] .230 [.002] .440 [.002] -18.59 [0.16] -27.91 [0.20] 

Note. p(T1), p(T2), ΔDIC and ΔWAIC are means with standard errors in brackets across ten 

independent estimations. Negative values for ΔDIC and ΔWAIC indicate a preference for model 

MDIM,ext relative to MPCRM,ext. References are abbreviated as follows: AH = Amon & Holden (2016), C 

= Correll (2008), L = Lambert et al. (2003), ML = Madurski & LeBel (2015), R = Rivers (2017). 

Models are abbreviated as follows: MPCRM,ext = extended version of preemptive conflict resolution 

model, MDIM,ext = extended version of default interventionist model. 
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Abstract 

Several implicit bias measures aim to assess racial threat stereotypes. However, previous research often 

reveals relatively poor correspondence among three implicit measures – the Weapon Identification 

Task (WIT), the First-Person Shooter Task (FPST), and the Implicit Association Test (IAT) – which 

is surprising for tasks configured to assess a common construct. Importantly, these measures differ on 

a wide variety of procedural dimensions (e.g., task instructions, stimulus presentation, response time 

limits), which may explain low correlations among tasks. In the present research, N = 372 participants 

each completed versions of the WIT, FPST, and IAT that were equated on several procedural 

dimensions. Process modeling revealed high correlations among tasks for model parameters reflecting 

controlled and automatic processes. Our findings suggest that all three measures can correspond with 

one another when procedurally aligned and analyzed with sufficient theoretical precision. 
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Towards a Process-level Understanding of Correspondence among Implicit Measures of 

Racial Bias 

 

Introduction 

Implicit measures1 were initially developed to assess the strength of mental associations stored 

in memory by minimizing the influence of other mental processes that would constrain their 

expression. Tasks such as the Weapon Identification Task (WIT; Payne, 2001), First-Person Shooter 

Task (FPST; Correll et al., 2002), and the Implicit Association Test (IAT; Greenwald et al., 1998) are 

often configured to assess implicit racial bias operationalized as attitudes (i.e., evaluations) or 

stereotypes (i.e., traits) associated with different racial groups2. However, previous research has 

revealed relatively weak to no correlations between different measures of implicit racial bias 

(Cunningham et al., 2001; Glaser & Knowles, 2008; Ito et al., 2015; Payne, 2005; Volpert‐Esmond et 

al., 2020), which is surprising for measures that are configured to assess a common construct. 

One possible explanation for low correlations among implicit racial bias measures is that they 

actually assess conceptually distinct constructs. For example, we should not expect – nor do we find – 

that an implicit measure configured to assess racial attitudes to correspond strongly to an implicit 

measure configured to assess racial stereotypes (e.g., Amodio & Devine, 2006; Glaser & Knowles, 2008; 

Payne, 2005; Volpert‐Esmond et al., 2020). However, relatively small correlations also emerge among 

different implicit bias measures configured to assess the same construct (e.g., Bar-Anan & Nosek, 

2014; Cunningham et al., 2001; Ito et al., 2015; Olson & Fazio, 2003). Small correlations among 

conceptually analogous measures necessarily calls into question the validity of implicit measures, and 

of the construct of implicit bias more generally (Schimmack, 2021). Nevertheless, even when implicit 

bias measures are configured to assess the same construct, a wide variety of procedural differences 

among measures remain, such as differences in stimuli, response time limits, number of trials, task 

instructions, and stimuli presentation procedures. Task procedures necessarily determine which 

processes influence responses on implicit measures (Gawronski et al., 2010), so procedural differences 

may translate into small correlations across implicit measures that otherwise assess the same 
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construct. Thus, in the present research, we assess correspondence across three measures of implicit 

threat stereotypes – the WIT (Payne, 2001), the FPST (Correll et al., 2002), and the IAT (Greenwald 

et al., 1998) – that are equated across several procedural dimensions. Moreover, responses on implicit 

measures are traditionally operationalized in terms of summary statistics, which provide little insight 

into the cognitive process(es) that contribute to responses (Calanchini, 2020). Consequently, in the 

present research we apply a variety of formal mathematical models to responses on each measure to 

provide theoretically precise insight into the processes that produce responses, and their 

correspondence among processes across measures. 

Process Modeling and Implicit Measures of Threat Stereotypes 

We are not the first to recognize that procedural differences across implicit bias measures 

affect correspondence across measures (e.g., Olson & Fazio, 2003), nor are we the first to use formal 

mathematical modeling to assess correspondence across implicit threat stereotype measures. Indeed, 

Ito and colleagues (2015) investigated the contributions of two qualitatively distinct types of cognitive 

processes on the WIT, FPST, and IAT. Estimates of controlled processing correlated moderately-to-

strongly across measures (r = .29 – .61) but estimates of racial bias based on automatic processing 

correlated weakly across measures (r = .02 – .16).  

To the extent that implicit measures were developed to primarily assess automatic mental 

processes (Fazio et al., 1995; Greenwald et al., 1998), the small magnitude of racial bias estimate 

correlations calls into question whether implicit bias measures configured to assess threat stereotypes 

reflect a common construct. However, and importantly, Ito and colleagues (2015) relied on the 

standard versions of each measure as they were originally published. This approach certainly has 

ecological validity, in terms of correspondence with how the measures are traditionally used by 

researchers. But as we review below, the three measures differ from one another on many dimensions – 

which in turn confounds any strong interpretations of the small correlations in automatic processing 

between tasks.  
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Overview of Standard Versions of Implicit Measures 

Weapon Identification Task 

The WIT is a sequential priming paradigm introduced by Payne (2001). Over a series of trials, 

participants view a prime image (i.e., Black or White male face) quickly followed by a target image 

(i.e., gun or tool). On each trial, participants’ task is to identify quickly and accurately the target 

while disregarding the prime (Payne, 2001; Rivers, 2017). 

First-Person Shooter Task 

The FPST is a simplified videogame simulation introduced by Correll et al. (2002). Over a 

series of trials, participants view a naturalistic scene (e.g., a park) in which a person (i.e., Black or 

White) appears who is either armed (e.g., holding a gun) or unarmed (e.g., holding a cell phone). On 

each trial, participants’ task is to quickly and accurately decide whether to "shoot" or "don’t shoot". 

Typically, target persons are presented as full body photographs with varying postures against 

different background scenes, with changing target onset times and screen positions (Correll et al., 

2002; 2007; 2015). However, simplified versions of the FPST present only pictures of faces with the 

target object (e.g., gun, cell phone) superimposed on or positioned next to the face (Correll et al., 

2014; Plant et al., 2005; Unkelbach et al., 2008).  

Implicit Association Test 

The IAT is a dual-categorization task introduced by Greenwald et al. (1998). Over a series of 

trials, participants view two stimulus types – typically target groups (e.g., pictures of Black and 

White male faces) and attributes (e.g., words referring to threat or safety) – presented one at a time. 

