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Abstract 

According to an influential multiple-systems model of category learning, an implicit 

procedural system governs learning of information-integration category structures, 

whereas a rule-based system governs learning of explicit rule-based categories.  

Support for this idea has come in part from demonstrations that motor interference, in 

the form of inconsistent mapping between response location and category labels, 

results in observed deficits but only for learning information-integration category 

structures.  In this article, we argue that this response location manipulation resulted in 

a potentially more cognitively complex task in which the feedback was difficult to 

interpret.  In one experiment, we attempt to attenuate the cognitive complexity by 

providing more information in the feedback and demonstrate that this eliminates the 

observed performance deficit for information-integration category structures.  In a 

second experiment, we demonstrate similar interference of the inconsistent mapping 

manipulation in a rule-based category structure.  We claim that task complexity, and not 

separate systems, might be the source of the original dissociation between performance 

on rule-based and information-integration tasks. 
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In recent years, there has been considerable debate regarding whether or not 

multiple qualitatively different systems are engaged in categorization tasks.  Multiple-

systems theorists argue that there are at least two systems: an explicit system that has 

access to executive functions, working memory, and conscious awareness, and an 

implicit system that operates unconsciously.  There is some debate among such 

theorists as to the nature of the implicit system.  One influential multiple-systems model 

is COVIS (COmpetition between Verbal and Implicit Systems: Ashby, Alfonso-Reese, 

Turken, & Waldron, 1998) which posits two systems that run in parallel and compete to 

provide the final categorization response.  According to this model, the verbal explicit 

system is a hypothesis-forming and testing one, and the implicit system is procedurally 

based.   

This model makes a distinction between two kinds of categorization tasks: rule-

based tasks, which are learned primarily by the explicit, rule-based system, and 

information-integration tasks, which are learned primarily by the implicit, procedural 

system.  Rule-based categorization tasks are often easily described by explicit, verbal 

rules (“If the line is long, it’s an A; otherwise it’s a B”). These category structures are 

ones in which optimal performance is possible by making independent decisions about 

one or more attributes of the stimulus, and responding based on those decisions.  The 

paradigmatic example of a rule-based task is the unidimensional task, where optimal 

accuracy is achieved by selectively attending to a single stimulus dimension (such as 

length) and ignoring the others completely.  Figure 1A gives an example of the abstract 

structure of a unidimensional category learning task.  In contrast, information-integration 

tasks, which according to COVIS are learned by the implicit procedural system, are 
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tasks in which optimal performance is possible only by predecisionally integrating 

information from a number of different stimulus attributes or dimensions (Ashby & Gott, 

1988). Consequently, they are not easily described by verbal rules. The most common 

type of information-integration task and the one used in the current study requires 

subjects to compare quantities expressed in different units (such as length and angle).  

See Figure 1B for an abstract structure of this type of task. 

Although the idea of multiple systems in categorization has existed in the 

literature for quite some time (e.g., Erickson & Kruschke, 1998; Homa, Sterling, & 

Trepel, 1981; Nosofsky, Palmeri, & McKinley, 1994), one of the intriguing aspects of 

COVIS is that it specifically hypothesizes that the implicit learning system is a 

procedural learning system.  In proposing COVIS, Ashby et al. (1998) argued that 

implicit learning is mediated by the striatum, which has been strongly implicated in 

procedural learning (Willingham, 1998, 1999).  Consequently, COVIS predicts a close 

relationship between implicit category learning and motor learning, and conversely that 

disruption of motor processing should affect information-integration categorization, but 

not rule-based categorization.  Ashby, Maddox, and colleagues (e.g., Ashby, Ell, & 

Waldron, 2003; Maddox, Bohil, & Ing, 2004; Maddox, Glass, O'Brien, Filoteo, & Ashby, 

2010) have conducted a number of studies aimed specifically at testing this prediction 

and generally at providing evidence in favor of this multiple-systems theory of 

categorization. 

In one such study, Ashby et al. (2003) trained subjects on either a rule-based or 

an information-integration category structure.  In the transfer trials, participants once 

again saw these same category structures.  However, whereas one group followed 
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precisely the same procedure as in the training trials, the other group was instructed to 

switch the buttons they used to indicate their categorization response.  Ashby and 

colleagues (2003) found that this button-switch caused a significant detriment in 

performance in the information-integration task, but not in the rule-based task. They 

argued that this result is predicted by a multiple-systems approach to category learning.  

That is, according to COVIS the implicit system that learns information-integration tasks 

relies on procedural learning of mappings between category response and motor 

response location, which is interrupted in the button-switch condition.  In contrast, there 

is no reason to expect interference for the button switching for rule-based tasks. 

However, in a subsequent study Nosofsky, Stanton, and Zaki (2005) suggested 

that this dissociation was due to a difference in cognitive complexity of the different 

categorization tasks.  Nosofsky et al. (2005) hypothesized that all categorization tasks 

involve a certain amount of procedural learning, and thus should suffer a performance 

deficit due to the button switch in a sufficiently sensitive experiment. They argued that, 

given long enough to respond on a sufficiently simple task, subjects could correct for the 

cost of the button switch and a performance cost would not be observed.  Indeed, in 

their experiments, by reducing the amount of time given to subjects to respond, they 

observed a button switch cost in both the information-integration and rule-based 

category structures, implying that cognitive complexity plays a main role in the observed 

effect (although see Maddox, Lauritzen, and Ing (2007) for a rebuttal). 

However, other evidence has been proposed as support for the procedural 

nature of the implicit system in COVIS.  For example, Maddox, Bohil, et al. (2004) 

observed a dissociation between rule-based and information-integration learning tasks 
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when the mapping of categorization response to motor-response location was disrupted 

during learning.  Specifically, on each trial the control group was asked "Is this an A or a 

B" and pressed button A to indicate a choice of category A and likewise for B.  In the 

Yes-No condition, on each trial subjects were randomly asked one of two Yes-No 

questions (either "Is this an A?" or "Is this a B?") and responded by either pressing the 

Yes button or the No button.  So, to indicate a choice of category A, the subject would 

sometimes press "Yes" and sometimes "No", and likewise with a choice of B.  Thus, in 

the Yes-No condition there was a consistent mapping from categorization choice to 

response location whereas there was a clear mapping of category to response location 

in the A-B condition.  Under the assumptions of the COVIS model that information-

integration categories are mainly learned using the implicit procedural system, the lack 

of consistent mapping in the Yes-No condition should result in a decrease in 

performance on the information-integration task relative to the control group.  For the 

rule-based task, which is primarily learned using an explicit, hypothesis forming and 

testing system, there should be no difference in performance between the control and 

Yes-No conditions.  In fact, consistent with the COVIS model, this pattern of results was 

observed in their experiment. 

