
Cognition 211 (2021) 104629

Available online 21 February 2021
0010-0277/© 2021 Elsevier B.V. All rights reserved.

A diffusion model analysis of belief bias: Different cognitive mechanisms 
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A B S T R A C T   

Recent results have challenged the widespread assumption of dual process models of belief bias that sound 
reasoning relies on slow, careful reflection, whereas biased reasoning is based on fast intuition. Instead, parallel 
process models of reasoning suggest that rule- and belief-based problem features are processed in parallel and 
that reasoning problems that elicit a conflict between rule- and belief-based problem features may also elicit 
more than one Type 1 response. This has important implications for individual-differences research on reasoning, 
because rule-based responses by certain individuals may reflect that these individuals were either more likely to 
give a rule-based default response or that they successfully inhibited and overrode a belief-based default 
response. In two studies, we used the diffusion model to describe decision making in a transitive reasoning task. 
In Study 1, 41 participants were asked to evaluate conclusions based on their validity. In Study 2, 133 partici-
pants evaluated conclusions based on their validity or believability. We tested which diffusion model parameters 
reflected conflict resolution and related those model parameters to individual differences in cognitive abilities 
and thinking styles. Individual differences in need for cognition predicted successful conflict resolution under 
logic instruction, which suggests that a disposition to engage in reflective thinking facilitates the inhibition and 
override of Type 1 responses. Intelligence, however, was negatively related to successful conflict resolution under 
belief instruction, which suggests that individuals with high cognitive abilities quickly generated a higher-level 
logical response that interfered with their ability to evaluate lower-level intrinsic problem features. Taken 
together, this double dissociation indicates that cognitive abilities and thinking styles affect the processing of 
conflict information through different mechanisms and at different stages: Greater cognitive abilities facilitate 
the efficient creation of decoupled problem representations, whereas a greater disposition to engage in critical 
thinking facilitates the detection and override of Type 1 responses.   

Prior beliefs about the world shape our perception of new informa-
tion. Often, these prior beliefs allow us to make fast decisions based on 
previous experiences and world knowledge without having to resort to 
effortful processing, enabling adaptive behavior in a wide range of 
standard situations. However, prior beliefs may bias our reasoning, 
resulting in suboptimal decision making in certain situations. Nearly a 
century’s worth of research on the phenomenon of belief bias has shown 
that people are more likely to ignore the logical validity of a conclusion 
if it is in conflict with their prior beliefs (Evans, Barston, & Pollard, 
1983). However, not everyone is equally likely to be afflicted by task- 

irrelevant prior beliefs: Individuals with high cognitive abilities and a 
disposition to engage in critical thinking are less prone to fall for belief- 
based reasoning than others (De Neys, 2006; Stanovich, West, & Toplak, 
2016). 

The traditional view is that correct responses to problems with a 
conflict between rule- and belief-based reasoning rely on slow, effortful 
processing, as opposed to fast and autonomous processing (Evans, 
2008). More formally, dual-process model accounts of belief bias 
distinguish between undemanding, belief-based Type 1 processes and 
cognitively demanding, rule-based Type 2 processes. It is proposed that 
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Type 1 processing endorses/opposes a conclusion if it is consistent/ 
inconsistent with prior beliefs regardless of its logical validity. If this 
default response conflicts with a logic-based response, and if that con-
flict is detected, Type 2 processes may be used to inhibit and replace the 
initial response. 

Individual differences in working memory capacity and the dispo-
sition to engage in critical thinking have been shown to predict perfor-
mance in reasoning tasks with a conflict between rule- and belief-based 
processing, which has been interpreted as evidence for the successful 
engagement of deliberate Type 2 processing (De Neys, 2006; Stanovich 
et al., 2016). Cognitive abilities in general and working memory ca-
pacity in particular have been suggested to facilitate the inhibition of 
premature responses resulting from Type 1 processing (Stanovich, 2009, 
2010). Moreover, they have been suggested to be helpful in creating a 
decoupled representation of the problem, which can then be used to 
generate an alternative, rule-based response (Stanovich, 2009, 2010). In 
addition, the disposition and ability to engage in critical thinking has 
been suggested to facilitate the initiation of decoupled reasoning and the 
successful override of Type 1 responses (Stanovich & West, 2000; Top-
lak, West, & Stanovich, 2011). According to Stanovich’s theory of 
rational thinking (Stanovich, 2009, 2010), cognitive abilities (the 
algorithmic mind) and critical thinking dispositions (the reflective 
mind) contribute together to the successful override of incorrect re-
sponses generated by belief-based Type 1 reasoning (the autonomous 
mind). 

1. Challenges to dual-process theories of reasoning 

Although there is substantial evidence supporting the key assump-
tions of dual-process theories (for a review see Ball, Thompson, & 
Stupple, 2018), several recent findings have challenged the assumption 
that intuitive Type 1 processes generate an initial belief-based response 
that may later be inhibited and overridden by deliberate Type 2 
processes. 

First, belief-based reasoning may not be as fast and autonomous as 
commonly presumed. Indeed, shorter problem presentation times do not 
increase belief bias (Evans, Handley, & Bacon, 2009), and granting in-
dividuals more time may even increase their propensity to draw belief- 
based conclusions (Newman, Gibb, & Thompson, 2017). Moreover, 
when asked to evaluate the believability of a conclusion instead of its 
validity, participants performed worse when the two sources of infor-
mation were in conflict (Handley, Newstead, & Trippas, 2011), which 
cannot be explained by sequential dual-process theories, as relatively 
slow deliberate processes should not interfere with fast and autonomous 
belief-based reasoning. These results question the notion of exclusively 
fast and autonomous Type 1 processes. In addition, performing a con-
current demanding task has been shown to not only impair performance 
when participants had to evaluate the logical validity of conclusions, but 
also when they had to evaluate their believability (Howarth, Handley, & 
Walsh, 2016), suggesting that both judgments rely on working memory 
resources. 

Furthermore, recent findings challenge the assumption that logic- 
based reasoning is slow and requires effortful processing. Individuals 
sometimes seem to detect the conflict between logic and believability 
even when defaulting to the belief-based response, suggesting that 
people may have logical intuitions (De Neys, 2012, 2014). Moreover, 
individuals have been shown to be able to evaluate the validity of in-
ferences containing abstract non-words even under challenging time 
constraints (Newman et al., 2017). 

These findings are hard to reconcile with core ideas of traditional 
dual-process models. Instead, they suggest that rule- and belief-related 
problem features are processed in parallel and that reasoning prob-
lems that elicit a conflict between rule- and belief-based thinking may 
also elicit more than one Type 1 response (De Neys, 2012, 2014; Han-
dley & Trippas, 2015; Pennycook, Fugelsang, & Koehler, 2015). Problem 
features such as feature complexity or fluency may then determine 

whether participants give a rule- or belief-based default response 
(Handley & Trippas, 2015; Pennycook et al., 2015; Trippas, Thompson, 
& Handley, 2017). Nevertheless, a divergence between rule- and belief- 
based processing will always cause mutual interference, resulting in 
lower accuracies and higher reaction times (Trippas et al., 2017). 

2. Implications for individual differences research 

These challenges to classic dual-process theories have far-reaching 
implications for the interpretation of results from individual differ-
ences research on belief bias. If belief- and rule-based problem features 
are processed in parallel, rule-based responses by individuals with 
certain personality traits and thinking dispositions may reflect that these 
individuals were either more likely to give a rule-based default response 
or that they successfully inhibited a belief-based default response and 
responded with a rule-based deliberate response. 

In a recent study, Thompson, Pennycook, Trippas, and Evans (2018) 
found that, in conflict trials (where the logical validity of a conclusion 
was incongruent with its believability), individuals with higher cogni-
tive abilities performed worse when asked to assess the believability of a 
conclusion than when asked to assess the logical validity. Conversely, 
individuals with lower cognitive abilities were better at evaluating the 
believability of a conclusion than its validity. These results suggest that 
default responses may differ between high and low ability reasoners, 
and that at least part of the association between cognitive abilities and 
rule-based reasoning can be attributed to individual differences in the 
availability of belief- and rule-based default responses. This notion is 
further supported by previous research showing that more intelligent 
individuals not only engage in more Type 2-processing, but are also 
more likely to give rule-based responses as a first, intuitive answer, as 
compared to less intelligent individuals (Thompson & Johnson, 2014). 
Together, these results suggest that individuals with higher cognitive 
abilities are less afflicted by the belief bias because they are more likely 
to generate a rule-based default response and are also better at inhibiting 
and overriding belief-based default responses than individuals with 
lower cognitive abilities. 

Despite these compelling results, which challenge core predictions of 
sequential dual-process theories of reasoning, some open questions 
remain. A detailed inspection of the results by Thompson et al. (2018) 
reveals that only participants falling into the first quartile of the ability 
distribution showed impairments in their reasoning performance when 
asked to evaluate conclusions with a conflict between belief- and rule- 
based responses according to their validity than when they were asked 
to evaluate these conclusions according to their believability. In com-
parison, all other cognitive ability groups (i.e., both moderately and 
highly able participants) were better at assessing the validity of a 
problem than its believability when there was a conflict between the two 
sources of information. This suggests that not only individuals with very 
high cognitive abilities, but almost everyone was better at assessing a 
problem’s logical validity than they were at assessing its believability. 
An implication of this result would be that the rule-based response was 
the near-universal dominant default response for everyone except those 
individuals with very low cognitive abilities. This conclusion is seem-
ingly at odds with the robust phenomenon of belief bias and the dete-
rioration of performance in conflict trials in comparison to trials without 
a conflict between rule- and belief-based responding (Evans et al., 
1983). 

However, this result – that only the lowest ability group differed from 
the rest of the sample in their response behavior – may be an artifact of 
sample characteristics and the cognitive ability tests employed by 
Thompson et al. (2018). Because their sample consisted of university 
students who are likely to show above-average cognitive abilities due to 
selection processes, the intelligence test used in their study (the Shipley- 
2; Shipley, Christian, Martin, & Klein, 2009) may not have been difficult 
enough to differentiate across their sample’s whole range of cognitive 
abilities. In addition, they used a numeracy test that has been shown to 
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differentiate in highly educated samples but that has not been related to 
standard intelligence tests (Lipkus, Samsa, & Rimer, 2016). Therefore, it 
would be important to demonstrate that these results replicate with an 
intelligence test that is appropriate for highly educated samples and that 
shows a high loading on general intelligence (g). In the present paper, we 
therefore included Raven’s Advances Progressive Matrices (APM; 
Raven, Court, & Raven, 1994) as an intelligence test, which is suited for 
measuring intelligence in gifted adolescents and adults and has been 
shown to have a very high g-loading (Gignac, 2015). 