In some blocks of trials, one target type shares a response key with one attribute type (e.g., 

Black/threat) and the other target type shares a response key with the other attribute type (e.g., 

White/safety). However, in other blocks of trials, the key pairings are reversed (e.g., Black/safety, 

White/threat). On each trial, participants’ task is to categorize the presented stimulus quickly and 

accurately. 
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Similarities and differences among standard versions of implicit measures 

All three of these measures – the WIT, FPST, and the IAT – have been used to assess implicit 

racial bias operationalized in terms of threat stereotypes. Moreover, all three tasks share a common 

feature in that they require participants to make a categorization decision (e.g., whether the stimulus 

is a gun or tool).  However, as Table 1 illustrates, the three measures diverge on several procedural 

characteristics. Perhaps the biggest difference across tasks is the task structure itself. The WIT 

presents stimuli sequentially and explicitly instructs participants to respond to target objects and 

disregard face primes. The FPST presents stimuli concurrently, and participants are instructed to 

"shoot" an armed person and "don’t shoot" an unarmed person. The IAT presents stimuli serially, 

such that participants must attend and categorize both types of stimuli. Additionally, the standard 

version of each of these measures differs in the number of critical trials, the presence and length of the 

response time limit, task instructions, and stimulus material. 

___________________________________ 

Insert Table 1 about here 

___________________________________ 

Methodological differences necessarily introduce variance between measures, which in turn 

may obscure relationships among measures of implicit racial bias (Fazio et al., 1995; Greenwald & Lai, 

2020; Mekawi & Bresin, 2015; Payne, 2005; Olson & Fazio, 2003; Volpert‐Esmond et al., 2020). 

Differences in the stimuli presentation traditionally used in each task provide a straightforward 

illustration of this point. For example, the WIT presents the target object clearly visible in the center 

of the screen without any distracting cues, and at approximately the same size as the face primes are 

presented. In contrast, the FPST presents the target object held in the hands of a person who is 

pictured in a variety of scenes, and thus represent only a small feature in a larger context. The IAT 

differs from both of these paradigms, and typically does not use images of target objects but, instead, 

represents attributes like safety versus danger using words (Ito et al., 2015). Previous research has 

demonstrated that stimuli that are intended to reflect different operationalizations of the same 

construct (e.g., words versus pictures) can nevertheless activate different sets (or subsets) of 
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associations (Foroni & Bel-Bahar, 2010; Rosch, 1975). Thus, low correspondence among measures may 

reflect different kinds of stimuli presentations activating different subsets of threat associations. 

Moreover, structural differences in stimuli presentation (i.e., sequential, concurrent, serial) across 

measures may also contribute to their low correspondence. For example, previous research 

investigating relationships between implicit measures and executive functions has shown that the WIT 

and FPST are both related to inhibition (Ito et al., 2015; Payne, 2005), whereas the IAT is related to 

updating and task switching (Ito et al., 2015; Klauer et al., 2010). To the extent that all three implicit 

measures are configured to assess a common construct (i.e., threat stereotypes), the influence of 

different executive functions would seem to be related to procedural differences across measures. 

Though all three measures differ on a variety of procedural dimensions, we propose that task 

structure (i.e., sequential, concurrent, serial) is the most crucial difference. Table 1 describes the 

procedures of each measure as it was initially proposed, but nevertheless each of these measures has 

been implemented with procedures that differ from the ones described here. For example, the WIT has 

been used with additional neutral face outlines (Rivers, 2017), and faces depicting various 

demographic information like race, gender, and age (Stein et al., 2023; Thiem et al., 2019; Todd et al., 

2021). The FPST exists in several different adaptations presenting full body images of suspects 

holding the target object in their hand (Correll et al., 2002; Payne & Correll, 2020), target objects 

being superimposed on the forehead of a face (Plant et al., 2005), or target objects presented on the 

left or right side of a person’s face (Unkelbach et al., 2008; Unkelbach et al., 2009). Furthermore, 

IATs have been developed that implement response deadlines, different numbers of trials, and 

different block structures (Calanchini et al., 2021; Meissner & Rothermund, 2013; Sriram & 

Greenwald, 2009). However, across all these implementations, task structure remains unchanged from 

the original version. The WIT present stimuli sequentially, the FPST presents stimuli concurrently 

(Payne & Correll, 2020)3, and the IAT presents stimuli serially. 

Implicit Measures Reflect the Contributions of Multiple Cognitive Processes 

Despite procedural differences among implicit measures, they were all designed with the same 

goal of assessing mental associations between target groups and attributes (e.g., race and threat) by 
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minimizing the contributions of other processes that would constrain the expression of associations. To 

be sure, compared to analogous direct, self-report, or explicit measures, implicit measures minimize 

the contributions of motivations and biases that would modify responses in a socially desirable 

direction. However, responses on implicit measures do not solely reflect the contributions of mental 

associations. Instead, a growing body of research uses multinomial processing tree models (MPTs; 

Riefer & Batchelder, 1988) to disentangle the joint contributions of multiple cognitive processes to 

responses on implicit measures. MPTs are tailored to specific experimental paradigms that provide 

frequency data (e.g., number of correct and incorrect responses), and specify the number, nature, and 

composition of cognitive processes thought to be involved in the paradigm (for reviews see Calanchini, 

2020; Erdfelder et al., 2009; Hütter & Klauer, 2016). In creating MPT models, researchers must make 

theoretically grounded decisions about the specific way multiple cognitive processes produce responses 

in each task condition. The proposed cognitive processes are represented by model parameters, and 

their proposed interplay can be illustrated in a processing tree that consists of a root with multiple 

branches, with each branch corresponding to the success or failure of a process or series of processes. 

Each process is conditional upon any processes that precede it in a given tree branch. The model 

estimates parameter values that most closely approximate participants’ observed responses across task 

conditions, and these parameter estimates are interpreted as probabilities that each cognitive process 

influenced participants’ responses on the paradigm. 

MPT models are mathematical instantiations of psychological theory packaged in a well-

defined form. A variety of theories have been proposed to account for the cognitive processes that 

underlie responses on implicit measures and, accordingly, a variety of MPTs have been proposed to 

disentangle the influence of multiple processes to implicit measures of racial bias. In the following we 

provide an overview of the seven MPT models that we will apply in the present research. We describe 

each model in the context of the WIT, but the assumptions of the models also hold true for the FPST 

and IAT. 
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Process Dissociation Procedure 

The Process Dissociation Procedure (PDP; Jacoby, 1991; Payne, 2001) is depicted in Figure 1 

(upper panel). This model consists of a Controlled (C) and an Automatic (A) process parameter. The 

Controlled process parameter represents any process(es) that result in a correct response, including 

but not limited to general accuracy in responding based on successful target discrimination, as well as 

conflict monitoring/resolution when the automatic processes would produce a response that conflicts 

with the correct response (Klauer & Voss, 2008; Laukenmann et al., 2023). The Automatic process 

parameter represents response tendencies towards producing a "gun" versus "tool" response, which 

include automatic threat stereotype associations. Success of the Controlled process (C) will always 

produce the correct response (+). The Automatic process can only produce a response in the absence 

of influence from the Controlled process (1 – C), with the probability (A) representing a "gun" 

response and with the counter-probability (1 – A) representing a "tool" response. When the target 

stimulus is a gun, (A) produces a correct response (+), and (1 – A) produces an incorrect response   

(–). In contrast, when the target stimulus is a tool, (A) produces an incorrect response (–), and (1 – 

A) produces a correct response (+). In the PDP, controlled processing dominates automaticity, such 

that the influence of automatic processing is irrelevant whenever the controlled process succeeds. 