Although a dissociation between performance in rule-based and information-

integration tasks could indeed be evidence for multiple representational systems, 

alternative possibilities need to be ruled out.  In particular, there is a possibility that the 

Yes-No condition is more cognitively demanding, due to the complicated reasoning 

required to deduce the correct category from the feedback.  For example, during a 

typical trial in the Yes-No condition, the subject might be asked “Is this an A?”, respond 
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in the negative, and be told that that response was incorrect.  To determine to which 

category the previous stimulus actually belonged, the subject would then have to reason 

that, since their response of “no” was incorrect, the correct response was “yes,” which, 

given that prompt of “Is this an A?” indicates that the stimulus was in fact a member of 

category A.  Contrast this with the A-B condition, in which a subject, having responded 

“A” and finding that they are incorrect, would know immediately that the previous 

stimulus was a “B”.  

Maddox, Bohil, et al. (2004) acknowledged that difficulty might play a role in the 

observed effect, and indeed took a number of steps to control various types of difficulty.  

In order to equate performance on the control conditions for the rule-based and 

information-integration tasks, they reduced the between-category discriminability in the 

rule-based condition.  They also pointed out that the Yes-No condition might place 

greater demand on working memory as the subject must keep track of the stimulus 

itself, the prompt, and their response in order to correctly process feedback.  To control 

for this, they performed an additional study in which both the Yes-No prompt and the 

subject’s response were displayed during feedback, in addition to the correct/incorrect 

information from the original study.  Even though the demands on working memory 

were by all measures less than in the original A-B condition, the same pattern of results 

was observed as in the original Yes-No condition, suggesting that the selective 

impairment of information-integration learning under the Yes-No condition was not due 

to additional working memory demands, but the lack of consistent response locations 

for each category. 
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However, Spiering and Ashby (2008) found support for the idea that a consistent 

response location was not in fact required for the learning of information-integration 

category structures.  In their experiments, they compared three conditions in which 

participants completed an information-integration classification task.  In the control 

condition, participants pressed the button beneath a blue circle on one side of the 

screen if the stimulus was associated with one category and a red circle on the other 

side of the screen if it was associated with the alternative category.  In the random-

location condition, those blue and red circles alternated randomly between the right and 

left location.  Finally, a control condition tested a Yes-No version of the task in which 

participants were asked to decide if the stimulus was a member of either the blue or red 

category by pressing the appropriate yes or no key. They found that although the early 

learning of these information-integration categories was slowed in the random-location 

condition relative to the control condition, later learning was indistinguishable across the 

two conditions. 

Nonetheless, Spiering and Ashby (2008) interpret their findings as evidence for 

COVIS.  Instead of being limited to simple motor responses to particular spatial 

locations, they propose that the procedural learning system can also learn tasks in 

which there is a consistent mapping between stimulus features and visual features 

labeling the response locations, even if the locations themselves are random.   

This still leaves unexplained why exactly there is such a large impairment in the 

Yes-No, information-integration task.  In answer to this question, Spiering and Ashby 

(2008) claim that "the only difference between the Yes–No experimental conditions and 

the Random-Location condition was that the Yes–No response required an extra logical 
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decision" (p. 336), which requires some kind of executive functioning to implement and 

is thus difficult for the procedural learning system to accommodate.  On the face of it, 

this finding that additional executive-function load selectively interferes with an 

information-integration task seems to contradict previous reports that increasing working 

memory demands (another executive task) selectively affects rule-based and not 

information-integration tasks (e.g., Waldron & Ashby, 2001; Zeithamova & Maddox, 

2006).   

Spiering and Ashby (2008) provide the following rationale.  They argue that 

because rule-based tasks, according to COVIS, already tap executive functioning, they 

should be able to more easily accommodate the extra demands of generating a Yes-No 

response.   That is, they propose that additional low levels of working memory demands 

that do not reach capacity limits might be more readily integrated into learning rule-

based category structures because working memory is already in play.  On the other 

hand, higher levels of working memory demands might begin to hurt the learning of rule-

based tasks.  As they put it, the “extra logical step loads on PFC processes (e.g., 

working memory) but not enough to challenge capacity limits” (p.335).  One important 

question, therefore, is whether such a complex explanation is necessary.  

To preview our plan for this article, we take a dual-pronged approach to providing 

an alternative account of the dissociation observed by Maddox, Bohil, et al. (2004) and 

the findings and conclusions of Spiering and Ashby (2008).  In the first experiment, we 

replicate the original dissociation demonstrated by Maddox, Bohil, et al. (2004). 

Importantly, we further test the idea that information-integration category structures 

might be learned if the cognitive complexity of the Yes-No condition is alleviated. To test 
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this, we include a condition in which the cognitive complexity of the Yes-No condition is 

reduced by simplifying the processing of feedback.  In the second experiment, we test 

the hypothesis that the interference of the Yes-No manipulation is not limited to 

information-integration category structures, but rather is mediated by the complexity of 

the task.     

Experiment 1 

In the present study, we further examined the potential role of cognitive 

complexity of the Yes-No condition in the Maddox, Bohil, et al. (2004) results. Given the 

Spiering and Ashby (2008) findings, there is good reason to believe that the inconsistent 

response locations were not the source of the observed dissociations. In this 

experiment, we examined the hypothesis that it was additional complexity of the Yes-No 

condition which differentially affects the already more difficult information-integration 

task.  Specifically, we focus on the added difficulty of processing the correct/incorrect 

feedback in the Yes-No condition.  Anything which disrupts feedback processing might 

make it harder for subjects to accurately infer the correct category of the stimulus they 

just categorized, which would impair their ability to recover the underlying category 

structure.  This, we hypothesize, would be especially problematic in situations where the 

performance is limited by the complexity of the category structure, as in the information-

integration task.   