Moreover, the present research tests whether the same kind of 
moderation is found for any kind of cognitive ability measure, or 
whether different interaction patterns emerge for different cognitive 
abilities and thinking styles (e.g., fluid intelligence, working memory 
capacity, critical thinking disposition and ability). Justified by the re-
sults from a principal component analysis, Thompson et al. (2018) 
collapsed all individual differences variables (intelligence, numeracy, 
reflective thinking, and actively open-minded thinking) into a single 
cognitive ability variable. This approach leads to an increase in the 
reliability of the aggregate cognitive ability variable, but comes with a 
loss of granularity. An inspection of component loadings shows 
considerable heterogeneity in component loadings with the first prin-
cipal component being dominated by the intelligence test. This suggests 
that interactions between cognitive ability variables and performance in 
the belief bias paradigm may differ substantially across different mea-
sures of cognitive ability. In particular, reasoners with high cognitive 
abilities (i.e., high fluid intelligence and working memory capacity) may 
be able to quickly create a rule-based default response after reading a 
problem because they are better at creating higher-level relational 
structures that temporarily bind elemental perceptual or memorial 
representations and that can be effectively abstracted from intrinsic 
features of low-level representations (Chuderski, 2014; Oberauer, Süβ, 
Wilhelm, & Wittmann, 2008). Hence, these reasoners might immedi-
ately generate a rule-based response even when asked to evaluate the 
believability of a problem, due to their fast and efficient processing of 
higher-order relational structures, subsequently resulting in substantial 
interference from rule-based Type 1 processes. In comparison, in-
dividuals with a disposition to engage in reflective thinking but low 
cognitive abilities may not generate a dominant rule-based default 
response as quickly and may therefore experience less interference from 
rule-based Type 1 processes when asked to assess the believability of a 
problem. In order to test whether individuals with high cognitive abil-
ities and individuals with a disposition to engage in reflective thinking 
differ, the moderating effects of both measures on rule- and belief-based 
responding need to be considered separately. In the present paper, we 
therefore measured several indicators of cognitive abilities and thinking 
styles to comprehensively investigate how individual differences in both 
traits moderate rule- and belief-based reasoning in a transitive reasoning 
task. 

3. Performance measures in transitive reasoning tasks 

Transitive reasoning is a form of inferential reasoning that subsumes 
relational inferences made from relations between objects, individuals, 
or entities (Piaget, 1928; Sternberg, 1980b). If A > B and B > C, it can be 
inferred that A > C. It plays an important role in normal development 
and has been demonstrated to underlie many socio-cognitive processes 
including mathematical reasoning, text processing, trusting others, and 
developing relationships (Wright, 2001; Wright & Smailes, 2015). Suc-
cessful transitive reasoning in tasks comparable to the ones typically 
used in research on belief bias requires verbal and spatial in addition to 
operational reasoning abilities (Piaget, Inhelder, & Szeminska, 1960; 
Sternberg, 1980a). 

One limitation of previous research on the belief bias is that most 
studies only considered accuracy as the performance measure in 
reasoning tasks while largely ignoring response times despite their 
theoretical importance in distinguishing between fast intuitive and slow 

deliberate processing (e.g., Evans et al., 2009; Thompson et al., 2018). 
The studies that did assess response times typically found that they were 
longer in trials with a conflict between rule- and belief-based responding 
than in no-conflict trials, although evidence for effects of increased 
processing demands and its moderation by task instructions was less 
compelling and more inconsistent for response times than for accuracies 
(Handley et al., 2011; Thompson, Prowse Turner, & Pennycook, 2011; 
Trippas et al., 2017). At the same time, several studies that used varying 
presentation times and response deadlines have contributed to theory 
development by challenging predictions from classical dual process ac-
counts (e.g., Evans et al., 2009; Newman et al., 2017). Hence, research 
on the belief bias would likely benefit from simultaneously considering 
responses and response times in order to assess how much processing 
time is needed for belief-based and rule-based responding. 

One reason why previous research has found rather inconsistent re-
sults for response time measures may lie in speed-accuracy tradeoffs that 
can lead to substantial shifts in response time distributions. Even when 
instructed to respond as quickly and accurately as possible, individuals 
still differ in the degree to which they put relative emphasis on speed 
and accuracy in experimental tasks (Heitz, 2014). These shifts are not 
easily detectable by visual inspection or traditional methods of statisti-
cal inference, because substantial shifts in response time (e.g., an in-
crease of 200 ms) are often accompanied by very subtle changes in 
accuracy (e.g., an increase of only 3%), which can lead to the erroneous 
conclusion that there are no speed-accuracy tradeoffs (Forstmann et al., 
2011; Pew, 1969). This concern is particularly relevant in individual 
differences research, where individuals with higher abilities may stra-
tegically adjust their decision criteria differently than individuals with 
lower abilities to adapt to task demands (Draheim, Hicks, & Engle, 2016; 
Draheim, Mashburn, Martin, & Engle, 2019; Schmiedek, Oberauer, 
Wilhelm, Süß, & Wittmann, 2007). Therefore, it is advisable to explicitly 
consider speed-accuracy tradeoffs by either using measures that inte-
grate response times and accuracies (Hughes, Linck, Bowles, Koeth, & 
Bunting, 2014; Liesefeld & Janczyk, 2019; Vandierendonck, 2017), or 
by accounting for them by using mathematical models of decision 
making (Brown & Heathcote, 2008; Forstmann et al., 2011; Ratcliff, 
1978). 

The use of mathematical models of decision making has further 
benefits, as it transforms observed performance measures into parame-
ters of process models. Non-overlapping interactions between two 
experimental factors can be removed through nonlinear transformations 
of the measurement scale (Bamber, 1979; Loftus, 1978), severely 
limiting the interpretability of these interactions. Therefore, it is crucial 
to make informed decisions about the measurement scales of cognitive 
processes, as conclusions may not generalize beyond the specific scales 
used in data analyses. Because mathematical process models allow to 
specify transformations between a specific dependent variable and a 
latent process of interest, using such process models permits to interpret 
non-overlapping interactions in terms of the modeled latent psycho-
logical constructs (Wagenmakers, Krypotos, Criss, & Iverson, 2012). 

We therefore analyzed participants’ performance by means of 
diffusion modeling. The diffusion model is a mathematical model of 
decision making that uses the full distribution of responses and response 
times to estimate latent model parameters describing the decision pro-
cess (Ratcliff, 1978; Voss, Nagler, & Lerche, 2013). It has never before, 
to the best of our knowledge, been used to study belief bias, because 
typically sparse trial numbers in reasoning tasks complicate model 
fitting (Trippas et al., 2018). The diffusion model assumes that in two 
alternative forced-choice problems, evidence is continuously accumu-
lated in a random walk evidence accumulation process until one of two 
decision thresholds is reached. This evidence accumulation consists of a 
systematic component, the drift v, and normally distributed random 
noise s2. The path of the diffusion process varies from trial to trial due to 
random noise, resulting in different process durations and outcomes 
reflected in response time distributions for the two decision alternatives. 
Under the assumption that individuals do not show an a-priori bias for 
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any of the two decision alternatives, the two decision thresholds can be 
recoded to reflect correct and incorrect responses, which allows to 
interpret the drift rate v as an ability parameter (Frischkorn & Schubert, 
2018; Schubert, Nunez, Hagemann, & Vandekerckhove, 2019; van der 
Maas, Molenaar, Maris, Kievit, & Borsboom, 2011; Voss et al., 2013; 
Voss, Voss, & Lerche, 2015). 

Most importantly, the model distinguishes between the speed and 
efficiency of information processing, which are reflected in the strength 
and direction of the drift rate v, and decision criteria, which are reflected 
in the threshold separation parameter a that quantifies how much evi-
dence needs to be accumulated before making a decision. Together, 
these two parameters predict the speed and accuracy of decision mak-
ing, with the drift rate parameter indicating how much evidence is 
accumulated per unit of time, and the threshold separation parameter 
indicating how much evidence needs to be accumulated before the ev-
idence accumulation process is terminated. As illustrated in Fig. 1, when 
the processing of rule- and belief-based problem features converges, 
drift rates should be large (predicting high accuracies and fast re-
sponses), whereas when the processing of rule- and belief-based problem 
features diverges, drift rates should be small (predicting low accuracies 
and slow responses). In addition, individuals may adjust their decision 
criteria and hence their decision thresholds when evaluating problems 
with a conflict between rule- and belief-based processing or when asked 
to judge the believability of a problem instead of its logical validity. In 
the present paper, we therefore used drift rates as an integrative per-
formance measure of both responses and response times that is not 
affected by speed-accuracy tradeoffs to investigate how individual dif-
ferences in cognitive abilities and thinking styles moderate rule- and 
belief-based reasoning. 

It has previously been suggested that the diffusion model should only 
be applied to experimental tasks with mean reaction times not exceeding 
1.5 s (Ratcliff & McKoon, 2008), because the underlying model as-
sumptions of single-stage decision making and parameter constancy 
over time are more likely to be violated in more complex decision tasks. 
This is relevant for the present paper, because decision making and 
responding in belief bias tasks may exceed this threshold of 1.5 s. Recent 
work has shown, however, that the diffusion model can be successfully 
applied to cognitive tasks with reaction times exceeding 1.5 s and is 
quite robust against violations of model assumptions (Lerche et al., 
2020; Lerche & Voss, 2016, 2019; Ratcliff, 2002; van Ravenzwaaij, 
Donkin, & Vandekerckhove, 2017). Lerche and Voss (2019) argued that 
the often-repeated 1.5 s rule is based on an arbitrary value and that 
while the assumptions of single-stage processing and parameter con-
stancy are more likely to be violated in slower response tasks, multi- 
stage evidence accumulation can be accounted for by a chain of diffu-
sion processes that can be approximated by a single diffusion process. 
They tested the extensibility of the diffusion model to slower RT tasks in 
three experimental validation studies and found that the results of se-
lective manipulations of model parameters were similar to findings from 
experimental validation studies in fast RT tasks, which allowed them to 
conclude that the model can be extended to slower RT tasks. This 
conclusion is further supported by simulation studies, which demon-
strated that the diffusion model still provides a good account of the data 

if it is specified in a more parsimonious way than the data-generating 
model (Lerche & Voss, 2016; Ratcliff, 2002; van Ravenzwaaij et al., 
2017). Taken together, these results from simulation and validation 
studies and the successful application of the diffusion model in studies 
with more complex decision tasks (e.g., Aschenbrenner, Balota, Gordon, 
Ratcliff, & Morris, 2016; Lerche et al., 2020; von Krause, Lerche, 
Schubert, & Voss, 2020) suggest that the model can be applied to 
describe the conflict between rule- and belief-based reasoning even if 
reaction times are relatively slow. 