PDP with guessing 

The Process Dissociation Procedure with guessing (PDP+G, Bishara & Payne, 2009) is an 

extension of the PDP, and is depicted in Figure 1 (lower panel). Like the PDP, the PDP+G consists 

of a Controlled (C) and an Automatic (A) parameter but adds a Guessing (G) process parameter. The 

Controlled process parameter represents accuracy in responding and conflict monitoring/resolution 

that will always produce a correct response, and the Automatic process parameter represents the 

activation of automatic threat stereotype associations that can only influence responses in the absence 

of influence from the Controlled process. The Guessing process parameter in the PDP+G represents a 

general, stereotype independent, response tendency that can only influence responses in the absence of 

influence from either the Controlled or Automatic process. The term "guessing" is a bit of a 

misnomer, as it does not necessarily reflect random responding; instead, this parameter is a catch-all 
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that accounts for any processes that influence responses and are not already reflected in the 

Controlled and Automatic process parameters. In the absence of influence from the Controlled process 

(1 – C), the Automatic process either influences the response towards "gun" (A) or does not influence 

the response (1 – A). If neither the Controlled (1 – C) nor the Automatic (1 – A) process influences 

the response, the response is guessed towards "gun" (G) or "tool" (1 – G). Whereas the meaning of 

the Controlled process is the same in the PDP and in the PDP+G, the meaning of the Automatic 

process is changed: because the Guessing parameter represents any other processes that would produce 

a "gun" versus "tool" response, the Automatic process parameter primarily represents the influence of 

automatic stereotype association towards "gun".  

___________________________________ 

Insert Figure 1 about here 

___________________________________ 

Stroop Model 

The Stroop model is depicted in Figure 2 (upper panel). Lindsay and Jacoby (1994) proposed 

this model for the Stroop task (Stroop, 1935) as an alternative to the PDP model. Like the PDP, the 

Stroop model consists of a Controlled (C) process parameter that represents accuracy in responding 

and conflict monitoring/resolution, and an Automatic (A) process parameter that represents processes 

that produce "gun" versus "tool" responses, including the activation of automatic threat stereotype 

associations. However, in contrast to the PDP model, in the Stroop model the Automatic process is 

assumed to dominate responses. If the Automatic process succeeds (A), it influences the response 

towards "gun" leading to a correct response (+) in gun-target trials and an incorrect response in tool-

trials (–)4. However, if the Automatic process has no influence (1 – A), the success of the Controlled 

process (C) produces a correct response (+), and the failure of the Controlled process (1 – C) produces 

an incorrect response (–). 

Stroop Model with Guessing 

The Stroop model with Guessing (Stroop+G, Bishara & Payne, 2009) is an extension of the 

Stroop model, and is depicted in Figure 2 (lower panel). Like the PDP+G model, the Stroop+G 
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model consists of a Controlled (C), an Automatic (A), and a Guessing (G) process parameter. Like in 

the PDP+G model, in the Stroop+G model the Controlled process parameter represents accuracy in 

responding and conflict monitoring/resolution for interfering processes, the Automatic process 

parameter represents the activation of automatic threat stereotype associations, and the Guessing 

process parameter represents a general, stereotype independent, response tendency that can only 

influence responses in the absence of influence from either the Controlled or Automatic process. If the 

Automatic process succeeds (A), it influences the response towards "gun", leading to a correct 

response (+) in gun-target trials, and an incorrect response in tool-trials (–). In the absence of 

influence from the Automatic process (1 – A), the Controlled process either (C) produces a correct 

response (+) or does not influence the response (1 – C). If neither the Automatic (1 – A) nor the 

Controlled (1 – C) processes influences the response, the response is guessed towards "gun" (G) or 

"tool" (1 – G). Like the Stroop model, in the Stroop+G model automaticity dominates controlled 

processing and guessing, such that the influence of controlled processing and guessing is irrelevant 

whenever the automatic process succeeds. 

___________________________________ 

Insert Figure 2 about here 

___________________________________ 

Quad Model 

The Quad model (Conrey et al., 2005) is depicted in Figure 3. The Quad model consists of 

four parameters: Detection (D), Automatic association activation (AC), Overcoming bias (OB), and 

Guessing (G). The Detection process parameter represents accuracy in responding based on successful 

target discrimination. The Automatic process parameter represents the activation of automatic threat 

stereotype associations for Black males and non-threat stereotype associations for White males. The 

Detection and Automatic parameters of the Quad model are conceptually analogous to the Controlled 

and Automatic parameters of the PD(+G) and Stroop(+G) models. However, the Quad model differs 

from the other models in its assumptions about the dominance of either process. Whereas the PD(+G) 

models assume that the Controlled process will always drive a response if activated, and the 
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Stroop(+G) models assume that the Automatic process will always drive a response if activated, the 

Quad model allows for both types of process to potentially drive a response if activated. When 

Detection and Automatic processes are both activated and would produce conflicting responses (i.e., a 

correct response versus a stereotype-congruent incorrect response, respectively), the Overcoming Bias 

process parameter represents successful conflict resolution over the Automatic processes. Like in the 

PDP+G and Stroop+G models, the Guessing process parameter in the Quad model represents any 

processes that would produce a general, stereotype independent, response tendency that are not 

otherwise accounted for by the other model parameters. 

If the Automatic process succeeds (AC) and Detection is achieved (D), the automatic influence 

can be overcome (OB) or not (1 – OB). If the automatic influence is overcome (OB), Detection leads 

to the correct response (+), but if the Automatic process is not overcome (1 – OB), the Automatic 

process drives a response that is correct (+) on "gun" trials but incorrect (-) on "tool" trials. If the 

Automatic process (1 – AC) and detection have no influence (1 – D), the response is guessed towards 

"gun" (G) or "tool" (1 – G). 

___________________________________ 

Insert Figure 3 about here 

___________________________________ 

As originally specified by Conrey et al. (2005), the Quad model assumes distinct associations 

for Black versus White targets: "Black" and "gun", but "White" and "tool". In the following, we refer 

to this model specification as the traditional Quad model. Consequently, in the traditional Quad 

model, "White" cannot be associated with "gun", or "Black" with "tool". This assumption contrasts 

with the PDP model, which allows for both directions of association: automatic parameter values 

greater than .5 reflect "gun" associations and less than .5 reflect "tool" associations. In the present 

research, we posit that "gun" associations are more theoretically relevant than "tool" associations to 

racial threat stereotypes. We implement this assumption in the form of a respecified egalitarian Quad 

model, such that both automatic parameters reflect "gun" associations (i.e., Black-"gun"  and White-

"gun"). Thus, the egalitarian Quad model assumes the same direction for the pattern of associations 
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but allows for the strength of the activated association to vary by race. For the sake of completeness, 

we will include both model specifications – the traditional Quad model and the egalitarian Quad 

model – in the present research. 