Therefore, Experiment 1 was designed to simultaneously replicate the results 

from Maddox, Bohil, et al. (2004) and test the effects of providing additional, simplifying 

feedback in the Yes-No condition.  In addition to the A-B and Yes-No conditions of 

Maddox, Bohil, et al. (2004), we added a third response-type condition in which some 
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subjects were prompted exactly as in the Yes-No condition but during feedback they 

were also told the category to which the stimulus belonged.  We hypothesize that, by 

providing this extra information during feedback, the additional complexity of the Yes-No 

task will be at least partially mitigated.  Note that this extra feedback does not provide 

any information that was unavailable before, but merely simplifies the interpretation of 

the feedback information. It also does not change the structure of the category-

response mapping: in the Yes-No (extra feedback) condition, there is still no consistent 

mapping between category and response location.  Thus, if the COVIS-based 

interpretation put forth by Maddox, Bohil, et al. (2004) is correct, then this manipulation 

should not eliminate the performance deficit observed in the information-integration 

Yes-No condition, since it preserves the lack of consistent response-location mapping.  

Similarly, while this condition simplifies the processing of feedback, it preserves the 

extra logical step in formulating the Yes-No response, the factor to which Spiering and 

Ashby (2008) attribute the selective deficit in Yes-No information-integration learning.  

Conversely, if this manipulation eliminates the observed performance deficit, then task 

complexity cannot be overlooked as a source of the observed dissociation between 

performance on rule-based and information-integration tasks. 

 

Method 

Participants. One hundred and seventeen participants were recruited from the 

population of undergraduates at Williams College and participated for either course 

credit or a ten dollar payment.  For the information-integration category-structure 

conditions, there were 21, 19, and 19 subjects who participated in the A-B, Yes-No, and 
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Yes-No with extra feedback conditions, respectively.  For the rule-based category-

structure conditions, there were 20, 20, and 18 participants in the A-B, Yes-No, and 

Yes-No with extra feedback conditions, respectively. 

Stimuli. The stimuli used in this experiment were similar to those used in 

Maddox, Bohil, et al. (2004). Stimuli were Gabor patches that varied in orientation and 

spatial frequency, and were generated for each condition by sampling randomly from 

two bivariate normal distributions (see Table 1 for means and variances).  Each patch 

was 819 pixels square and displayed on a 20-inch monitor with a resolution of 1280 by 

1024. The specific parameter values used in generating each patch were identical to 

those used in the original experiment.  For each category, a total of 160 patches were 

generated.  For each of the 4 blocks, 40 A and 40 B were randomly selected from the 

stimuli that had not previously been displayed, and displayed in a different random order 

for each participant.   

Procedure.  Participants were randomly assigned to one of the six conditions.  

These conditions consisted of either of the two category structures (information-

integration or rule-based) factorially combined with one of the three query/feedback 

types (A-B, Yes-No, Yes-No with extra feedback).  Participants were tested individually 

in a dimly lit room.  At the start of the experiment, participants were told each patch they 

would see would belong to one of two categories, and that their task was to decide 

whether the stimulus belonged to category A or B.  Participants were instructed that at 

first they would have no idea which stimuli belonged to which category, but by paying 

attention to the feedback, they could learn to categorize the stimuli almost perfectly.  

Participants were asked to focus on accuracy and not worry about time.  In addition, a 
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prize of $25 was offered for participants who achieved the highest accuracy in the 

experiment.   

On each trial, a single patch was displayed on the monitor, and the participant 

was either asked "Is this an A or a B?" or a Yes-No question of the form "Is this an A?" 

or “Is this a B?”. In the Yes-No condition, the choice of the two potential questions was 

randomly determined on each trial. The patch remained on the screen until the 

participant provided a response.  Upon indicating their response, the stimulus was 

removed from the screen, and feedback was given.  In the A-B and Yes-No conditions, 

feedback consisted simply of the word "Correct" or "Incorrect".  In the extra feedback 

conditions, feedback consisted of the word “Correct" or "Incorrect", followed by the 

correct category for the stimulus.  The feedback remained on the screen for 750ms.  

There was a 350ms intertrial interval.    

Results 

In analyzing the data, we take three different approaches.  In the first section, we 

report a set of ANOVA analyses that are similar to those conducted by Maddox, Bohil, 

et al. (2004).  In the second section we report a supplemental Bayesian analysis which 

accounts for the presence of non-learners and delayed learners in the data.  Finally, we 

report an analysis of the strategies that subjects used to solve the task by fitting various 

decision-bound models to the data. 

ANOVA analyses.  The probability of correct classification as a function of block 

for the different conditions is shown in Figure 2.  Visual inspection of the figure (left 

panel) reveals a pattern of results for the Yes-No and A-B conditions that replicates the 

pattern reported in Maddox, Bohil, et al. (2004).  That is, the Yes-No response condition 
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interferes only with performance in the information-integration category structure.  To 

confirm this pattern, we conducted a set of analyses analogous to the analyses reported 

by Maddox, Bohil, et al. (2004).  That is, we first restricted our analysis to the A-B 

conditions to verify that performance was equivalent for the two category structures.  A 

2(category structure: information-integration vs. rule-based) X 4(block) mixed model 

ANOVA showed no category structure effect for A-B responses, F(1,39)=.32, 

MSE=.015, p=.58.  This replicates the important result of equivalent performance across 

category structures for A-B responses observed by Maddox, Bohil, et al. (2004).  In 

addition, the main effect of block was significant, F(3,117)=10.18, MSE=.056, p<.001 

indicating that subjects were learning over time.  The interaction between block and 

category structure was not significant, F(3,117)=1.04, MSE=.006, p=.38.   

Next we restricted the analysis to the Yes-No conditions across the two category 

structures, and conducted another 2 (category structure: information-integration vs. rule-

based) X 4 (block) ANOVA.  Importantly, we replicated the main effect of category 

structure with the rule-based condition outperforming the information-integration 

condition for the Yes-No training procedure, F(1,37)=4.79, MSE=.255, p=.04.  Once 

again, a block main effect indicated learning occurred with experience, F(3,111)=9.35, 

MSE=.061, p<.001.  The interaction was not significant, F(3,111)=1.43, MSE=.009, 

p=.24. 

Next, following Maddox, Bohil, et al. (2004), we conducted a series of analyses 

aimed at testing the prediction that Yes-No training would impair performance in the 

information-integration condition but not the rule-based condition.   For the following 

analyses, we restricted the ANOVA to each of the category structures and compared 
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the Yes-No and A-B training procedures.  For the rule-based category structures, the 

type of training had no effect F(1,38)=.25, MSE=.018, p=.62.  However, as would be 

expected, there was a main effect of block, F(3,114)=17.35, MSE=.099, p<.001 and 

there was no significant interaction between block and training procedure, 

F(3,114)=1.27, MSE=.007, p=.29. 