The diffusion model is widely popular in individual differences 
research and has been successfully applied to shed light on individual 
differences in reasoning (Lerche et al., 2020; Schmiedek et al., 2007; 
Schmitz & Wilhelm, 2016; Schubert et al., 2019; Schubert, Hagemann, 
Voss, Schankin, & Bergmann, 2015), affective processing (Vande-
kerckhove, 2014), and cognitive aging (Ratcliff, Thapar, & McKoon, 
2010, 2011; Schubert, Hagemann, Löffler, & Frischkorn, 2020; Schulz- 
Zhecheva, Voelkle, Beauducel, Biscaldi, & Klein, 2016; von Krause et al., 
2020). In particular, several studies have demonstrated that more 
intelligent individuals show advantages in the speed of evidence accu-
mulation (Lerche et al., 2020; Schmiedek et al., 2007; Schmitz & Wil-
helm, 2016; Schubert et al., 2015, 2019), whereas age-related 
differences in cognitive abilities can be mostly attributed to shifts in 
decision criteria and the slowing of non-decisional processes (Ratcliff 
et al., 2010, 2011; Schubert et al., 2020; Schulz-Zhecheva et al., 2016; 
von Krause et al., 2020). Moreover, psychometric studies have identified 
which conditions need to be met to allow the reliable assessment of trait- 
like individual differences in diffusion model parameters (Lerche & 
Voss, 2017; Schubert, Frischkorn, Hagemann, & Voss, 2016). Taken 
together, there is a great potential for utilizing diffusion models to shed 
light on individual differences in reasoning. The present paper builds 
upon these previous studies to assess which process parameters of rule- 
and belief-based reasoning are moderated by individual differences in 
cognitive abilities and thinking styles. 

4. Study 1 

The aim of Study 1 was to demonstrate that the diffusion model can 
account for the conflict between rule- and belief-based processing and to 
explore which model parameters relate to individual differences in 
cognitive abilities and thinking styles. We expected to observe smaller 
drift rates when the processing of rule- and belief-based problem fea-
tures diverges, as this pattern of results would reflect a competition 
between the processing of rule-based and belief-based information as 
suggested by the parallel dual-process model. Moreover, we expected 
individuals with greater cognitive abilities (in this first study oper-
ationalized in terms of working memory capacity) to show higher drift 
rates in trials with and without a conflict between rule- and belief-based 
processing than individuals with lower cognitive abilities, because their 
greater general efficiency of information-processing should result in 
faster and more accurate responses regardless of the presence or absence 
of a conflict between rule- and belief-based problem features. In addi-
tion, we expected individuals with greater reflective thinking ability 
(measured by the cognitive reflection test; Frederick, 2005) and a 

Fig. 1. Sample diffusion processes. 
Note. This figure depicts sample diffusion processes when belief- and rule-based information converge (non-conflict processing) and when belief- and rule-based 
information diverge (conflict processing) given an invariant boundary separation a across both conditions. 
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disposition to engage in intellectual activity (measured by the need for 
cognition scale; Cacioppo & Petty, 1982; Cohen, Stotland, & Wolfe, 
1955) to show higher drift rates specifically in trials with a conflict 
between rule- and belief-based problem features than individuals with 
lower reflective thinking ability and lower need for cognition, due to 
their greater ability to disregard belief-based response tendencies that 
are compelling but incorrect. 

4.1. Materials and methods 

4.1.1. Participants 
We recruited N = 41 participants (33 females, 8 males) between 18 

and 65 years (M = 26.7, SD = 9.0) with an academic background from 
the participant pool from the Heidelberg Psychology Department. 

4.1.2. Materials 

4.1.2.1. Relational reasoning problems. Participants completed 192 
problems (adapted from Banks & Hope, 2014). Each problem consisted 
of three premises presented sequentially for 3 s each, followed by a 
conclusion that was either believable or unbelievable. The conclusion 
was shown for 2 s with the final word omitted, which was subsequently 
presented until participants gave their response by key-press (see Fig. 2 
for details on the task procedure). Following Banks and Hope (2014), we 
had participants respond to a screen that showed only the final word of 
the conclusion to ensure that their response times reflected only the 
speed of evidence accumulation in working memory, but not their 
reading speed or their willingness to read the premises for a second time. 
Although this feature of the experimental procedure placed demands on 
participants’ working memory, it did so in a similar way for problems 
with and without a conflict between rule- and belief-based processing. 

The validity of the conclusions was manipulated by changing the 
premises, whereas the believability of the conclusion was manipulated 
by reversing the elements in the conclusion. 50% of the trials contained 
problems with a conflict between rule- and belief-based information, 
whereas the other 50% of trials were no-conflict problems (see examples 
in Table 1). Participants completed 12 practice trials with feedback 
before the start of each of the two experimental blocks. Both mean RTs 
and accuracies in this task showed acceptable reliabilities, as estimated 
by Spearman-Brown corrected correlations based on odd-even splits 
ranging from r = 0.83 to r = 0.95. 

4.1.2.2. Covariates. We measured working memory capacity (WMC) 
with the operation span task (Turner & Engle, 1989), following the 
recommendations for partial scoring by Conway et al. (2005). On 
average, participants recalled 85% (SD = 11%) of the items correctly. In 
addition, we assessed participants’ cognitive and reflective abilities with 
an extended version of the CRT1 (Frederick, 2005), which included six 
additional problems (Shane Frederick, personal correspondence, 02 
February 2016). On average, participants solved 4.10 (SD = 2.63) 
problems correctly. We assessed participants’ disposition to engage in 
critical thinking with the need for cognition (NFC) scale of the Rational- 
Experiential Inventory (REI; Epstein, Pacini, Denes-Raj, & Heier, 1996; 
Keller, Bohner, & Erb, 2000). Participants’ mean NFC score was 5.01 
(SD = 0.68). Participants also completed the faith in intuition scale of 
the REI, which is not reported in the present study. All measures showed 

moderate-to-good internal consistencies, ranging from α = 0.78 for the 
CRT score over α = 0.80 for the NFC scale to α = 0.87 for the operation 
span score. 

4.1.3. Procedure 
We administered the relational reasoning task followed by the 

operation span task, the CRT, and the REI. Each session took approxi-
mately 1.5 h. While participants completed the relational reasoning 
task, their EEG was recorded (data not reported here). Participants sat in 
a dimly-lit, sound-attenuated cabin and were instructed to avoid large 
movements (e.g., stretching, drinking) except during breaks or inter- 
trial-intervals. 

4.1.4. Data analysis 
RTs faster than 100 ms or slower than 5000 ms, or with logarith-

mized RTs exceeding ±3 SDs of the mean of each condition were 
discarded. 

A model comparison approach was used to identify which diffusion 
model parameters differed between experimental conditions in the 
relational reasoning task. For this purpose, we fit four models to the 
data: In model a) no diffusion model parameter was allowed to vary 
across conditions; in b) drift rate was allowed to vary across conditions; 
in c) boundary separation was allowed to vary across conditions; and in 
d) both drift rate and boundary separation were allowed to vary across 
conditions. We estimated model parameters with fast-dm-30.2 (Voss & 
Voss, 2007) using the maximum likelihood approach. In addition to drift 
rate v and boundary separation a, we also estimated the non-decision 
time t0 and the trial-to-trial variability of the non-decision time st0. 
The starting point z was fixed to a/2 and all other model parameters 
were fixed to zero. These model estimation settings follow recommen-
dations by Lerche and Voss (2016). Model fits were compared based on 
the Akaike information criterion (AIC; Akaike, 1973) and using Akaike 
weights (Wagenmakers & Farrell, 2004). 

The data supporting the findings of the study are available in the 
Open Science Framework repository at https://osf.io/ycb2t/ (Schubert, 
Ferreira, Mata, & Riemenschneider, 2021). 

4.2. Results 

4.2.1. Behavioral data 
Table 2 shows mean RTs and accuracies. There was a main effect of 

conflict on accuracy rates, F(1,40) = 43.46, p < .001, ω2 = 0.34, such 
that performance was worse in conflict (M = 0.58) than non-conflict (M 
= 0.80) trials. There was no RT difference between conflict and non- 
conflict trials, F(1,40) = 0.07, p = .790, ω2 = 0.00.2 

4.2.2. Diffusion model analysis 
Mean AICs were lowest and nearly identical for the model with only 

drift rate and the model with drift rate and boundary separation allowed 
to vary across experimental conditions, AICnone = 575, AICv = 556, AICa 
= 576, AICv&a = 556. An inspection of individual Akaike weights 
showed that the model with only drift rate varying between conditions 

1 The current debate regarding the CRT reflects uncertainty concerning its 
validity: While some argue that the CRT measures individual differences in 
reflective thinking ability (Frederick, 2005), others argue that it largely mea-
sures cognitive and numerical abilities (Blacksmith, Yang, Behrend, & Ruark, 
2019; Erceg et al., 2020). Undoubtedly, however, performance in the CRT 
predicts susceptibility to biases and logical fallacies (e.g., Bialek & Pennycook, 
2018; Pennycook & Ross, 2016), making it an important measure to consider in 
any study on individual differences in bias susceptibility. 