Stereotype Misperception Task Model 

The Stereotype Misperception Task (SMT) model (Krieglmeyer & Sherman, 2012) is depicted 

in Figure 4. The SMT model consists of four parameters: Detection (D), Stereotype Activation (SAC), 

Stereotype Application (SAP), and Guessing (G). The Detection process parameter represents general 

accuracy in responding based on successful target discrimination. The Stereotype Activation process 

parameter represents the activation of automatic threat stereotype associations. The Stereotype 

Application process parameter represents whether the activated threat stereotype is applied or not for 

responding. The Guessing process parameter represents a general, stereotype independent, response 

tendency. If a stereotype is activated (SAC), it produces a response tendency towards "gun". This 

activated stereotype can be applied (SAP) which produces a "gun", or it can be corrected (1 – SAP) 

which produces a "tool" response. If no stereotype is activated (1 – SAC), detection (D) will produce 

a correct response (+). If no stereotype is activated (1 – SAC) and detection is not achieved (1 – D), 

guessing produces a "gun" (G) or a "tool" response (1 – G).  

___________________________________ 

Insert Figure 4 about here 

___________________________________ 

 

The Present Research 

The aim of this study is to investigate correspondence across three implicit measures – the 

WIT, FPST, and IAT – configured to assess racial threat stereotypes. Importantly, we retain each 

measure’s traditional structure (i.e., sequential, concurrent, serial) and instructions but, in contrast to 

previous research, align them on all other procedural dimensions. Specifically, in the present research 

we used the same stimuli, response time window, and number of trials in all three measures. In doing 

so, we can investigate the extent to which the small correlations among measures identified in 



14                                                        CORRESPONDENCE AMONG IMPLICIT MEASURES 

previous research (Glaser & Knowles, 2008; Ito et al., 2015; Payne, 2005) reflect procedural artifacts 

versus meaningful differences among the measures.  

In the present research, each participant completed all three implicit measures, and we 

investigated correspondence among measures in two main ways. First, we examined correlations 

among summary statistics of performance (i.e., difference in accuracy between critical trials). Next, to 

provide more theoretically precise insight than can be revealed by summary statistics, we applied 

MPT models to participants’ responses on each measure. We examined which MPT models provide 

good fit to the data from each measure and how the model parameters correlate across measures. 

Replicating previous research, we expect parameters that reflect controlled processes to correlate 

moderately-to-strongly between measures (Ito et al., 2015). Additionally, and in contrast to previous 

research, we expect for parameters that reflect automatic processes and racial bias to correlate 

moderately-to-strongly between measures because we have aligned stimuli across measures.  

We applied all seven MPTs (PDP, PDP+G, Stroop, Stroop+G, traditional Quad, egalitarian 

Quad, and SMT) to participants’ responses on each measure. Given that an MPT model reflects 

theoretical assumptions specified in equation form, we can quantitatively examine the extent to which 

the assumptions articulated in each MPT model fit each measure. In comparing models, we will select 

the best-fitting model (as identified by model-selection indices) for each measure, then investigate 

correlations across measures between conceptually analogous parameters.  

Though our model comparisons will be in part exploratory, we nevertheless can make some 

predictions about which model might be favored for each measure. We expect the PDP to provide 

best fit to the WIT because the PDP was initially developed for the WIT (Payne, 2001) and has been 

widely used with the WIT (Bishara & Payne, 2009; Ito et al., 2015; Klauer & Voss, 2008; 

Laukenmann et al., 2023; Lambert et al., 2003; Payne et al., 2002). That said, the PDP has not 

provided unambiguously best fit to the WIT in previous research: for example, Burke (2015) 

concluded that the Quad model provided superior fit to the WIT than did the PDP. We expect the 

Quad model to provide best fit (either in its traditional or egalitarian version) to the IAT because it 

was initially developed for the IAT (Conrey et al., 2005) and has been widely used with the IAT. 
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However, also the PDP model has been applied before to analyze IAT data (Ito et al., 2015). We have 

no predictions about which MPT model would provide best fit to the FPST. The FPST is typically 

analyzed using signal detection modeling (Correll et al., 2002; Mekawi & Bresin, 2015), though the 

PDP model has been applied to the FPST in previous research (Huntsinger et al., 2009; Ito et al., 

2015). 

Methods 

Participants 

In total, 547 undergraduate students at a large, public Southern California university 

participated for partial course credit. As a prerequisite of the Institutional Review Board at the 

university where the study took place, participants were excluded from analysis if they chose to reject 

data inclusion at the end of the study (44 rejected inclusion). Participants were also excluded whose 

error rate was >50% for any measure (9 WIT; 2 FPST; 5 IAT; 1 in at least two of the measures), or 

missing trials at a rate 1.5 times the interquartile range above the median (Tukey’s criterion) for at 

least one measure (43 WIT; 26 FPST; 6 IAT; 46 in at least two of the measures). 

The final sample comprised 372 participants (age: Mage = 19.6, SDage = 2.3; gender: 225 

female, 141 male, 5 other, 1 unreported; race: 33 White, 11 Black, 130 Asian, 146 Latino, 48 other, 4 

unreported). A post-hoc power analysis for a repeated measurement ANOVA with a sample size of N 

= 372, and a Type-1 error level of α = .05 (Faul et al., 2009) afforded a test power of at least 1-β > 

.49 to detect small effects (f = .1 or ηp2 = .01 in the underlying population, cf. Cohen, 1988). If effects 

are at least of medium size (f = .25 or ηp2 = .06 in the underlying population, cf. Cohen, 1988), the 

power increases to 1-β > .99 under otherwise identical conditions. A post-hoc power analysis for a 

bivariate correlation and a two-tailed Type-1 error level of α = .05 afforded a test power of at least 1- 

β = .49 to detect a small correlation (r = .10) and increased to a test power of at least 1- β > .97 to 

detect a correlation of r =. 20 given identical conditions. Overall, our study is sufficiently powered.  

Procedure 

Data collection was conducted online. After providing consent, participants completed the 

three implicit measures in random order. Then, participants completed a basic demographic 
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questionnaire (age, gender, ethnicity) and were asked what they thought the study was about. 

Participants were thanked and debriefed at the end. Across all measures, the response keys D and L 

were counterbalanced between participants, and the response keys corresponding to gun and tool 

targets were held constant within participants. 

Weapon Identification Task. Participants completed an adapted version of the WIT 

(Payne, 2001; Rivers, 2017). Participants were instructed to identify as quickly and accurately as 

possible a target object (i.e., gun, tool) preceded by a face image as prime. In addition to the Black 

and White male faces that are traditionally used as primes in the WIT, the adapted WIT also 

included an outline of a face as neutral prime to provide sufficient degrees of freedom for MPT 

modeling. In each trial, participants were presented with a fixation cross (500 ms), a face prime (200 

ms), a target object (200 ms), a pattern mask (500 ms)5, and a feedback screen (1000 ms), each 

presented in the center of the screen. On practice trials, participants received the following feedback: 

‘correct!’, ‘false!’, ‘too slow!’. Slow responses were operationalized as responses made 700 ms or more 

after target object onset. On experimental trials, participants only received feedback if their response 

was too slow. Participants’ response latency was recorded, even if it exceeded the 700 ms limit. 

Participants first completed 20 practice trials containing only the neutral face outlines as primes, half 

of which were paired with a gun target and half of which were paired with a tool target. Next, 

participants completed 240 experimental trials with 80 trials for each prime race by target object 

combination in random order. Participants had two self-paced breaks after 80 and 160 trials. 