For the information-integration category structure, the critical main effect of 

training procedure was significant, F(1,38)=8.54, MSE=.272 , p=.006.  That is, the result 

of selective interference of the Yes-No procedure for the information-integration 

category structure was replicated.  Once again, there was a main effect of block, 

F(3,114)=4.06, MSE=.025 , p=.009, but no interaction between training procedure and 

block, F(3,114)=.03, p=.99.  Collectively, the analyses replicate the key findings of 

Maddox, Bohil, et al. (2004).   

We now move onto a series of analyses aimed at testing the hypothesis that this 

selective impairment may be due to the difficulty in interpreting the feedback in the more 

complex information-integration group.  First, we tested whether the addition of the extra 

feedback benefited participants in the rule-based structure.  For this category structure, 

the Yes-No and the Yes-No with extra feedback conditions were not significantly 

different, F(1,36)=.08, MSE=.006, p=.78.  Next, we conducted the same test for the 

information-integration category structure, and found that difference in performance of 

the Yes-No condition and the Yes-No condition with extra feedback were marginally 

different across all four blocks, F(1,36)=3.97, MSE=.137, p=.05, and were significantly 

different in the last two blocks, F(1,36)=4.71, MSE=.130, p=.04.   In fact, for the 

information-integration category structure, the Yes-No with extra feedback condition did 
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not differ from the A-B group, when the two feedback conditions were made more 

comparable, F(1,38)=.47, MSE=.020, p=.47.  These results together indicate that the 

effects of the Yes-No manipulation can be mitigated by more easily digestible feedback 

suggesting that the locus of the effect reported in Maddox, Bohil, et al. (2004) might not 

be procedural in nature. 

Bayesian analysis of accuracy and learner-rates.  In the above analyses, 

following Maddox, Bohil, et al. (2004), we included all subjects, regardless of whether 

they showed any learning at all.  This is potentially problematic, in part because the 

presence of non-learners both reduces the average accuracy in a condition and 

increases the between-subject variance, leading to weaker statistical power and 

potentially obscuring real differences in the accuracy of subjects who do manage to 

learn the task.  More problematically, this also conflates different aspects of category 

learning behavior, namely, how quickly and well subjects learn once they do start 

learning and how likely subjects are to be able to learn the task at all after some amount 

of training.  Some authors have advocated simply removing data from subjects whose 

final-block accuracy falls below a certain threshold, but this ignores the fact that non-

learners may be more likely in one condition than another, meaning that lower accuracy 

in that condition reflects a real increase in difficulty.  Ideally, we would like to evaluate 

the effect of our experimental manipulations on non-learners and accuracy 

simultaneously. 

Bayesian data analysis techniques offer the ability to do just that.  In Bayesian 

data analysis, one first defines a model of how observed data are generated, as a 

function of underlying parameters (Kruschke, 2012).  In our case here, this model allows 
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for a mix of non-learners (who perform at chance) and learners who improve over the 

course of training, with the learning curve depending on their task/response condition 

(and possibly a delay in learning; see the Appendix A for details).  This model is fit to 

the available data by Bayesian inference, which assigns probability mass to parameter 

values to the degree that they are consistent with the data.  For our purposes, the main 

benefit of such an approach is that there is more flexibility in defining the data model, 

which allows us to take into account the inherent uncertainty in whether a subject with 

very bad accuracy is simply guessing or is learning but struggling to do so.  A 

secondary but more general and more powerful benefit of this approach is that the 

resulting posterior distribution over model parameters reflects the degree of uncertainty 

that remains about these explanatory parameters given the limited and possibly 

ambiguous data. This allows us to ask questions about the explanatory parameters, 

such as "was learning faster in condition A vs. condition B?", in addition to "was there 

some difference?" (see Krushcke, 2012 for an excellent overview of the relevant 

literature). 

We summarize, very briefly, the results of this analysis here; details can be found 

in Appendix A.  We report both the 95% highest posterior interval (HPI) of each effect, 

which quantifies the range of effect sizes and directions which are most credible given 

the data, and the probability that the effect is different from zero (pMCMC)1.  The HPI 

provides information about the range of credible effect sizes, and critically whether this 

range includes zero, while the pMCMC gives a sense of what proportion of the credible 

parameter values are compatible with the observed effect direction.  It's important to 

note that neither of these measures is primary.  Both are derived from the full, joint 
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distribution over parameter values (condition learning-curve slopes and intercepts, and 

subject learning delays) given the data. 

First, remarkably, only about half of the subjects in the Yes-No, information-

integration condition were classified as learners (HPI = [47%, 58%]), less than any other 

condition (HPIs all > 60%, pMCMC < 0.01).  However, the lower proportion of learners 

is not enough to account for the decreased accuracy in the Yes-No, information-

integration condition.  Comparing the slope and intercept of the learning curve in the 

Yes-No information-integration condition with each other condition (Figure A1), we find 

that these subjects both had poorer performance overall (all intercepts difference 

pMCMC < 0.0004, HPI < −0.15) and learned more slowly (all slopes difference HPI < 

−0.03, pMCMC < 0.01, except for Yes-No, unidimensional task, HPI = [−0.30,0.03], 

pMCMC = 0.059).  There is also a significant interaction between task and 

response/feedback condition: the effect of the information-integration task vs. the 

unidimensional task is greater under Yes-No responses than either AB or Yes-No-Extra 

response conditions (slope interaction between categorization task and condition AB vs. 

Yes-No, pMCMC = 0.02, HPI = [-0.20, -0.005] and Yes-No vs. Yes-No-Extra, pMCMC = 

0.005, HPI = [-0.22, -0.03]; intercept interactions both pMCMC = 0.0003, HPI = [-0.31, -

0.07] and [-0.35, -0.11], respectively), while there is no substantial difference in the 

effect of information-integration vs. unidimensional on AB vs. Yes-No-Extra (intercept 

HPI=[-0.07, 0.15], pMCMC=0.22, slope HPI=[-0.06, 0.10], pMCMC=0.30). 