2 To analyze how time-on-task affected the experimental effect, we split trials 
into four blocks. Accuracy rates increased across the course of the experimental 
task, F(3,120) = 3.33, p = .022, ω2 = 0.01, while reaction times decreased, F 
(3,120) = 11.74, p < .001, ω2 = 0.05. These training effects were most pro-
nounced from the first to the second block. In addition, we observed an inter-
action between time-on-task and the congruency condition on reaction times, 
which reflected that reaction times were faster in the congruent than in the 
incongruent condition in all blocks but the third, F(3,120) = 4.76, p = .004, ω2 

= 0.01. 
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provided the best account of the data for 49% of the participants, 
whereas the model with both drift rate and boundary separation varying 
between conditions provided the best account of the data for 29% of the 
participants.3 All subsequent analyses were therefore conducted with 
parameter estimates from the model in which only drift rates varied 
between conditions. Statistical analyses confirmed a main effect of 
conflict on drift rates, F(1,40) = 32.87, p < .001, ω2 = 0.29, such that 
drift rates were lower in conflict (M = 0.16) than non-conflict (M = 0.73) 
trials. 

We subsequently evaluated the fit of this model using a simulation 
study and graphical analyses of model fit and found that the diffusion 
model provided an excellent account of the observed data. There was no 
evidence that model predictions were systematically biased (for details, 
see Appendix A). 

To evaluate the reliability of model parameters, we conducted odd- 
even splits of the observed data and estimated model parameters from 
the resulting data sets using the same model specifications. All model 
parameters showed acceptable reliabilities, as estimated by Spearman- 
Brown corrected correlations based on the resulting parameter esti-
mates ranging from r = 0.85 to r = 0.96. Correlations between model 

parameters and observed variables are shown in Table B.1. 

4.2.3. Moderation by covariates 

4.2.3.1. Accuracy rates. When individual-difference measures were 
introduced as continuous covariates into an ANCOVA, the experimental 
effect on accuracy rates was moderated by individual differences in 
cognitive reflection and need for cognition, but not working memory 
capacity. Individuals with better performance in the CRT showed a 
smaller decrease in accuracy rates than individuals with lower perfor-
mance in the CRT when there was a conflict between rule- and belief- 
based processing (see Fig. 3A for an illustration based on a median 
split), F(1,39) = 8.95, p = .005, ω2 = 0.10. We observed the same ten-
dency for individuals high in need for cognition (see Fig. 3B for an 
illustration based on a median split), who tended to be less affected by 
conflicts between rule- and belief-based processing than individuals low 
in need for cognition, F(1,38) = 3.25, p = .079, ω2 = 0.03. Working 
memory capacity, however, did not moderate conflict resolution, F 
(1,38) = 0.00, p = .987, ω2 = 0.00. 

4.2.3.2. Reaction times. The experimental effect on RTs was not 
moderated by any of the covariates, all Fs ≤ 0.68, all ps ≥ 0.144, all ω2s 
= 0.00. 

4.2.3.3. Drift rates. To assess how the covariates moderated the 
experimental effect on drift rates, we entered them as continuous vari-
ables into an ANCOVA. The experimental effect on drift rates was 
moderated by individual differences in cognitive reflection and need for 
cognition, but not working memory capacity. Individuals with better 
performance in the CRT showed a smaller decrease in drift rates when 
there was a conflict between rule- and belief-based processing than in-
dividuals with lower performance in the CRT (see Fig. 3A for an illus-
tration based on a median split), F(1,39) = 8.89, p = .005, ω2 = 0.11. 

We observed the same tendency for individuals high in need for 
cognition, who tended to be less affected by conflicts between rule- and 
belief-based processing than individuals low in need for cognition (see 
Fig. 3B for an illustration based on a median split), F(1,38) = 3.42, p =
.072, ω2 = 0.03. Working memory capacity did not moderate conflict 
resolution, F(1,38) = 0.00, p = .962, ω2 = 0.00. 

Instead, individuals with high working memory capacity tended to 
show high drift rates in both conflict- and non-conflict trials, whereas 
individuals with greater cognitive reflection and need for cognition 
showed higher drift rates than individuals with lower cognitive reflec-
tion and need for cognition specifically in trials with a conflict between 
rule- and belief-based processing (see Table 3). None of the individual 
differences variables was significantly associated with the boundary 
separation parameter a, suggesting that a disposition to engage in crit-
ical thinking did not predict greater decision caution. 

4.3. Discussion 

In the first study, we used a diffusion model approach to account for 

Fig. 2. Procedure of the relational reasoning task.  

Table 1 
Sample items from Banks and Hope (2014) for trials without and with a conflict 
between rule- and belief-based information.   

Example for a relational 
reasoning task item without a 
conflict between rule- and belief- 
based information (non-conflict) 

Example for a relational 
reasoning task item with a 
conflict between rule- and belief- 
based information (conflict) 

Premises cars are faster than skateboards 
delps are slower than cars delps 
are faster than bicycles 

bicycles are faster than 
skateboards delps are slower 
than bicycles delps are faster 
than cars 

Conclusion cars are faster than bicycles bicycles are faster than cars  

Table 2 
Mean accuracies (ACC), mean RTs in seconds (RT), mean drift rates (v), mean 
boundary separations parameters (a), mean non-decision time parameters (t0), 
and mean inter-trial variabilities of the non-decision times (st0) with SDs in 
parentheses.   

ACC RT v a t0 st0 

Conflict 0.58 
(0.20) 

1.33 
(0.33) 

0.16 
(0.53) 

2.16 
(0.38) 

0.38 
(0.26) 

0.31 
(0.41) 

Non- 
conflict 

0.80 
(0.10) 

1.32 
(0.35) 

0.73 
(0.32)  

3 Participants whose data was best described by the model with only drift rate 
varying between conditions did not differ in any of the covariates from par-
ticipants whose data was best described by the model with both drift rate and 
boundary separation varying between conditions, all Fs ≤ 0.43, all ps ≥ 0.516, 
all ω2s = 0.00. 
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Fig. 3. Moderation of the experimental effect by A) cognitive reflection (CR) and B) need for cognition (NFC). 
Note. CR = cognition reflection; NFC = need for cognition. The median split was only conducted to illustrate the interaction, but that all statistical analyses used 
continuous covariates. 

Table 3 
Correlations between accuracy rates (ACC), reaction times (RT) and drift rates v in non-conflict- and conflict trials with boundary separation a, working memory 
capacity (WMC), Cognitive reflection test (CRT) scores, and Need for cognition (NFC) scores.   

ACCnon-conflict ACCconflict ACCdifference RTnon-conflict RTconflict RTdifference vnon-conflict vconflict vdifference a WMC CRT 

ACCnon-conflict             
ACCconflict 0.02            
ACCdifference 0.43** −0.89**           
RTnon-conflict −0.35** −0.22 0.04          
RTconflict −0.29 −0.45** 0.27 0.79***         
RTdifference 0.10 −0.34* 0.35* −0.37* 0.27        
vnon-conflict 0.87*** −0.06 0.45** −0.52*** −0.41** 0.19       
vconflict 0.01 0.98*** −0.88*** −0.28 −0.48** −0.29 −0.06      
vdifference 0.43** −0.85*** 0.96*** −0.03 0.19 0.34* 0.55*** −0.87***     
a −0.09 0.07 −0.11 0.62*** 0.57*** −0.12 −0.41*** 0.04 −0.24    
WMC 0.42** 0.23 0.00 −0.48** −0.44** 0.09 0.35* 0.23 −0.01 −0.22   
CRT 0.22 0.59*** −0.43** −0.19 −0.18 0.04 0.16 0.61*** −0.43** 0.10 0.08  
NFC 0.11 0.37* −0.28 0.01 −0.09 −0.13 0.04 0.37* −0.29 0.12 −0.05 0.46**  

* p < .05. 
** p < .01. 
*** p < .001. 
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the conflict between rule- and belief-based processing. We found that 
drift rates were smaller when rule- and belief-based problem features 
conflicted than when they aligned, whereas we found evidence for a 
criterion shift between conflict and non-conflict problems only in a 
limited number of participants. This result suggests that the interference 
caused by a conflict between rule- and belief-based processing impaired 
evidence accumulation. 

The extent to which the conflict between rule- and belief-based 
processing interfered with evidence accumulation was moderated by 
individual differences in cognitive abilities and thinking styles. We 
found dissociations in the way drift rates related to individual differ-
ences that may be accounted for in terms of algorithmic and reflective 
thinking (Stanovich, 2009). While individual differences in reflective 
thinking (as assessed by the CRT) and the disposition to engage in 
reflective thinking (as assessed by the NFC scale) were positively related 
to drift rates specifically in conflict trials, individual differences in 
algorithmic ability (as assessed by working memory capacity) were 
related to drift rates in both conflict and non-conflict trials. This asso-
ciation between working memory capacity and overall drift rates is not 
surprising, as the relational reasoning task placed substantial demands 
on participants’ working memory. In sum, individuals who scored 
higher on the CRT and who showed greater need for cognition were 
found to process rule-based information more efficiently and to be less 
distracted by interfering belief-based information than individuals with 
lower reflective thinking. It is important to note, however, that these 
interactions did not overlap and could therefore be removed by trans-
formations of the measurement scale (Bamber, 1979; Loftus, 1978). This 
is not necessarily problematic, as drift rates are process model param-
eters that closely reflect the latent cognitive process of interest 
(Wagenmakers et al., 2012). Nevertheless, it is important to keep in 
mind that these interactions may still be removed if the data are non-
linearly transformed to another measurement scale. 

There are three limitations to Study 1. Because the aim of the Study 1 
was to demonstrate that the diffusion model can adequately account for 
the conflict between rule- and belief-based processing, the sample size 
was comparatively small for investigating how individual differences 
variables incrementally contribute to transitive reasoning performance. 
Hence, we could not test whether individual differences in cognitive 
reflection and need for cognition jointly or independently moderated 
conflict resolution. Because successfully solving CRT items requires both 
algorithmic and reflective thinking (Erceg, Galic, & Ružojčić, 2020; 
Stanovich, 2009, 2010; Toplak et al., 2011), it is possible that CRT so-
lution rates only predicted successful conflict resolution to the degree 
that they measured reflective thinking ability. However, to test this 
interpretation of our results, a larger sample size suited for multiple 
regression analysis would be needed. 

Second, we assessed cognitive abilities with a measure of working 
memory capacity, which does not show as high a loading on general 
intelligence as proper tests of fluid intelligence (Carroll, 1993). 