First-Person Shooter Task. Participants completed an adapted version of the FPST 

(Correll et al., 2002, 2014; Unkelbach et al., 2008). Participants were instructed to "shoot" or "don’t 

shoot" as quickly and accurately as possible an image of a Black male face, a White male face, or the 

outline of a face as neutral image, that was paired with either a gun ("armed") or tool ("unarmed") 

target object. The target object was displayed on either the left or right side of the face with its 

handle pointing towards the face. In each trial, participants were presented with a fixation cross (500 

ms), a face image and target object presented simultaneously at one of nine random positions on the 

screen (700 ms), and a feedback screen (1000 ms). On practice trials, participants received the 
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following feedback: ‘correct!’, ‘false!’, ‘too slow!’. Slow responses were operationalized as response made 

700 ms or more after the onset of the target object with the face image. On experimental trials, 

participants only received feedback if their response was too slow. Participants first completed 20 

practice trials containing only neutral face outlines as face images, half of which were paired with a 

gun target and half of which were paired with a tool target. Next, participants completed 240 

experimental trials with 80 trials for each face race by target object combination in random order. 

Participants had two self-paced breaks after 80 and 160 trials. 

Implicit Association Test. Participants completed an adapted version of the IAT 

(Greenwald et al., 1998). Participants were instructed to categorize as quickly and accurately as 

possible target objects (a gun or a tool) and face images (a Black male face, a White male face, or a 

neutral outline of a face). In each trial, participants were presented with a fixation cross (500 ms), a 

target object or face image (700 ms), and a feedback screen (1000 ms), each presented in the center of 

the screen. On practice trials, participants received the following feedback: ‘correct!’, ‘false!’, ‘too 

slow!’. Slow responses were operationalized as responses made 700 ms or more after the onset of the 

target object or face image. On experimental trials, participants only received feedback if their 

response was too slow. In each trial, key assignments for the categories (target objects: "gun"/"tool"; 

race categories: "Black"/"White"/"neutral") were continuously displayed on the left or right lower 

corner on screen. In total, the IAT consisted of 13 blocks, seven practice blocks with 20 trials and six 

experimental blocks with 40 trials each. The first practice block consisted of learning the assignment 

of the target objects gun and tool to the left or right response key. Next, each of the three 

combinations of face image category pairings (Black male vs. White male; Black male vs. neutral 

outline; White male vs. neutral outline) were presented in a grouping of four blocks. These four blocks 

each consisted of: a practice block learning the assignment of the race categories to the left and right 

response keys, an experimental block combining target objects and face images, a practice block with 

reversed assignment of the race categories to the response keys, and an experimental block combining 

target objects and face images with reversed key assignment for the face images. The order of key 
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pairings for target objects with race categories was randomized within each race category pairing. The 

four blocks of each race category pairing were presented in a random order for each participant.  

Materials 

Each implicit measure included the same stimulus material taken from Rivers (2017) and 

Phills et al. (2011) and were displayed with a 300 × 300-pixel resolution. Face primes consisted of 24 

Black male faces, 24 White male faces, and one neutral image of the outline of a face. Target objects 

consisted of 5 drawings of guns and of 5 tools presented horizontally. 

Results 

Data pre-processing 

Prior to all analyses, we excluded trials with latencies <100 ms and >1700 ms, resulting in 

exclusion of 1.05% of trials. The implicit measures were presented in random order for each 

participant to rule out order effects, but we do not include task order in our analysis.   

Error rate analysis6 

Figure 5 shows the error rates of all three measures by race and target. A 3 (measure) × 3 

(race) × 2 (target) mixed analysis of variance (ANOVA) with Greenhouse-Geyser correction on the 

error rates yielded a main effect of measure F(1.68, 622.45) = 60.75, p <.001, ηp2 = .141, which 

indicates that error rates varied across measures. To investigate these differences, we used paired t-

test comparisons. The WIT had a significantly higher error rate (M = 14.0%, SD = 9.4) than the 

FPST (M = 11.1%, SD = 6.9), t(371) = 6.37, p <.001, dZ = 0.25, and a higher error rate than the 

IAT (M = 9.7%, SD = 5.2), t(371) = 9.92, p <.001, dZ = 0.38. The FPST had a significantly higher 

error rate than the IAT, t(371) = 5.01, p <.001, dZ = 0.17. 

The ANOVA also yielded the expected race × target interaction, F(1.96, 726.08) = 63.08, p 

<.001, ηp2 = .145, indicating that error rates for each target type varied as a function of race. A three-

way interaction also emerged, F(3.71, 1374.92) = 3.53, p =.009, ηp2 = .009, indicating that the racial 

bias effect varied across measures.  Nevertheless, analyzing each measure separately, the race by 

target interaction remained significant for all measures: WIT (F(1.86, 690.93) = 26.53, p <.001, ηp2 = 
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.067), FPST (F(1.98, 735.68) = 17.56, p <.001, ηp2 = .045), and IAT (F(1.98, 735.79) = 38.13, p 

<.001, ηp2 = .093). 

___________________________________ 

Insert Figure 5 about here 

___________________________________ 

To investigate the correspondence between measures we analyzed the correlations between 

summary statistics of accuracy as proxies for racial bias. To do so, we calculated the difference 

between errors for gun and tool targets for each face type. Specifically, we calculated Black versus 

White accuracy bias as: (errors(tool|Black) – errors (gun|Black)) – (errors (tool|White) – errors 

(gun|White)). Conceptually replicating previous research, accuracy bias estimates correlated 

significantly between the WIT and FPST (r = .18, p < .001), but not between the WIT and IAT (r = 

.06, p = .27) nor between the FPST and IAT (r = .02, p = .77).   

Multinomial Process Tree Model estimation 

Modeling procedure. We conducted MPT modeling to investigate which model fits and 

explains the data best for each implicit measure. We used the hierarchical, latent-trait model of 

Klauer (2010) as a framework for all analyses.  

To assess goodness-of-fit, we used Bayesian posterior predictive p-values corresponding to the 

test statistics T1 and T2 (Klauer, 2010; Klauer et al., 2015). T1 summarizes how well the model 

accounts for the average response frequencies across participants and is conceptually analogous to the 

goodness-of-fit statistic χ2 used in non-Bayesian multinomial modeling (Klauer et al., 2015; Riefer & 

Batchelder, 1991). T2 summarizes how well the model accounts for the variances and covariances of 

the response frequencies across participants. The posterior predictive p-value represents the 

comparison of the calculated test statistics obtained for observed and predicted response frequencies. 

A p >.05 reflects no reliable difference between observed and predicted frequencies and can be 

interpreted as evidence that model assumptions are in line with the data (Klauer et al., 2015; Klauer, 

2010). 
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As model selection indices, we used the Deviance Information Criterion (DIC; Klauer et al., 

2015; Spiegelhalter et al., 2002) and the Widely Applicable Information Criterion (WAIC; Vehtari et 

al., 2017). Models with the lowest DIC or WAIC values are interpreted to provide the best fit, and an 

absolute difference of 2.0 or more between models in terms of ΔDIC or ΔWAIC is generally 

considered as evidence in favor of one model over the other (Burnham & Anderson, 2004; Klauer et 

al., 2015; Spiegelhalter et al., 2002). 