This analysis picks up on other effects that are missed when ignoring the effect 

of delayed learning and non-learners. First, even though the effect of information-

integration vs. unidimensional structures was largest in the Yes-No response condition, 



Multiple systems or task complexity  19 

overall performance (measured by intercept) on the information-integration task was 

also worse than the unidimensional task for AB and Yes-No-Extra as well (for AB, HPI = 

[−0.49, −0.17], pMCMC < 0.0004, and for Yes-No-Extra, pMCMC = 0.003, HPI = [−0.41, 

−0.08]).  This was balanced out by slightly faster learning in the information-integration 

task (steeper slope for the information-integration task; for AB, pMCMC = 0.066, HPI = 

[−0.02, 0.19], and for Yes-No-extra, pMCMC = 0.017, HPI = [0.08, 0.41]), resulting in 

equivalent accuracies on the information-integration and unidimensional task by the 

final block in the AB and Yes-No-Extra conditions (see Appendix Figure A2). 

In summary, Bayesian analysis confirms the main results of the ANOVA analysis: 

performance is selectively impaired in the Yes-No information-integration condition, and 

this impairment goes away when additional feedback is provided in the Yes-No-Extra 

condition.  This analysis also suggests that the equivalent overall accuracy in the 

information-integration and unidimensional tasks can mask differences between these 

tasks in the delay of learning onset (including the number of non-learners) and the 

speed/quality of learning once it begins. 

Decision-bound model analyses. In their article, Maddox, Bohil, et al. (2004) 

investigated the strategies that subjects used to complete the task by fitting various 

decision bound models (e.g., Ashby & Gott, 1988).  Specifically, they fit two models 

corresponding to rule-based strategies (a unidimensional decision boundary rule or a 

conjunction of two such rules) and a model corresponding to information-integration 

strategies (a general linear classifier, or GLC, allowing diagonal decision boundaries).  

They found that while only about 33% of subjects used a (sub-optimal) rule-based 

strategy in the information-integration A-B condition, 70% of subjects in the information-
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integration Yes-No condition used a rule-based strategy. This finding is intriguing in that 

it supported their claim that the Yes-No condition selectively interferes with the use of 

information-integration strategies and drives subjects to use rule-based strategies. 

We conducted a similar analysis, fitting various decision-bound models to our 

data.  However, we added one important model to the mix: a random-responder model 

(e.g., Maddox, Ing, & Lauritzen, 2006).  Note that for subjects who do not learn the task 

and guessed randomly on every trial, both the unidimensional model and the GLC will fit 

the data in the same way, but the unidimensional model will be preferred because it has 

fewer free parameters2.  Thus, without including a random-guessing model, subjects 

who are in fact randomly guessing would be classified as rule-users.  Table B1 shows 

the percentage of subjects in each condition best fit by each of the models. 

If we conduct the same modeling analyses as Maddox et al., essentially treating 

guessers as rule-users by omitting the random-guessing model, the proportion of rule-

users in the information integration task jumps from 43% in the A-B condition to 68% in 

the Yes-No condition.  This pattern of data is very similar to the one reported by Maddox 

et al.  However, with the addition of the critical random-guessing model, contrary to the 

findings of Maddox, Bohil, et al. (2004), we found that the percentage of rule-use in the 

information-integration task remained essentially unchanged in the A-B condition (43%) 

versus the Yes-No condition (37%).  Notably, the percentage of guessing was 

dramatically higher in the Yes-No (32%) versus the AB (5%) information-integration 

conditions.  A subsequent analysis revealed that in every case where the guessing 

model was selected as the best fitting model, the unidimensional model was the next-

best fitting model.   



Multiple systems or task complexity  21 

Finally, we considered whether the inconsistent response locations in the Yes-No 

information integration task interfered with participants’ ability to learn the categories 

using information-integration strategies, as might be predicted by the COVIS model.  A 

comparison of the use of these strategies by the Yes-No condition with extra feedback 

and the AB condition showed no differences (52% for A-B information-integration, vs. 

53% for Yes-No-Extra, information-integration; see Table B1).  

Discussion 

Spiering and Ashby did not test rule-based tasks in their experiment, but rather 

relied on the data from Maddox, Bohil, et al. (2004) in order to interpret their results as 

selective interference of information-integration category structures. Therefore, 

Experiment 1 provides an important replication of this selective interference of the Yes-

No condition on learning of information-integration category structures.  In addition, we 

demonstrated that this selective interference could be alleviated by adding additional 

feedback.  Taken together with the findings of Spiering and Ashby (2008), our results 

suggest that it was not the response location in the Yes-No condition that resulted in the 

selective interference with information-integration category structures observed by 

Maddox, Bohil, et al. (2004).  The results of our Experiment 1 indicate that, in particular, 

it was the demands related to processing of the feedback in the Yes-No condition that 

were responsible for deficits observed by Maddox, Bohil, et al. (2004) and Spiering and 

Ashby (2008).  In addition, the Bayesian analyses hint at important differences in the 

learnability of the information-integration and rule-based category tasks that were 

missed by the traditional null hypothesis testing approach.  Separating the effect on 

accuracy of subjects who learn the task and those that don't (or are delayed), we find a 
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decrease in overall accuracy in the information-integration task relative to the 

unidimensional task, even in the A-B response condition (Appendix Figures A1 and A2).  

Importantly, the strategy-use modeling analyses reported in Experiment 1 

suggests that, at least in our own data set, the pattern of increased rule-use reported by  

Maddox, Bohil, et al. (2004) in the Yes-No condition may in fact be due to participants 

using a guessing strategy rather than a rule-based one. Moreover, participants in the 

Yes-No extra-feedback condition show a similar level of information-integration strategy 

use to those in the A-B version of the task. 

Experiment 2 

One framework for understanding the results of Experiment 1 is within the 

context of the COVIS model, as proposed in Spiering and Ashby (2008).  That is, 

perhaps executive functions needed in order to process the executive demands in the 

Yes-No task are already operational in the rule-based condition.  However, given that 

these same types of working memory demands have been shown to have a detrimental 

effect on rule-based tasks (Waldron & Ashby, 2001; Zeithamova & Maddox, 2006), the 

explanation lacks parsimony.     

Alternatively, differential effects of the Yes-No task on the two different category 

structures might be understood by considering differences in the baseline difficulty of 

the two tasks.  Remember that in order to equate performance in the two category 

structures, Maddox, Bohil, et al. (2004) needed to increase the separation between the 

two category distributions in the information-integration task (see Figure 1).  That is, 

when all else is equal, when the optimal decision bound is on the diagonal in this task, 

and subjects do not perform as well as when the optimal decision bound is orthogonal 
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to one of the stimulus dimensions (e.g., Ell & Ashby, 2006).  Therefore, to equate 

accuracy of performance in the two tasks, Maddox, Bohil, et al. (2004) increased the 

distances between the two distributions in the information-integration condition. The 

authors make the assumption that statistically equivalent accuracy means that the tasks 

are equal in their difficulty level.  However, as our Bayesian analysis of Experiment 1 

suggests, there may be differences between the unidimensional rule-based and 

information-integration tasks used in our Experiment 1 and by Maddox, Bohil, et al. 