Third, we only analyzed how individual differences in cognitive 
abilities and thinking styles moderated performance when participants 
were instructed to assess the logical validity of a conclusion, but not how 
individual-difference variables moderated participants’ performance in 
assessing the believability of a conclusion. 

In Study 2, we therefore recruited a larger sample of 145 participants 
who evaluated transitive reasoning problems both on the basis of val-
idity and on the basis of belief, and who in addition to the individual- 
differences measures included in Study 1 also completed a fluid intel-
ligence test with a high g-loading. 

5. Study 2 

When asked to assess a problem based on its validity, we expected 
cognitive reflection and need for cognition to predict successful conflict 
resolution (i.e., be associated with the conflict-induced decrease in drift 
rates), whereas we expected cognitive abilities to be related to the 

overall rate of evidence accumulation. 
When asked to assess a problem based on its believability, however, 

we expected individuals with greater cognitive abilities to be more 
affected by interference between rule- and belief-based processing (i.e., 
to show a larger decrease in drift rates) than individuals with lower 
cognitive abilities, as was previously found by Thompson et al. (2018). 
Because Thompson et al. (2018) did not distinguish between cognitive 
abilities and thinking styles, we made no prediction about a possible 
dissociation regarding the propensity to be affected by interfering rule- 
based information when assessing a problem based on belief. We used 
multivariate analyses to analyze how each individual-differences vari-
able incrementally contributed to transitive reasoning performance. 

5.1. Materials and methods 

5.1.1. Participants 
We recruited N = 145 participants from the participant pool from the 

Heidelberg Psychology Department. Of these, four did not complete the 
experiment. Data from two participants was lost due to technical 
problems. In addition, six participants were excluded because they took 
notes during the transitive reasoning task or reported either not un-
derstanding the task or forgetting task instructions. The remaining 
sample consisted of N = 133 participants (91 females, 41 males, 1 no 
information) between 18 and 69 years (M = 25.1, SD = 9.07). Most 
participants had an academic background. 

5.1.2. Materials 

5.1.2.1. Relational reasoning problems. Participants completed the same 
192 reasoning problems as in Study 1. However, in half of the trials, they 
now had to assess the problems based on the believability of their 
conclusions, whereas in the other half they had to assess the problems 
based on the logical validity of their conclusions. This experimental 
factor (“Instruction”) was manipulated block-wise and the order of 
presentation was counterbalanced across participants. Within each 
block and identical to Study 1, 50% of the trials contained problems with 
a conflict between rule- and belief-based information, whereas the other 
50% were non-conflict problems. Participants completed six practice 
trials with feedback before the start of each of the two experimental 
blocks. 

Mean RTs showed good reliabilities, as estimated by Spearman- 
Brown corrected correlations based on odd-even splits ranging from r 
= 0.92 to r = 0.97. In comparison, mean accuracies showed lower re-
liabilities, with corresponding correlations ranging from r = 0.55 to r =
0.56 under belief instructions and from r = 0.81 to r = 0.82 under logic 
instructions. 

5.1.2.2. Covariates. To assess individual differences in cognitive abili-
ties, we measured working memory capacity with the operation span 
task (Turner & Engle, 1989) following the recommendations for partial 
scoring by Conway et al. (2005) and fluid intelligence with an 18-item 
version of Raven’s Advanced Progressive Matrices (APM; Raven et al., 
1994). On average, participants recalled 80% (SD = 11%) of the items in 
the operation span and solved 11.01 (SD = 2.27) items of the APM 
correctly. Cognitive reflection was assessed with an extended version of 
the CRT that included four additional problems (Frederick, 2005; Top-
lak, West, & Stanovich, 2014) and need for cognition with the NFC scale 
of the Rational-Experiential Inventory (REI; Epstein et al., 1996; Keller 
et al., 2000). Participants also completed the faith in intuition scale of 
the REI, which is not reported in the present study. On average, par-
ticipants solved 4.21 (SD = 2.15) of the CRT problems correctly and had 
a NFC score of 2.94 (SD = 0.94). All measures showed moderate-to-good 
internal consistencies, ranging from α = 0.75 for the CRT score over α =
0.78 for the APM score to α = 0.88 for the NFC scale and α = 0.88 for the 
operation span score. 
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5.1.3. Procedure 
We administered the relational reasoning task followed by the CRT, 

the REI, the operation span task, and the APM. Each session took 
approximately two hours. 

5.1.4. Data analysis 
RTs faster than 100 ms or slower than 5000 ms, or with logarith-

mized RTs exceeding ±3 SDs of the mean of each condition, were 
discarded. 

A model comparison approach was used to identify which diffusion 
model parameters differed between instruction conditions in the rela-
tional reasoning task. For this purpose, we estimated different models 
with either no parameter, drift rate, boundary separation, non-decision 
time, or any combination of the three parameters varying across in-
struction conditions. In addition, we allowed the drift rate to vary across 
congruency conditions in all estimated models based on the results from 
Study 1. Hence, we estimated a total of eight models. We estimated 
diffusion model parameters as in Study 1. Model fits were compared 
based on the Akaike information criterion (AIC; Akaike, 1973) and using 
Akaike weights (Wagenmakers & Farrell, 2004). 

The data supporting the findings of the study are available in the 
Open Science Framework repository at https://osf.io/ycb2t/ (Schubert 
et al., 2021). 

5.2. Results 

5.2.1. Behavioral data 
Table 4 shows mean RTs and accuracies. There was a main effect of 

conflict on accuracy rates, F(1,132) = 249.40, p < .001, ω2 = 0.46, 
which were lower in conflict (M = 0.71) than in non-conflict (M = 0.88) 
trials. In addition, there was a main effect of instruction on accuracy 
rates, F(1,132) = 166.14, p < .001, ω2 = 0.25, which were lower in the 
validity (M = 0.75) than in believability (M = 0.84) condition. More-
over, we observed a significant interaction between the factors Con-
gruency and Instruction, F(1,132) = 23.45, p < .001, ω2 = 0.04, such 
that the detrimental effect of the conflict between rule- and belief-based 
information was amplified when participants evaluated problems based 
on their logical validity (ΔACC = 0.20) compared to when they evalu-
ated problems based on their believability (ΔACC = 0.13). 

Once again, there was no main effect of conflict on RTs, F(1,132) =
0.05, p = .833, ω2 = 0.00. We observed a significant main effect of in-
struction on RTs, F(1,132) = 45.27, p < .001, ω2 = 0.07, which were 
slower in the validity (M = 1.37) than in believability (M = 1.07) con-
dition. We observed no significant interaction between the two experi-
mental factors, F(1,132) = 3.00, p = .086, ω2 = 0.00.4 

5.2.2. Diffusion model analysis 
Mean AICs were lowest for the model with drift rate varying across 

Congruency conditions (conflict vs. non-conflict) and all three diffusion 
model parameters (i.e., drift rate, boundary separation, and non- 
decision time) varying across Instruction conditions (see Table 5). This 
model provided the best account of the data for 33.83% of the sample, 
whereas for 25.56% of the sample, varying instructions only had an 
effect on drift rate and boundary separation, but not on non-decision 
time.5 All subsequent analyses were therefore conducted with param-
eter estimates from the model in which only drift rates varied between 
congruency conditions and all three parameters varied between in-
struction conditions. 

We subsequently evaluated the fit of this model using a simulation 
study and graphical analyses of model fit and found that the diffusion 
model provided a good account of the observed data (for details, see 
Appendix A). Only accuracies in the congruent condition under belief 
instructions could not be predicted with a high degree of precision, 
probably because error rates were extremely low in this condition. There 
was no evidence that model predictions were systematically biased. 

To evaluate the reliability of model parameters, we conducted odd- 
even splits of the observed data and estimated model parameters from 
the resulting data sets using the same model specifications. Most pa-
rameters showed acceptable reliabilities, as estimated by Spearman- 
Brown corrected correlations based on the resulting parameter esti-
mates ranging from r = 0.69 to r = 0.92. Lowest estimates of reliability 
were observed for drift rates under belief instructions (0.69 and 0.74), 
which may again reflect the low variability in accuracies in this condi-
tion, and the st0 parameter (0.76). Correlations between model param-
eters and observed variables are shown in Table B.2. 

There was a main effect of conflict on drift rates, F(1,132) = 122.44, 
p < .001, ω2 = 0.11, such that drift rates were lower in conflict (M =
0.71) than non-conflict (M = 0.95) trials. In addition, there was a main 
effect of instruction on drift rates, F(1,132) = 311.25, p < .001, ω2 =
0.44, which were lower in the validity (M = 0.48) than in the believ-
ability (M = 1.18) condition. We also found a small but significant 
interaction between Congruency and Instruction, F(1,132) = 6.51, p =
.012, ω2 = 0.01, suggesting that conflict between rule- and belief-based 
processing led to a greater decrease in drift rates when participants 
evaluated problems based on their logical validity (Δv = 0.30) than 
based on their believability (Δv = 0.18). Analyses also confirmed a main 
effect of instruction on boundary separations, F(1,132) = 20.43, p <
.001, which were higher in the validity (M = 2.26) than in believability 
(M = 2.02) condition. Finally, analyses failed to confirm a main effect of 
instruction on non-decision times, F(1,132) = 0.12, p = .730, ω2 = 0.00, 
suggesting that the effect of instruction on non-decision times (i.e., 
encoding and motor response speed) was very nuanced and only held for 
a certain part of the sample. 

5.2.3. Moderation by covariates 
To investigate how individual differences in cognitive abilities and 

thinking styles moderated the processing of incongruent information 
under logic- and belief-instruction, we introduced working memory 
capacity, fluid intelligence, cognitive reflection, and need for cognition 
as continuous covariates. Because 19 participants had missing values in 

4 Again, we analyzed how time-on-task affected the two experimental effects 
Congruency and Instruction by splitting trials into four blocks. Reaction times 
decreased linearly across the course of the experimental task, F(3,393) = 58.49, 
p < .001, ω2 = 0.04, and we observed a corresponding increase in accuracy 
rates that was most pronounced from the first to the second block, F(3,396) =
26.38, p < .001, ω2 = 0.06. Participants’ performance in trials with a conflict 
between rule- and belief-based reasoning got better over time, which resulted in 
a decrease of the estimated effect size of the two-way interaction between 
Congruency and Instruction on accuracy rates across the four blocks (block one: 
ω2 = 0.11, block two: ω2 = 0.04, block three: ω2 = 0.00, block four: ω2 = 0.01), 
F(3,396) = 7.55, p < .001, ω2 = 0.02. Pairwise comparisons supported this 
interpretation, as the experimental effect of Congruency remained relatively 
stable over time in the belief condition (block one: d = 0.62, block two: d =
0.89, block three: d = 0.60, block four: d = 0.62), while it decreased over time 
in the logic condition (block one: d = 1.34, block two: d = 1.34, block three: d 
= 0.75, block four: d = 0.85). Overall, this pattern of results suggests that 
participants benefitted from training effects during the course of the experi-
mental task that were most pronounced when they had to evaluate problems 
according to their logical validity. 