We used the R package TreeBUGS (Heck et al., 2018) to fit hierarchical latent-trait MPT 

versions of each model to the data from each measure. We used the Markov Chain Monte Carlo 

algorithm for three independent estimation chains with 1,000,000 iterations each, of which 250,000 

were removed as a burn-in period. Every 500th iteration was retained to compute summary statistics. 

We report model equations and estimated parameter values in the online supplementary material. The 

Rubin-Gelman statistic was smaller than R̂ < 1.05 for all parameter estimates across all models, 

showing an acceptable convergence of estimation chains. 

MPT model comparison between measures. Model fit and model selection indices are 

reported in Table 2 for each measure7. For the WIT, the PDP (p(T1) =.16; p(T2) =.26), and the 

traditional Quad model (p(T1) =.08; p(T2) =.09) demonstrated acceptable fit, but all other models 

did not demonstrate acceptable fit for at least one of the fit statistics. Selection indices suggested that 

the PDP provides better fit to the WIT than the traditional Quad model (∆DIC = 70.9; ∆WAIC = 

139.7) and all other models (all ∆DICs > 26.2; all ∆WAICs > 83.7).  

For the FPST, only the PDP demonstrated acceptable fit (p(T1) =.05; p(T2) =.39). Selection 

indices suggested that the PDP provides better fit to the FPST than all other models (all ∆DICs > 

8.0; all ∆WAICs > 44.4).  

For the IAT, the PDP (p(T1) =.56; p(T2) =.38), PDP+G (p(T1) =.57; p(T2) =.33), and the 

egalitarian Quad model (p(T1) =.39; p(T2) =.33) demonstrated acceptable fit, but all other models 

did not demonstrate acceptable fit for at least one of the fit statistics. Selection indices suggested that 

the PDP provides better fit to the IAT than the PDP+G (∆DIC = 1.9; ∆WAIC = 18.3), the 
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egalitarian Quad model (∆DIC = 3.3; ∆WAIC = 18.3), and all other models (∆DICs > 24.9; 

∆WAICs > 55.9). 

___________________________________ 

Insert Table 2 about here 

___________________________________ 

Joint modeling across measures. In the previous section, we separately applied each 

model to data from each implicit measure to determine which model provided best fit to each 

measure. Next, we specified a joint model to all three measures simultaneously to compare 

correspondence in process parameters between measures.  

To decide on which joint MPT model to apply to each measure, we preregistered two different 

selection approaches. In the first approach, we proposed to apply the best-fitting model (in terms of 

the lowest DIC or WAIC value) to the measure it fit best, which could result in a joint model that 

includes up to three different MPT models. In the second approach, we proposed to apply the same 

model to all three measures if it provided best fit to any of the measures. Across all models the PDP 

provided best model fit, so both approaches result in a joint model that includes only the PDP model 

(hereafter referred to as the PDP-joint model8). 

We estimated the PDP-joint model in the same way we estimated the individual models. The 

Rubin-Gelman statistic was smaller than R̂ < 1.05 for all parameter estimates across all models, 

showing an acceptable convergence of estimation chains. The PDP-joint model (p(T1) = .083; p(T2) = 

.446) fit the data well. We report parameter estimates for the PDP-only joint model in Table 3. 

Furthermore, we report racial bias estimates, quantified as the difference between automatic 

parameters for Black versus White targets, as well as parameter correlations between measures within 

the joint model. 

__________________________________ 

Insert Table 3 about here 

___________________________________ 
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 Parameter and racial bias estimate correlations across measures. The racial bias 

estimate for Black versus White males in the PDP is reflected in the difference between automatic 

process parameters for Black versus White faces: ∆ABW = AB – AW. We operationalize racial bias in 

this way analogously to how implicit bias has been quantified before (e.g., Payne, 2005; Ito et al., 

2015). Positive ∆ABW values (Table 3) with 95%-Bayesian Confidence Intervals (BCIs; in brackets) 

that do not contain zero emerged for the WIT (∆ABW = 0.08 [0.05 – 0.12]), FPST (∆ABW = 0.07 

[0.05 – 0.10]), and IAT (∆ABW = 0.08 [0.05 – 0.11]). All three measures indicate that threatening 

objects (i.e., guns) are reliably associated more strongly with Black than White males. Racial bias 

estimates correlated moderately between the WIT and FPST (r = .38 [.09. – .66]), but not between 

the IAT and WIT (r = .16 [-.19. – .49]) or between the IAT and FPST (r = .11 [-.29 – .49])9. 

C-parameters correlated strongly (r = .52 – .65) among measures, indicating that processes 

that contribute to overall task accuracy correspond highly within participants across measures. A-

parameters correlated moderately to strongly between WIT and FPST (r = .31 – .71), WIT and IAT 

(r = .34 – .56), and FPST and IAT (r = .39 – .64). This pattern of results indicates that participants’ 

response tendency towards "gun" over "tool" corresponded highly across measures.  

Conceptually analogous A-parameters estimated from the WIT and FPST corresponded 

descriptively more strongly with one another than they did with conceptually dissimilar A-parameters. 

Specifically, AB-parameters correlated at r = .65 [.45 – .81] and AW-parameters correlated at r = .62 

[.43 – .78], but the AB-parameter estimated from the WIT correlated with the AW-parameter 

estimated from the FPST at r = .54 [.35 – .72], and the AW-parameter from the WIT correlated with 

the AB-parameter estimated from the FPST at r = .31 [.09 – .52]. A similar, but attenuated, pattern 

of correlations emerged among A-parameters estimated from the FPST and IAT. AB-parameters 

correlated at r = .47 [.15 – .75] and AW-parameters correlated at r = .50 [.19 – .79], but the AB-

parameter estimated from the FPST correlated with the AW-parameter estimated from the IAT at r = 

.44 [.14 – .72], and the AW-parameter estimated from the FPST correlated with the AB-parameter 

estimated from the IAT at r = .43 [.08 – .75]. However, a different pattern of correlations emerged 

among A-parameters estimated from the WIT and IAT. The AW-parameter correlation r = .56 [.30 – 
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.79] across measures was stronger than both the correlation between the AB-parameter estimated from 

the WIT and the AW-parameter estimated from the IAT r = .34 [.05 – .62] and the correlation 

between the AW-parameter estimated from the WIT and the AB-parameter estimated from the IAT r 

= .40 [.10 – .68], but the AB-parameter correlation r = .38, [.07 – .65] was not. Taken together, this 

pattern of correlations suggests a degree of theoretical precision in A-parameters, though the strength 

of correspondence varies across measures.  

General Discussion 

In the present research, we investigated correspondence among three implicit measures of 

racial bias: the Weapon Identification Task (WIT), the First-Person Shooter Task (FPST) and the 

Implicit Association Test (IAT). Previous research showing small or null correlations among these 

measures is confounded by differences in procedures or stimuli. In contrast, we aligned procedures and 

stimuli across all three measures, allowing them to vary only in structure and instructions. With 

measures aligned in this way, we found that participants’ responses corresponded across measures, 

both in terms of accuracy-oriented controlled responding – replicating previous research – and also in 

terms of the tendency to respond "gun" versus "tool". That said, racial bias as operationalized in 

terms of differences between Black and White associations parameters did not correspond as 

consistently across measures: whereas racial bias estimates correlated moderately across the WIT and 

FPST, racial bias estimates corresponded weakly between the IAT and the other measures. 