(2004) in terms of learning delay and speed and quality of learning once it begins.  This 

is consistent with our reasoning (based on the difference in perceptual discriminability 

required to equate accuracy), that these tasks are difficult for different reasons. 

The difficulty hypothesis makes an interesting prediction.  If in fact it is the overall 

difficulty of the task structure (vs. the perceptual difficulty) that interacts with the 

difficulty of the Yes-No task, then it is should be possible to observe evidence of similar 

interference with a difficult rule-based task.  In fact, Maddox, Bohil, et al. (2004) pursued 

exactly this possibility in their original study by testing a conjunctive rule-based 

categorization structure in the Yes-No condition.  This task uses two unidimensional 

decision bounds, one on each dimension, to divide the stimulus space into four 

quadrants, one of which is assigned to one category and the other three to the other 

category.  However, they did not find evidence of interference of the Yes-No condition in 

that task.     

In the following experiment, we tested participants on the potentially more 

complex biconditional rule-based task shown in Figure 3.  The stimuli were lines that 

varied in their orientation and length.  In this task, a stimulus is a member of Category A 
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if its value on Dimension 1 is small and its value on Dimension 2 is large or conversely if 

its value on Dimension 1 is large and its value of Dimension 2 is small. The biconditional 

task is considered a rule-based task because the category boundaries are orthogonal to 

the axes of the stimulus space. In addition, participants might verbalize a rule such as “if 

it is long and flat or short and steep it is an A, otherwise it is a B.”    

This design provides a nice test of the difficulty hypothesis.  If the locus of the 

Yes-No interference observed in Maddox, Bohil, et al. (2004) and Experiment 1 is in the 

difficulty of the information-integration task, then it is reasonable to expect interference 

in learning a rule-based category structure that is sufficiently complex.    

Method 

Participants. Once again, we recruited 66 participants from the population of 

students at Williams College. Half of the participants were randomly assigned to the 

Yes-No condition, and the other half were assigned to the A-B condition.  Participants 

either received course credit or $10.     

Stimuli. The stimuli were lines that varied along two dimensions: length and 

orientation that have been used in a number of studies (e.g., Nosofsky et al., 2005).  

The stimuli were centered on a screen with 1920 by 1080 resolution.  A total of 320 

stimuli were sampled randomly from the four biviariate normal distributions represented 

by the parameters listed in Table 2.  There were therefore 160 stimuli assigned to each 

of two categories.  The category structures are shown in Figure 3.     

Procedure.  Participants were randomly assigned to either a A-B or Yes-No 

version of the task.  All other aspects of the procedure were identical to Experiment 1. 
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Results 

The probability of correct classification as a function of block for the two different 

response conditions is shown in Figure 4.  The main question of interest lies in the 

comparison of learning for the two training procedures.  We therefore conducted a 

2(training procedure: Yes-No or AB) X 4(block) mixed model ANOVA to address this 

question.  There was indeed a main effect of training procedure, with higher accuracy 

for participants in the A-B condition than the Yes-No condition, F(1,64)=4.83, 

MSE=.311, p=.03.  As would be expected, there was also a main effect of block, with 

increasing accuracy as a function of training block, F(3,64)=17.62 , MSE=.123, p<.001.  

There was no significant interaction between block and training procedure, 

F(3,64)=2.05, MSE=.014, p=.11.    

Bayesian analysis of accuracy and learner-rates. We also analyzed the 

results of Experiment 2 using the same Bayesian model as Experiment 1 (see Appendix 

A for details).   The results confirm the ANOVA analysis: accuracy was worse overall in 

the Yes-No condition (intercept difference HPI = [-0.48, -0.04], pMCMC = 0.010), but the 

learning curve slopes were comparable (difference HPI = [-0.14, 0.11], pMCMC = 0.46; 

Figure A3).  As was the case in Experiment 1 for the information-integration task, there 

were fewer learners in the Yes-No condition (HPI = [42%, 67%]) than in the AB 

condition (HPI = [64%, 70%]; difference HPI = [-21%, 3%], pMCMC = 0.027). 

Decision-bound model analyses.  Finally, we performed a decision bound 

strategy analyses as in Experiment 1. Because the biconditional task used in this 

experiment was different than the tasks in the first experiment, we included additional 

candidate models. In addition to the guessing, unidimensional, diagonal (GLC), and 
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conjunctive models, we fit two other models.  The first of these was a rule-based 

strategy with two orthogonal decision boundaries, combined via a disjunctive rule, and 

the second was an information-integration strategy which has two parallel diagonal 

decision boundaries (see Appendix B for details). 

Figure B2 and Table B2 show the proportions of participants best fit by each 

model across blocks in Experiment 2.  In the AB condition, the majority of participants 

are identified as using the optimal, rule-based disjunctive strategy by the third and four 

blocks (58% and 55%, respectively). Second, in the Yes-No condition, the majority of 

participants are identified as using suboptimal strategies (only 24% and 21% classified 

as using the optimal disjunctive strategy in blocks three and four, respectively). 

Intriguingly, contrary to the COVIS’s prediction that the Yes-No response condition 

should lead to less information-integration strategy use, there are in fact more 

participants classified as using the (slightly) sub-optimal information-integration strategy 

of two parallel diagonal decision bounds (42% in the final block of Yes-No vs. only 18% 

in the final AB block), although this may be a result of increased response variability due 

to overall poor performance, which can lead to unstable AIC values (see the Appendix). 

Also, as in Experiment 1, there were more participants who were classified as simply 

guessing randomly in the Yes-No conditions (42% and 27% in the third and fourth Yes-

No blocks, vs. 9% and 18% for AB). 