5 Participants whose data were best described by the model with only drift 
rate and boundary separation varying between instruction conditions did not 
significantly differ in any of the covariates from participants whose data were 
best described by the model with all three parameters varying between in-
struction conditions, all Fs ≤ 1.68, all ps ≥ 0.200, all ω2s ≤ 0.01. 
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at least one of the covariates,6 they were excluded from the following 
analyses. Four more participants were identified as multivariate outliers 
based on their Mahalanobis distance and removed from the following 
analyses.7 

5.2.3.1. Accuracy rates. We simultaneously introduced all four contin-
uous between-subject covariates into a 2 × 2 ANCOVA with the within- 
subject factors Congruency and Instruction. After the four continuous 
covariates were introduced, we observed a significant three-way- 
interaction between need for cognition, Congruency, and Instruction, 
F(1,105) = 6.05, p = .016, ω2 = 0.02. In addition, we observed a sig-
nificant two-way interaction between fluid intelligence and Instruction, 
F(1,105) = 21.41, p < .001, ω2 = 0.09, and between need for cognition 
and Congruency, F(1,105) = 4.50, p = .036, ω2 = 0.01. 

There were no further interactions between any of the covariates and 
any of the experimental effects, all Fs ≤ 3.57, all ps ≥ 0.062, all ω2s ≤
0.01. In addition, we found that more intelligent participants showed 
overall higher accuracy rates than less intelligent ones independent of 
experimental conditions, F(1,105) = 14.67, p < .001, ω2 = 0.11. 

To further inspect how participants’ intelligence and need for 
cognition moderated the experimental effects, we calculated difference 
scores (ΔACC) between the accuracy rates in conflict and non-conflict 
trials separately for both instruction conditions (see Table 6 for corre-
lations between these difference scores and all covariates). Larger dif-
ference scores indicate a greater decrease in accuracies (i.e., greater 
impairment) when there was a conflict between rule- and belief-based 
problem features. 

Participants’ intelligence did not predict how well they processed 
interfering belief-based information (see Fig. 4A for an illustration based 
on a median split, where a smaller ΔACC indicates a smaller decrease in 
accuracy rates), r = −0.09, p = .376. Participants with a higher need for 
cognition, however, showed a smaller difference in accuracy rates when 
evaluating problems based on their logical validity than individuals with 
a lower need for cognition, r = −0.20, p = .033. This smaller difference 
indicated that their performance was less impaired when there was a 
conflict between rule- and belief-based problem features and that they 
were less affected by interfering belief-based information than in-
dividuals with a lower need for cognition (see Fig. 4B). The difference in 
correlations Δr between need for cognition and intelligence was not 
significant, Δr = 0.11, z = 0.75, p = .227. 

None of the covariates predicted how interfering rule-based infor-
mation affected participants when they were evaluating problems based 
on their believability, but a marginally significant correlation between 
participants’ intelligence and the difference in accuracy rates supported 
the notion that more intelligent individuals may have been somewhat 
more affected by interfering rule-based information than less intelligent 
ones, r = 0.18, p = .060. 

5.2.3.2. Reaction times. None of the covariates moderated any of the 
experimental effects (see Table 6), all Fs ≤ 1.78, all ps ≥ 0.185, all ω2s =
0.00. 

5.2.3.3. Drift rates. We observed a significant three-way-interaction 
between fluid intelligence, Congruency, and Instruction (see Fig. 5A 
for an illustration based on a median split), F(1,105) = 4.11, p = .045, 
ω2 = 0.00, and a significant three-way-interaction between need for 
cognition, Congruency, and Instruction (see Fig. 5B), F(1,105) = 9.48, p 
= .003, ω2 = 0.01. Working memory capacity and cognitive reflection 
did not moderate the experimental effects, all Fs ≤ 0.52, all ps ≥ 0.474, 
all ω2s = 0.00. 

There were no two-way-interactions between any of the covariates 
and any of the experimental effects, all Fs ≤ 3.58, all ps ≥ 0.061, all ω2s 
≤ 0.01. In addition, we found a main effect of intelligence, F(1,105) =
11.31, p = .001, ω2 = 0.09, which suggests that participants with greater 
cognitive abilities showed a greater general efficiency of information 
processing as reflected in higher drift rates in both conflict and non- 
conflict trials than participants with lower cognitive abilities. 

To further inspect how participants’ intelligence and need for 

Table 4 
Mean accuracies (ACC), mean RTs in seconds (RT), mean drift rates (v), mean boundary separations parameters (a), mean non-decision time parameters (t0), and mean 
inter-trial variabilities of the non-decision times (st0) with SDs in parentheses.  

Instruction Congruency ACC RT v a t0 st0 

Logic           

0.28 (0.56)  

Conflict 0.65 (0.15) 1.36 (0.63) 0.33 (0.44)  
2.26 (0.59)  0.33 (0.37)  Non-conflict 0.85 (0.07) 1.38 (0.58) 0.63 (0.43) 

Belief        
Conflict 0.77 (0.13) 1.08 (0.52) 1.09 (0.41)  

2.02 (0.55)  0.34 (0.37)  Non-conflict 0.90 (0.05) 1.05 (0.52) 1.27 (0.45)  

Table 5 
Mean Akaike information criterion (AIC) for each specified model and per-
centage of the sample whose data were best described by the model. v = drift 
rate; a = boundary separation, t0 = non-decision time.  

Model parameter varying 
across experimental 
conditions 

mean AIC Best-fitting model for % of participants 

Congruency Instruction   

v none 504 2.26% 
v v 482 14.29% 
v a 482 3.76% 
v t0 494 3.01% 
v v & a 468 25.56% 
v v & t0 473 13.53% 
v a & t0 478 3.76% 
v v & a & t0 464 33.83%  

6 One participant did not complete the NFC scale, performed below guessing 
probability in the APM, correctly recalled no more than 10% of the memory 
items in the operation span task, and responded correctly to fewer than 85% of 
the processing items in the operation span task. Four participants scored below 
guessing probability in the APM and responded correctly to fewer than 85% of 
the processing items in the operation span task. Four more participants scored 
below guessing probability in the APM, one other participant recalled no more 
than 10% of the memory items in the operation span task, and nine other 
participants responded correctly to fewer than 85% of the processing items in 
the operation span task.  

7 The remaining 110 participants showed comparable effects of Congruency 
and Instruction on behavioral data as the complete sample, with a significant 
main effect of Congruency on accuracy rates, F(1,109) = 144.06, p < .001, ω2 

= 0.29, but not RTs, F(1,109) = 0.13, p = .721, ω2 = 0.00, a significant main 
effect of Instruction on both accuracy rates, F(1,109) = 203.73, p < .001, ω2 =
0.49, and RTs, F(1,109) = 41.86, p < .001, ω2 = 0.09, and a significant inter-
action effect on accuracies, F(1,109) = 22.27, p < .001, ω2 = 0.06, and RTs, F 
(1,109) = 6.97, p = .010, ω2 = 0.00. They also showed comparable effects of 
Congruency and Instruction on drift rates as the complete sample, with a sig-
nificant main effect of Congruency, F(1,109) = 112.23, p < .001, ω2 = 0.13, a 
significant main effect of Instruction, F(1,109) = 291.82, p < .001, ω2 = 0.48, 
and a significant interaction between the two factors, F(1,109) = 8.51, p = .004, 
ω2 = 0.01. 
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cognition moderated the experimental effects, we calculated difference 
scores Δv between the drift rate in conflict and non-conflict trials 
separately for both instruction conditions (see Table 6 for correlations 
between these difference scores and all covariates). Larger difference 
scores indicated a greater decrease in drift rates (i.e., greater impair-
ment) when there was a conflict between rule- and belief-based problem 
features than when there was no conflict. 

More intelligent participants showed a greater decrease in drift rates 
than less intelligent ones when asked to assess the believability of a 
conclusion (see Fig. 5A for an illustration based on a median split), r =
0.19, p = .044. This greater decrease indicated that their performance 
was more impaired when there was a conflict between rule- and belief- 
based problem features and that they were more affected by interfering 
rule-based information than less intelligent reasoners. When asked to 
assess the logical validity of a problem, however, more intelligent par-
ticipants did not differ from less intelligent ones in the way that conflict 
between rule- and belief-based information affected their performance, 
r = 0.00, p = .985. These results suggest that more intelligent partici-
pants were more strongly affected by interfering rule-based information 
than less intelligent ones when evaluating the believability of a problem. 

We observed the reverse effect for participants with a high need for 
cognition, who showed a smaller difference in drift rates than partici-
pants with a low need for cognition when asked to assess the logical 

validity of a problem, r = −0.26, p = .006. This smaller difference 
indicated that their performance was less impaired when there was a 
conflict between rule- and belief-based problem features and that they 
were less affected by interfering belief-based information than in-
dividuals with a low need for cognition (see Fig. 5B for an illustration 
based on a median split). When asked to assess a problem based on its 
believability, however, participants with a high need for cognition did 
not differ from participants with a low need for cognition in the way that 
a conflict between rule- and belief-based information affected their 
performance, r = 0.09, p = .359. These results suggest that participants 
with a higher need for cognition were less strongly affected by inter-
fering belief-based information than participants with a lower need for 
cognition when evaluating the logical validity of a problem. 