Nevertheless, with a well-powered fully within-participants design, our findings suggest that the WIT, 

FPST, and IAT can correspond well with one another when procedurally aligned and analyzed with 

sufficient theoretical precision.  

Correspondence across Implicit Racial Bias Measures 

Perhaps the most important finding to emerge from the present research is that automatic 

process estimates correlated moderately to strongly across all measures. This finding helps to resolve a 

puzzle that emerged relatively early in the implicit social cognition literature, that implicit measures 

configured to assess the same construct corresponded poorly or not at all (Bar-Anan & Nosek, 2014; 

Cunningham et al., 2001; Ito et al., 2015; Olson & Fazio, 2003). Indeed, based on those findings, 
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implicit social cognition research was rightly criticized: If our measures do not correspond with one 

another, do we even know what we are measuring? However, by aligning measures across procedures 

and stimuli and using MPT modeling to disentangle the joint contributions of multiple processes, we 

showed that measures configured to assess the same construct correspond well with one another in 

automatic process estimates for the same target group.  

The PDP provided best fit to all three implicit measures examined in the present research, 

which begs the question: What cognitive process(es) does the automatic parameter of the PDP reflect? 

The most straightforward interpretation of the automatic parameter is that it reflects participants’ 

preference to respond with gun in comparison to tool. This preference can reflect a simple hand-side 

preference, other dispositional characteristics like a threat-related attention bias driven by anxiety 

(Bar-Haim et al., 2007), or a general threat superiority effect for gun targets (Rivera-Rodriguez et al., 

2021; Subra et al., 2018). Additionally, automatic parameters provide insight into racial biases when 

we compare parameters estimated from trials that include Black versus White faces. Across all 

measures, participants demonstrated stronger associations between "Black" and "gun" than between 

"White" and "gun", illustrating the cultural stereotype of Black men as dangerous – which, in turn, 

provides a degree of validity evidence that these measures can assess their intended construct.   

Though automatic parameters correlated moderately-to-strongly across all tasks, racial bias 

operationalized as the difference between Black and White automatic parameters did not align in the 

same way. Specifically, this operationalization of racial bias correlated moderately between the WIT 

and FPST, but not between the IAT and the other two measures. These findings dovetail with 

previous work demonstrating correspondence between the WIT and FPST (Payne & Correll, 2020; Ito 

et al., 2015). In contrast, lack of correspondence between the IAT and the other two measures may 

reflect heightened category salience and direct contrasting of race categories as a function of the 

structure of the IAT. In all three tasks, participants view pictures of Black and White males, but 

never need to attend to race – or to the faces at all – to make a correct response on the WIT (i.e., 

"gun", "tool") or the FPST (i.e., "shoot", "don’t shoot"). Only the IAT, because of its dual-

categorization structure, requires participants to attend to race to make a correct response to half of 
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trials. Thus, our findings would seem to align with other researchers who conclude that the IAT 

assesses associations based on racial categories (De Houwer, 2001), but the WIT and FPST assess 

associations based on racial exemplars (Olson & Fazio; Livingston & Brewer, 2002). That said, 

difference score-based racial bias estimates may instead correlate less consistently across measures 

than associations parameters for statistical reasons: Difference scores reflect compounded variance, 

which may attenuate correlations (Gardner & Neufeld, 1987). Nevertheless, future research is 

necessary to better understand factors that moderate correspondence among processes that contribute 

to racially-biased responses on implicit measures. 

Replicating previous research, controlled process estimates overall correlated strongly across all 

measures. This pattern of results indicates that participants’ cognitive control abilities generalize 

across tasks. These findings dovetail with other work showing that the WIT and FPST are related to 

higher cognitive executive functions like inhibition (Ito et al., 2015; Payne, 2005), and the IAT is 

related to updating and task switching (Ito et al., 2015; Klauer et al., 2010). Similar findings of 

correspondence have also emerged in research using other accuracy-based measures of conflict 

resolution (Draheim et al., 2021). Hence, the present research joins a body of literature connecting 

implicit measures with a broad constellation of executive functions and other higher cognitive abilities. 

Summary statistics of implicit bias 

Racial bias effects emerged across all three measures in terms of accuracy-based summary 

statistics, such that guns are associated more strongly with Black than White male faces. However, 

these accuracy-based summary statistics only corresponded weakly between the WIT and FPST, and 

not between the IAT and either the WIT or the FPST. In contrast, MPT modeling revealed 

correspondence among processes across measures, such that both control and automatic parameters 

correspond well to conceptually-analogous parameters across measures. In addition, racial bias 

estimates operationalized in terms of differences between model parameters correlated moderately 

between the WIT and FPST, demonstrating that MPT modeling can reveal correspondence between 

measures that summary statistics may obscure. Taken together, the present research highlights one 
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way in which summary statistics of implicit bias can belie process-level relationships, and at the same 

time demonstrates the value of the theoretical precision provided by MPT models. 

Multinomial process tree models 

Not only does the present research help to resolve an apparent puzzle identified by previous 

research, but it also points the way forward for future research using implicit measures. We relied on 

MPT modeling to estimate the contributions of qualitatively distinct cognitive processes to responses 

on different implicit measures. Because MPT models reflect theoretical assumptions instantiated in 

equation form, the degree to which each MPT fits data provides insight into the cognitive processes 

that underlie responses on each implicit measure.  

The PDP provided unambiguously best fit to the WIT, which is perhaps unsurprising because 

the PDP has been extensively used with the WIT in previous research (e.g., Bishara & Payne, 2009; 

Ito et al., 2015; Klauer et al., 2015; Klauer & Voss, 2008; Lambert et al., 2003; Payne, 2001; Payne et 

al., 2002). The traditional Quad model also provided acceptable fit to the WIT, but model selection 

indices favored the PDP over it. The PDP also provided unambiguously best fit to the FPST, which 

is also perhaps unsurprising. Though the FPST is typically analyzed using signal detection theory 

(SDT) modeling (Correll et al., 2002; Mekawi & Bresin, 2015), the PDP and SDT are mathematically 

very similar (Payne & Correll, 2020). The PDP also provided best fit to the IAT, though the 

egalitarian Quad model and PDP+G model also provided acceptable fit. Taken together, the present 

research underscores the value of the PDP to disentangle the contributions of distinct processes to 

three widely-used implicit measures. At the same time, our findings support the utility of the Quad 

model (in the context of the WIT and IAT) and PDP+G model (in the context of the IAT) for 

researchers who seek to investigate processes not accounted for by parameters of the PDP.  

Just as the present research identified MPT models that can be validly applied to the three 

implicit measures we investigated, so too did it identify models that provide poor fit to these 

measures. Specifically, the Stroop, Stroop+G, and SMT models all did not provide acceptable fit to 

any of the three measures. Notably, each of these models reflect the assumption that the relatively 

more automatic process dominates responses – in contrast to the PDP, PDP+G, and Quad models 
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that assume relatively more controlled processes dominate responses. Thus, one straightforward 

takeaway from the present research is that controlled processes will generally drive responses on the 

WIT, FPST, and IAT if given the opportunity. With that said, we recognize that any single sample is 

insufficient to comprehensively declare the Stroop, Stroop+G, and SMT models as invalid for use with 

these three implicit measures. Nevertheless, our findings highlight the dominance of controlled 

processes in these measures, but future research may identify contexts, participant samples, or other 

moderators under which automatic processes are relatively more influential on responses. 