In order to obtain a more stable estimate of each participant’s strategy use in the 

later phase of the experiment, we also fit the same models to the trials in the second 

half of the experiment (blocks three and four together). The results are very similar to 

the fits to these two blocks individually: more subjects in the Yes-No condition use 
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suboptimal strategies (only 36% using the disjunctive rule) than in the AB condition 

(58% using the disjunctive rule). One noteworthy aspect of these combined fits is that 

there are fewer Yes-No participants classified as simply guessing, and more classified 

as using the disjunctive strategy.  This suggests that some of what appears to be 

random guessing when either the third or fourth block is fit independently is better 

explained as noisy or inconsistent application of a strategy.  In model comparison which 

penalizes free parameters it can be hard to distinguish such noisy but systematic 

behavior from truly random behavior when there is limited data available.  The mean 

and median AIC (goodness of fit) values for the best model are substantially better 

(lower) in the AB condition (mean AIC=89, median AIC=98) than in the Yes-No 

condition (mean AIC=99, median AIC=107), indicating participants in the AB condition 

generally responded in a more systematic way3. In fact, in the Yes-No condition, the 

median AIC value is only four points better than the upper bound AIC value associated 

with the random-guessing model.  

Discussion 

We hypothesized that in the case of a more difficult rule-based category 

structure, the complexity involved in deciphering the Yes-No condition feedback could 

interfere with learning.  The results of Experiment 2 support this idea, in that subjects 

performed more accurately in the A-B condition relative to the Yes-No condition when 

learning a bi-conditional rule-based category structure.  Thus, the pattern of interference 

observed in Maddox, Bohil, et al. (2004) does not seem to be associated with whether 

the task involves explicit verbal rules or implicit information integration but, rather, 

seems to be related to the overall difficulty of the task.   
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General Discussion 

COVIS (Ashby et al., 1998), a multiple-systems model of categorization, makes 

specific predictions about the nature of the component systems. In particular, COVIS 

posits two systems: a working memory-mediated hypothesis-testing system which 

learns explicit rule-based categories, and a procedural learning system which learns 

implicit categories.   

COVIS has been gaining popularity in recent years due to accumulating evidence 

in its favor (for reviews see: Ashby & Maddox, 2005; Ashby & O'Brien, 2005).  Much of 

the evidence advanced in support of COVIS comes from dissociation studies, in which 

an experimental manipulation differentially affects the learning of rule-based and 

information-integration category structures.  That is, a manipulation that affects one type 

of task but not the other is taken as evidence of multiple dissociable systems, and the 

characteristics of the specific systems posited by COVIS predict which manipulations 

should have a dissociable effect. 

The particular manipulation that is the focus of this current article is the one in  

Maddox, Bohil, et al. (2004).  In their article, the authors examined subjects' 

performance on either an implicit or explicit categorization task, where some subjects 

received A-B prompts (of the form "Is this an A or a B?"), while others received Yes-No 

prompts (of the form "Is this an A?").  Maddox, Bohil, et al. (2004) hypothesized that the 

Yes-No response condition would impair performance on the implicit task but not the 

explicit task, since COVIS posits that implicit categories are learned by a procedural 

system that relies on a consistent mapping between categorization response and motor-
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response location.  This prediction was played out in their results, where Yes-No 

performance was impaired relative to A-B performance, but only in the information-

integration conditions.  However, the present results suggest that Maddox, Bohil, et al.’s 

(2004) design failed to rule out a single-system, complexity-based explanation.  

Maddox, Bohil, et al. (2004) tacitly assumed that by controlling the baseline accuracy by 

making the explicit task perceptually more difficult, there were no essential differences 

in terms of complexity between these tasks.4  Our results suggest that this assumption 

might not be warranted.  In our delayed-learning Bayesian analysis of our replication of 

the original Yes-No and A-B conditions, we found differential effects of these conditions 

in the rule-based and information-integration tasks on both the delay of learning and the 

speed and quality of learning once it begins.  These effects suggest that the equivalent 

overall accuracy in the information-integration and unidimensional tasks can at least 

sometimes mask potentially important behavioral differences in these groups. 

In the present study, we took a different approach to controlling for difficulty, and 

instead attempted to correct potential differences in difficulty between the A-B and Yes-

No response conditions.  We reasoned that, given the greater number of logical steps 

that must be performed in order to glean the correct categorization based on 

correct/incorrect feedback to a Yes-No question, providing subjects in the Yes-No 

condition with the correct category at feedback might eliminate any differences in 

performance between the response conditions.  

This is precisely what was obtained in Experiment 1.  Note that adding additional 

feedback to the Yes-No condition does not in any way change the lack of a consistent 

response location for each category, which is the feature to which Maddox, Bohil, et al. 
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(2004) attributed the drop in performance in the implicit/Yes-No condition.  Rather, the 

present results best support an explanation in terms of cognitive difficulty or complexity 

of the implicit learning task and the Yes-No response condition.  In Experiment 2, we 

test a specific prediction of this difficulty hypothesis by showing that the same 

interference could be demonstrated in a challenging rule-based task.   

The present study is just one piece of a growing body of work (Gureckis, James, 

& Nosofsky, 2011; Newell & Dunn, 2008; Newell, Dunn, & Kalish, 2010; Nosofsky et al., 

2005; Zaki & Nosofsky, 2001) that raises issues with the common interpretation of 

dissociation studies as supporting multiple-system theories and highlights some various 

methodological issues.  In particular, the common practice of controlling averaged 

baseline accuracy between unidimensional and information-integration tasks by 

reducing the perceptual discriminability of the unidimensional category introduces a 

potential confound, where the structurally-simpler rule-based categories are 

perceptually more difficult.  That is, there are at least two ways in which these tasks are 

difficult, all else being equal.  Tasks where the categories are less perceptually 

discriminable are harder, which we might call perceptual difficulty.  Likewise, when 

discriminability is controlled, subjects find information-integration tasks harder than 

unidimensional tasks (Ell & Ashby, 2006), which we attribute to cognitive complexity.   

These different types of difficulty presumably reflect different functional parts of 

the category learning system, broadly construed, and poor performance can result from 

a bottleneck at either.  Manipulations which increase the perceptual difficulty will 

selectively impair performance on tasks where the primary constraint on performance is 

perceptual discriminability, while manipulations which increase the cognitive complexity 
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of a task will impair performance on tasks where cognitive complexity is the main 

constraint.   