Finally, we tested if the data contained sufficient evidence to support 
a full double dissociation. The correlation between Δv and intelligence 
was not significantly larger than the correlation between Δv and need 
for cognition when participants were asked to evaluate problems based 
on their believability, Δr = 0.09, z = 0.71, p = .238. However, the 
correlation between Δv and need for cognition was larger than the 
correlation between Δv and intelligence when participants were asked 
to evaluate problems based on their logical validity, Δr = −0.26, z =
−1.77, p = .039. Taken together, these results show that participants’ 
need for cognition was more predictive of successfully ignoring 

Table 6 
Correlations between the difference in accuracies ΔACC, reaction times ΔRT and drift rates Δv between congruency conditions, Advanced Progressive Matrices (APM) 
scores, working memory capacity (WMC), Cognitive reflection test (CRT) scores, and Need for cognition (NFC) scores.   

ΔACC ΔRT Δv APM WMC CRT  

logic instruction belief instruction logic instruction belief instruction logic instruction belief instruction    

ΔACC logic instruction          
ΔACC belief instruction 0.06         
ΔRT logic instruction −0.07 0.04        
ΔRT belief instruction −0.14 −0.13 −0.13       
Δv logic instruction 0.86*** 0.00 −0.19 −0.05      
Δv belief instruction 0.07 0.56*** 0.14 −0.52*** 0.05     
APM −0.09 0.18 0.09 −0.05 0.00 0.19*    
WMC −0.02 0.00 0.01 −0.15 0.02 0.10 0.15   
CRT −0.03 −0.07 0.07 0.07 0.02 −0.07 0.38*** 0.08  
NFC −0.20* 0.02 −0.14 0.06 −0.26** 0.09 −0.20* −0.13 −0.24*  

* p < .05. 
** p < .01. 
*** p < .001. 

Fig. 4. Moderation of the average difference in accuracy rates between non-conflict and conflict trials by Instruction condition and A) fluid intelligence (gf) and B) 
need for cognition (NFC). 
Note. The median split was only conducted to illustrate the interaction, but that all statistical analyses used continuous covariates. 
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interfering belief-based information than their intelligence. However, 
they fail to conclusively demonstrate that participants’ intelligence was 
more predictive of difficulties ignoring interfering rule-based informa-
tion than their need for cognition. 

5.3. Discussion 

Consistent with results from the first study, we found that partici-
pants with a greater need for cognition were less affected by interference 
between rule- and belief-based processing (i.e., showed a smaller 
decrease in drift rates) than participants with a lower need for cognition 
when assessing problems based on their logical validity. When assessing 
problems based on their believability, however, we found that more 
intelligent participants were more affected by interference between rule- 
and belief-based processing (i.e., showed a higher decrease in drift rates) 
than less intelligent participants. These results tentatively point to a 
double dissociation in the way that individual differences in fluid in-
telligence and thinking styles moderate the processing of conflicting 
rule- and belief-based information. This double dissociation would 
suggest that different cognitive mechanisms may mediate the associa-
tions of fluid intelligence and need for cognition with transitive 
reasoning performance. 

5.3.1. Intelligence and working memory capacity 
Individuals with high cognitive abilities seemed to generate a rule- 

based default response, which then interfered with their ability to 
evaluate conclusions based on believability, while less intelligent in-
dividuals seemed to generate no or weaker logical intuitions. This 
conclusion is in line with previous findings which demonstrated that 
more intelligent individuals were more likely to give rule-based re-
sponses as a first, intuitive answer than less intelligent individuals 
(Thompson & Johnson, 2014). Moreover, it is supported by a recent 
study from Thompson et al. (2018), which also found that individuals 
with high cognitive abilities performed worse when asked to assess the 
believability of a conclusion than when asked to assess its logical 
validity. 

Process theories of intelligence can shed some light on why more 
intelligent reasoners may be more likely to generate a rule-based default 
response than less intelligent reasoners. Smarter reasoners may more 
readily and quickly generate a rule-based response, because they are 

better at creating higher-level relational structures that temporarily bind 
elemental perceptual or memorial representations and that can be 
effectively abstracted from intrinsic features of low-level representa-
tions (Chuderski, 2014; Oberauer et al., 2008). Hence, their greater 
ability to generate abstract relational bindings may actually bias them 
against evaluating conclusions based on intrinsic and concrete problem 
features. Surprisingly, however, more intelligent reasoners did not show 
a corresponding advantage at resolving the conflict between rule- and 
belief-based information when assessing problems based on their logical 
validity. Instead, they only showed an overall higher drift rate irre-
spective of congruency condition, replicating our results from Study 1 
and suggesting that individuals with high cognitive abilities benefit from 
a high general efficiency of information processing as reflected in drift 
rates in both conflict and non-conflict trials. 

It is also important to note that the moderating effect of cognitive 
abilities on resolving the conflict between rule- and belief-based infor-
mation only emerged for our fluid intelligence measure, but not for our 
working memory capacity measure. Although both measures predicted 
overall drift rates irrespective of congruency and instruction condition, 
only fluid intelligence moderated the experimental effects. This is not 
surprising, as the two measures (APM test scores and operation span 
scores) have been shown to exhibit fundamentally different loadings on 
a general factor of intelligence (Carroll, 1993) and were also only 
weakly correlated in the present study, r = 0.15. While working memory 
capacity may sometimes be isomorphic with fluid intelligence (Chu-
derski, 2013; Kyllonen & Christal, 1990), substantial correlations be-
tween working memory capacity and fluid intelligence are typically only 
found on the latent construct level (Chuderski, 2013; Conway et al., 
2005), as the validity of single working memory measures depends on 
task properties (Conway et al., 2005; Turner & Engle, 1989; Wilhelm, 
Hildebrandt, & Oberauer, 2013). Hence, our results only highlight that 
individual differences in cognitive abilities either need to be assessed 
with a comprehensive test battery of working memory tasks that allows 
latent variable modeling or with a cognitive ability test that shows a 
sufficiently high g-loading to allow economic assessment. 

5.3.2. Need for cognition and cognitive reflection 
Need for cognition predicted successful conflict resolution when 

evaluating conclusions based on their logical validity. In addition, par-
ticipants with a high need for cognition did not show a bias towards rule- 

Fig. 5. Moderation of the average difference in drift rates (v) between non-conflict and conflict trials by Instruction condition and A) fluid intelligence (gf) and B) 
need for cognition (NFC). 
Note. Δv = difference in drift rates between congruency conditions; gf = fluid intelligence; NFC = need for cognition. A greater Δv indicates a greater decrease in drift 
rates when there was a conflict between rule- and belief-based problem features. Note that the median split was only conducted to illustrate the interaction, but that 
all statistical analyses used continuous covariates. 
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based responding when evaluating conclusions based on their believ-
ability, which suggests that different cognitive mechanisms may account 
for the associations of rule-based reasoning with cognitive abilities and 
reflective thinking styles, respectively. Because participants with a high 
need for cognition had no disadvantage in evaluating conflict problems 
based on their believability, it is unlikely that they intuitively generated 
a dominant rule-based default response. Instead, our results suggest that 
individuals with a disposition to engage in reflective thinking may be as 
likely to generate a dominant belief-based default response as other 
individuals, but may be better at successfully inhibiting and overriding 
the incorrect belief-based response. 

Again, it should be noted that the moderating effect of reflective 
thinking only emerged for need for cognition as a measure of disposi-
tional reflective thinking, but not for cognitive reflection test perfor-
mance as a measure of reflective thinking ability. We also found that 
CRT performance was more strongly related to intelligence test perfor-
mance, r = 0.38, than to need for cognition, r = −0.24. This finding is 
not a fluke in our data, but rather it is consistent with a recent study that 
systematically evaluated the validity of two CRT versions and concluded 
that they did not access the construct of cognitive reflection, but rather 
individual differences in intelligence and numerical abilities (Erceg 
et al., 2020). This conclusion is also supported by a recent study by 
Chuderski and Jastrzębski (2018), who found strong relations between 
participants’ performance in CRT items and their fluid intelligence. 
Moreover, Erceg et al. (2020) also failed to find any association between 
CRT scores and reasoning performance in a belief bias task once indi-
vidual differences in intelligence and numerical abilities were accounted 
for. In addition, recent findings have indicated that the CRT may only 
measure individual differences in cognitive reflection in less intelligent 
individuals who do not possess strong logical intuitions, but that it is not 
an accurate measure of cognitive reflection in more intelligent in-
dividuals with strong numerical abilities (Erceg, Galic, & Bubić, 2019). 
Hence, our findings chime in with other studies questioning the validity 
of the CRT as a measure of reflective thinking. In light of this, it is sur-
prising that we found evidence for convergent validity between the CRT 
and NFC in Study 1, r = 0.46. This discrepancy between studies may 
reflect differences in the sample composition and the specific CRT items 
included in the two studies.8 Because we used a published extension of 
the CRT in the second study, whereas we included items only conveyed 
by personal communication in the first one, and because participant 
numbers were much larger and the sample composition more diverse in 
the second study than the first, we believe that the data from the second 
study contain more compelling evidence than the data from the first 
study, underscoring ours and others’ notion that the CRT largely mea-
sures cognitive abilities (Chuderski & Jastrzębski, 2018; Erceg et al., 
2019, 2020). 

6. General discussion 

In two studies, we used stochastic diffusion models to analyze how 
individuals processed information during a transitive reasoning task 
when the logical validity of a conclusion conflicted with its believability. 
We found that the belief bias effect could be mapped onto the drift rate 
parameter of the diffusion model, which describes the speed and effi-
ciency of the evidence accumulation process during decision making. 
Drift rates were larger when the processing of rule- and belief-based 
problem features converged, whereas they were smaller when they 
diverged. In addition, we found that only a limited number of in-
dividuals adjusted their decision criteria to process problems with a 
conflict between rule- and belief-based information more carefully. 

By using innovative analytical approaches such as mathematical 
models of decision making, researchers are able to use the complete 

information of the entire response time distributions of correct and 
incorrect responses to infer latent process parameters describing deci-
sion making and conflict resolution. Hence, using diffusion models may 
help to disambiguate inconsistent results regarding the effect of 
increased processing demands and varying task instructions on response 
times in belief bias tasks (Handley et al., 2011; Thompson et al., 2011; 
Trippas et al., 2017). 