Limitations 

Despite the strengths of the present research, it is also limited in some ways. For example, to 

test our primary research question about correspondence among implicit measures, we aligned all 

three measures in terms of stimuli and procedures. Such alignment positioned us to make apples-to-

apples comparisons among measures, but this comparability came at the cost of modifying some 

measures from their traditional form. Perhaps the biggest modification was the inclusion of neutral 

face shapes, which was necessary to provide sufficient degrees of freedom for MPT modeling. The 

inclusion of neutral face shapes would not seem to deviate significantly from the traditional forms of 

the WIT or FPST, given that the instructions remained unchanged in our modified versions of these 

measures. However, the inclusion of the neutral face shapes changed the structure of the IAT because 

an additional set of blocks was added to accommodate this third category (i.e., Black/White, 

Black/neutral, White/neutral). That said, this expanded IAT format closely aligns with an existing 

version of the IAT: the multi-category IAT (Axt et al., 2014). Moreover, the expected bias effects (i.e., 

indicating stronger associations between threat and Black versus White) emerged across all three 

measures, which suggest that these changes did not significantly alter the measures. Nevertheless, 

previous research has demonstrated that task procedures (such as number of trials) affect the extent 

to which different cognitive processes influence responses on implicit measures (Calanchini et al., 

2021), so future research should continue to investigate the role of stimulus and structural effects in 

implicit bias.   
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Conclusion 

The present research makes two key contributions to the implicit social cognition literature. 

The first contribution is the demonstration that three commonly-used implicit measures can 

correspond well when procedurally aligned and analyzed with sufficient theoretical precision. The 

second contribution is our finding that the PDP specifically, and control-dominant MPTs more 

generally, are the most suitable models for these measures. Taken together, this work offers a useful 

template for future researchers who seek to incorporate multiple operationalizations of racial bias in 

their work and gain theoretically-precise insight into the processes that contribute to responses on 

measures of implicit social cognition.  
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Footnotes 

1 We use the term "implicit" to mean "indirect". Thus, the term "implicit measure" refers to a family 

of measurement instruments which assess mental contents without directly asking participants 

for that information. 

2 We use the terms "implicit bias" to refer to behavioral responses on implicit measures, and the term 

"associations" to refer to the underlying mental construct assessed by implicit measures. We 

make no strong assumptions or claims about the representational nature of the constructs 

assessed by implicit measures. 

3 A recent version of the FPST also allows for a dynamic presentation of target stimuli by showing a 

video clip of a person reaching into their pocket and pulling out the target object, resulting in 

a sequential presentation of the person first and the target object second (Frenken et al., 

2022). 

4 In the present research, we defined the A-parameter as an Automatic process influencing responses 

towards "gun" on all trial types. This specification contrasts with the specification proposed 

by Bishara and Payne (2009), in which the A-parameter is defined as influencing responses 

towards "gun" for Black faces but towards "tool" for White faces. 

5 In a first wave of preliminary data collection (N = 42), we imposed a response time limit of 500 ms 

after target onset (with a pattern mask shown for 300 ms) which resulted in a substantially 

higher error rate for the WIT (M = 33.9%) compared to the FPST (M = 13.8%) and the IAT 

(M = 12.6%). To improve comparability between measures and their process models, we aim 

to have similar error rates for participants across measures and thus adjusted the response 

time limit to 700ms for the WIT. These preliminary data were not included in further 

analysis. 

6 We report means, standard deviations and further statistical analysis of accuracy and response time 

data by target and race for each measure in the online supplementary material. 



38                                                        CORRESPONDENCE AMONG IMPLICIT MEASURES 

7 We constrained process parameters reflecting controlled responding and guessing across race 

conditions but allowed parameters reflecting automatic influences to vary between race 

conditions. These constraints allow for comparison across models with degrees of freedom > 0. 

8 In an exploratory fashion, we estimated alternative joint models with applying the egalitarian or 

traditional Quad model to the IAT and the PDP to the WIT and FPST. We report both 

models in the online supplementary material.  

9 Note that correlations based on difference scores should be interpreted with caution (Gardner & 

Neufeld, 1987).   
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Tables 

Table 1 

Procedural details of the WIT, FPST and IAT in their originally published versions. 

 
Weapon Identification 
Task (WIT; Payne, 

2001) 

First-person Shooter 
Task (FPST; 

(Correll et al. 2002) 

Implicit Association Test 
(IAT; Greenwald et al., 

1998; Study 3) 
response time limit none (Study 1); 

500 ms (Study 2) 
850ms (Study 1 & 3); 

630ms (Study 2) 
none 

number of practice 
trials 

48 trials no trials 150 trials 

number of 
experimental trials 

192 trials 80 trials 200 trials 

stimulus material: 
target group / 
category  

cropped face images of 
Black and White males 

as primes 

full body image of 
Black and White males 

first names judged to be 
more likely to belong to 
Black or White persons 

stimulus material: 
target object / 
attribute 

target images of 
weapons and tools 

target weapon object 
or an innocuous object 
(e.g., a cell phone, a 
wallet) held by Black 

and White males 

unpleasant and pleasant 
words as attributes 

presentation order 
of stimulus 
material  

sequential: prime face 
followed by target 

objects presented in 
the center of the screen 

concurrent: person 
holding target object 

presented at a random 
position on screen 

serial: target category or 
attribute stimuli presented 
in the center of the screen 
in a random order between 

target and attribute 
stimuli 

instruction identifying target 
object while ignoring 

face prime 

"shoot" armed person, 
"don’t shoot" unarmed 

person 

correctly categorize the 
target category and 

attribute stimuli 
analysis correct response 

latencies, error rates, 
process dissociation 

procedure 

correct response 
latencies, error rates, 

signal detection 
modeling 

correct response latencies 
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Figures 

 

Figure 1. Multinomial processing trees of the process dissociation procedure (PDP; upper panel) and 

of the PDP with guessing (lower panel). Branches lead to correct (+) and incorrect (–) responses. C = 

Controlled process, A = Automatic process, and G = Guessing. 
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Figure 2. Multinomial processing trees of the Stoop Model (upper panel) and of the Stroop Model 

with guessing (lower panel). Branches lead to correct (+) and incorrect (–) responses. C = Controlled 

process, A = Automatic process, and G = Guessing. 
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Figure 3. Multinomial Processing Tree of the traditional Quad model (upper panel) and the 

egalitarian Quad model (lower panel). Branches lead to correct (+) and incorrect (–) responses. D = 

Discrimination, AC = Association Activation, OB = Overcoming Bias, and G = Guessing. 
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Figure 4. Multinomial processing tree of the Stereotype Misperception Task Model (SMT Model). 

Branches lead to correct (+) and incorrect (–) responses. D = Detection, SAC = Association 

Activation, SAP = Association Application, and G = Guessing. 
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Figure 5. Error rates of the three implicit measures by race and target. WIT = Weapon 

Identification Task, FPST = First-Person Shooter Task, IAT = Implicit Association Task. Error bars 

represent one standard error. 
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