In the second study, we found that when assessing problems based on 
the believability of their conclusions, participants did not only show 
higher drift rates (i.e., a greater speed and efficiency of information- 
processing), but also a shift in decision criteria that made them 
respond less cautiously under belief than under logic instruction. 
Because variations in drift rate and boundary separation parameters 
may affect different parts of the response time distribution (Ratcliff, 
Schmiedek, & McKoon, 2008), previous studies may have found con-
flicting results considering only effects on mean response times. This 
benefit of distinguishing between the speed of evidence accumulation 
and decision cautiousness is particularly useful for individual differ-
ences research, as individuals with higher abilities have been shown to 
strategically adjust their decision criteria differently from individuals 
with lower abilities to adapt to task demands (Draheim et al., 2016, 
2019; Schmiedek et al., 2007). We found some evidence for a relation-
ship between cognitive abilities and decision boundaries in Study 1 (r =
−0.22), but not in Study 2 (all rs ≤ |0.05|). 

Other innovative modeling approaches that have been used to shed 
light on transitive reasoning performance include signal detection the-
ory (Dube, Rotello, & Heit, 2010), equal-variance signal detection the-
ory (Trippas et al., 2018), and multinomial models (Klauer, 2010; 
Klauer, Musch, & Naumer, 2000). Previous studies using variations of 
signal detection theory have called into question whether a conflict 
between rule- and belief-based problem features affects the ability to 
discriminate between valid and invalid syllogisms (Dube et al., 2010; 
Trippas et al., 2018). Those results are only partly in line with ours, as 
we found that the large majority of participants showed an effect of 
congruency on drift rates (i.e., discrimination ability). One reason for 
this divergence may be found in the simultaneous consideration of 
response times and accuracies in the present study, whereas signal 
detection models only consider accuracy rates irrespective of response 
speed. It would be interesting to see if analyses based on multinomial 
models that may be extended to fit response time distributions arrive at 
similar conclusions (Heck & Erdfelder, 2016; Klauer & Kellen, 2018). In 
addition, it would be interesting to compare our results with results from 
diffusion models that specifically model the conflict between rule- and 
belief-based processing. However, dual-process diffusion models have so 
far only been used as cognitive process models but not as measurement 
models, and can therefore only predict empirical data but not fit them 
(Alós-Ferrer, 2018; Caplin & Martin, 2016). In comparison, the diffusion 
model for conflict tasks has been developed to fit empirical data (Ulrich, 
Schröter, Leuthold, & Birngruber, 2015), but will likely need many more 
trials than used in the present study to describe the conflict resolution 
process reliably (White, Servant, & Logan, 2018). 

6.1. Cognitive abilities and thinking styles affect transitive reasoning 
performance through different mechanisms 

Our results strengthen the conceptual distinction between the algo-
rithmic and reflective mind (Stanovich, 2009, 2010), as we found sug-
gestive evidence for a double dissociation in the way that individual 
differences in algorithmic and reflective thinking moderated the pro-
cessing of conflicting rule- and belief-based information. On the one 
hand, intelligent individuals seemed to quickly generate abstract rep-
resentations of reasoning problems bereft of low-level intrinsic problem 
features. This impaired their ability to evaluate the believability of 
conclusions, either because they could not access these low-level 
intrinsic problem features as readily as individuals who did not auto-
matically strip them from their mental problem representations or 

8 A list of specific items included in the two studies and their German 
translations will be provided upon request. 
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because these quickly generated abstract representations interfered with 
simultaneously held belief-based representations. On the other hand, 
individuals with a disposition to engage in reflective thinking seemed to 
be as likely to generate a belief-based default response as other in-
dividuals, but inhibited and overrode the incorrect belief-based response 
more quickly and successfully. Hence, they showed no disadvantage 
when asked to assess problems based on their believability, but out-
performed individuals with a lower need for cognition when asked to 
assess problems based on their logical validity. 

Taken together, and to the extent that fluid intelligence and need for 
cognition are involved in the key functions of the algorithmic mind and 
the reflective mind (Stanovich, 2009, 2010), these results confirm the 
idea that algorithmic and reflective thinking abilities affect the pro-
cessing of conflict information through different mechanisms and at 
different stages of information-processing. In particular, our results 
suggest that algorithmic abilities may facilitate the creation of decou-
pled problem representations (for similar findings, see Thompson et al., 
2018; Thompson & Johnson, 2014), whereas a disposition to engage in 
critical thinking may facilitate the successful override of Type 1 re-
sponses. As such, our results are consistent with previous research that 
suggested that different individuals approach and solve reasoning tasks 
in qualitatively different ways (Erceg et al., 2019). All in all, results from 
individual-differences studies suggest that in different individuals, per-
formance in reasoning tasks may be affected by different cognitive 
processes. Crucially, only individual differences in the reflective, but not 
in the algorithmic mind, predicted successful conflict resolution in the 
standard belief bias condition. Across both studies, we found that indi-
vidual differences in algorithmic abilities were instead positively related 
to the general efficiency of information processing irrespective of 
congruence or incongruence between rule- and belief-based problem 
features. 

6.2. Implications for dual-process accounts of reasoning 

Our results contribute to the growing body of evidence challenging 
standard dual-process theories of reasoning (e.g., De Neys, 2012, 2014; 
Evans et al., 2009; Handley et al., 2011; Handley & Trippas, 2015; 
Newman et al., 2017; Pennycook et al., 2015; Thompson et al., 2018; 
Trippas et al., 2017). In particular, there are two findings that are not 
easily reconciled with the default interventionist account (Evans, 2008). 
First, standard dual-process theories cannot explain why participants 
asked to evaluate the believability of a conclusion performed worse 
when rule- and belief-based problem features were in conflict than when 
they were aligned. Second, they cannot explain why this impairment in 
performance was even greater for more intelligent individuals than less 
intelligent ones, as during initial stages of reasoning only belief-based 
default responses should be generated, which should not be harder to 
access for more intelligent reasoners. Instead, both findings are consis-
tent with recent theoretical developments proposing that rule- and 
belief-based problem features are processed in parallel and that 
reasoning problems that elicit a conflict between rule- and belief-based 
may also elicit more than one Type 1 response (De Neys, 2012, 2014; 
Handley & Trippas, 2015; Pennycook et al., 2015). However, our results 
may also be reconciled with a modified default-interventionist model 
that assumes that different individuals generate different Type 1 default 
responses. As such, our results do not pose a severe challenge to the basic 
architecture and processing assumptions of the default interventionist 
account, but rather suggest that the default may vary between persons. 

6.3. Limitations 

One limitation of our studies is that we used ability measures for 
assessing individual differences in algorithmic thinking ability and self- 
report measures for assessing individual differences in reflective 
thinking. These measures are widely used to assess the two constructs in 
reasoning research, which allowed us to directly relate results from our 

study to a large number of previous findings. Nevertheless, it is impor-
tant to note that constructs were confounded with measurement 
methods in the present studies. This is particularly problematic as ability 
and self-report measures of several constructs, including intelligence, 
self-control, self-regulation, prospective memory, and many more, have 
been repeatedly shown to be only weakly related (Eisenberg et al., 2019; 
Hedge, Powell, Bompas, & Sumner, 2020; Herreen & Zajac, 2017; Ja-
cobs & Roodenburg, 2014; Pennycook, Ross, Koehler, & Fugelsang, 
2017; Saunders, Milyavskaya, Etz, Randles, & Inzlicht, 2018; Uttl & 
Kibreab, 2011; Wennerhold & Friese, 2020). Future research should 
therefore strive to disambiguate this confounding factor and include 
objective measures of reflective thinking such as probabilistic reasoning 
and counter-example seeking. 

Another limitation is the composition of our samples, which con-
sisted mostly of university students. Range restriction in cognitive 
abilities could therefore have affected the size and direction of corre-
lations between covariates and experimental effects. To prevent this, we 
recruited participants from a broad range of majors and included only a 
limited number of participants who were currently enrolled in highly 
competitive majors. The success of our recruitment strategy is reflected 
in mean performance in the APM, which, when extrapolated from 18 to 
36 items, corresponds to an average of 22 correctly solved items. Ac-
cording to the norms presented in the manual, participants between 23 
and 27 years who solved 22 items were placed in the 50th percentile of 
the ability distribution (Raven et al., 1994). This suggests that our 
sample was not particularly restricted in cognitive abilities. 

A further limitation of the present study lies in the relative weak 
evidence we found for a full double dissociation between cognitive and 
reflective abilities. Whereas we could show that participants’ need for 
cognition was more predictive of successfully ignoring interfering belief- 
based information than their intelligence, we could not conclusively 
demonstrate that participants’ intelligence was more predictive of dif-
ficulties ignoring interfering rule-based information than their need for 
cognition. Many factors, including the low power of the z-test for 
comparing correlations, the measurement of cognitive and reflective 
abilities on a manifest variable level, and the moderate sample size, may 
have limited the conclusiveness of our results. We therefore suggest that 
future studies build upon our approach and measure cognitive and 
reflective abilities with multiple indicators in larger (and possibly more 
heterogeneous) samples, allowing the testing of latent correlations and 
latent correlation differences. Ideally, model parameters and their as-
sociations with cognitive and reflective abilities should then be esti-
mated in a hierarchical Bayesian cognitive latent variable framework, as 
this would further increase the stability of latent parameter estimates 
(Schubert et al., 2019; Vandekerckhove, 2014). 

6.4. Conclusions 

By using the diffusion model, we simultaneously took into account 
both accuracy rates and response times to describe transitive reasoning 
performance. This enabled us to distinguish between experimental ef-
fects on the speed of evidence accumulation, on the speed of non- 
decisional processes, and on decision criteria. Across two studies we 
found that individual differences in need for cognition predicted suc-
cessful conflict resolution under logic instruction, as reflected in the 
decrease in drift rates from non-conflict to conflict trials. This suggests 
that a disposition to engage in reflective thinking facilitates the inhibi-
tion and successful override of Type 1 responses. Intelligence, however, 
was negatively related to successful conflict resolution under belief in-
struction, which suggests that individuals with high cognitive abilities 
quickly generated a higher-level logical response that interfered with 
their ability to evaluate lower-level intrinsic problem features. Taken 
together, this tentative double dissociation suggests that algorithmic 
and reflective thinking abilities may affect the processing of conflict 
information through different mechanisms and at different stages of 
information-processing: Greater cognitive abilities facilitate the creation 
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of decoupled problem representations, whereas a greater disposition to 
engage in critical thinking facilitates the successful override of Type 1 
responses. 
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