Our view that difficulty in a task might arrive from both "cognitive complexity" and 

perceptual factors is not incompatible with a single system approach, as even so-called 

single-system models rely on distinctions between various components such as 

perception, memory, and decisional processes (e.g., see Nosofsky & Palmeri, 1997 for 

a process-oriented instantiation of a single-system model).  Some might object that this 

is not a single-system approach at all, but rather a multiple-systems one.  However, 

when defined in this way, a multiple-systems theory of categorization is tautologically 

true: in order to make a categorization response, information must pass through a wide 

variety of different systems, ranging from perceptual to cognitive to motor.  The relevant 

question is not whether multiple systems are engaged in categorization, but rather how 

those systems are functionally arranged, and whether the evidence presented by 

Maddox, Bohil, et al. (2004) justifies positing multiple parallel categorization systems. 

Note that what we call cognitive complexity is likely itself not a unitary construct.  

In fact, many variables affect whether or not a particular categorization task is 

cognitively difficult to learn (e.g., Shepard, Hovland, and Jenkins, 1961).  For example, 

the complexity of optimal bound, the number of different categories or clusters, the 

number of candidate dimensions and the number of relevant dimensions are all likely 

contenders, and they might affect processing at different stages and thus be 

dissociable.  The question of what makes a categorization task difficult is a very 

interesting one (see Alfonso-Reese, Ashby, & Brainard, 2002) and deserves continued 

theoretical attention.   
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Whatever the nature of the additional difficulty that human observers have with 

information-integration category structures, our results show that this additional source 

of difficulty interacts with the response manipulation used by Maddox, Bohil, et al. 

(2004) in a way that is inconsistent with COVIS's hypothesis about the source of this 

difficulty.  Namely, COVIS hypothesizes that human observers find information 

integration tasks more difficult (resulting in slower learning and lower asymptotic 

accuracy) because they are not amenable to simple, easily verbalizable classification 

rules which make so-called rule-based tasks easy for human observers, and thus 

human observers must fall back on a more robust but less efficient procedural learning 

system.  This explanation fails to account for the interaction between category structure 

and the Yes-No response key manipulation that we continue to explore in this paper, 

and thus some other notion of why human observers find information-integration tasks 

more difficult is required.   

Specifically, we show that the additional demands of processing correct/incorrect 

feedback to yes-no prompts, rather than the lack of the consistent response mapping 

required by COVIS's procedural learning system, is the source of the additional difficulty 

that participants have with the Yes-No, information-integration condition.  Moreover, the 

Yes-No response condition interfered with learning of a disjunctive task, which is more 

complex than the unidimensional task in terms of the number of regions that the 

stimulus space is partitioned into, but still amenable to an explicit rule-based solution 

and thus predicted by COVIS to be unaffected by the Yes-No condition.  

This significantly changes the interpretation of the original results of Maddox, 

Bohil, et al. (2004) as to why information-integration tasks are harder than rule-based 
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tasks for human learners.  The same logic behind our studies—that controlling for 

overall poorer performance on an information-integration task by making the equivalent 

unidimensional task harder in a different way introduces a confound—underlies other 

recent work challenging dissociation evidence for COVIS.  For example, Nosofsky, 

Stanton, and Zaki (2005) investigated the role of cognitive complexity in the 

experimental design of Ashby, Ell, and Waldron (2003).  By using stricter response 

deadlines and more complex category structures, they found that response-motor 

interference (introduced by switching response button labels at test) affected 

performance not only on implicit categorization tasks (as predicted by COVIS) but on 

explicit tasks as well.   

Likewise, Stanton and Nosofsky (2007) hypothesized that perceptual 

discriminability, rather than the operation of distinct explicit vs. implicit category learning 

systems, was the root of another dissociation reported by Maddox, Ashby, Ing, and 

Pickering (2004).  In that paradigm, Maddox, Ashby, et al. (2004) had tested a 

prediction of COVIS that rule-based tasks are learned by a system that relies on 

working memory, and thus should be disproportionately impaired by a working-memory 

scanning task performed during the processing of feedback.  However, as in the present 

paradigm, Maddox, Ashby, et al. (2004) used rule-based categories that had lower 

perceptual discriminability than the information-integration categories.  Critically, the 

memory scanning task required visual processing, and thus Stanton and Nosofsky 

(2007) hypothesized that this added burden on visual processing would interfere more 

with a perceptual category learning task that was more perceptually demanding due to 

reduced discriminability between categories. Stanton and Nosofsky (2007) 
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demonstrated that, consistent with this perceptual-difficulty hypothesis, when the 

relative perceptual difficulty of the rule-based and information-integration tasks was 

reversed, the opposite result of Maddox, Ashby, et al. (2004) was obtained.  The results 

of Stanton and Nosofsky (2007) therefore show that perceptual difficulty rather than 

multiple systems account for a previously reported dissociation.   

These experimental studies have led to re-evaluation of evidence previously 

taken in support of the multiple-systems perspective.  A different tack in approaching 

this issue is to analyze extant data in novel ways (c.f. Zaki, 2004).  In one such 

investigation, Newell and Dunn (2008) conducted a state trace analysis of results 

reported by Maddox, Ashby, and Bohil (2003).  Although the behavioral data suggested 

a multiple-systems model, a state trace analysis failed to reject a single system account 

of the same data by considering a richer vocabulary of possible functional architectures, 

which goes beyond the simple dichotomy of single- vs. multiple-systems.  In essence, 

what appear to be behavioral dissociations that imply a multiple systems model can 

often in fact be produced by single-system models (Newell & Dunn, 2008; Newell, 

Dunn, & Kalish, 2011; Nosofsky & Zaki, 1999; Shanks & St. John, 1994; Van Orden, 

Pennington, & Stone, 1990). 

Of course, even though the present results suggest an alternative explanation of 

Maddox, Bohil, et al.'s (2004) observed dissociation and of Spiering and Ashby’s (2008) 

conclusions, there remains a remarkably large body of work that supports COVIS 

(Maddox & Ashby, 2004; Ashby & Maddox, 2005).  However, this large amount of 

evidence in no way precludes the critical evaluation of each individual piece of 

evidence.  The current study calls into question previous interpretations of behavioral 
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dissociations between rule-based and information-integration category learning tasks, 

and is part of a smaller but growing body of work suggesting that at least some of these 

results may be insufficient to reject a single-system perspective. We note that, given the 

extant data which has not yet been addressed by single-system theorists, it entirely 

possible that multiple-categorization systems operate in human cognition.  However, we 

also believe a high burden of proof should be placed on accepting multiple-system 

theories that are often complex and hard to falsify and should be subject to 

investigations of alternative explanations, as we have done in this article.  The body of 

work on both sides of the debate collectively sheds light on the way in which 

categorization processes interact with other relevant processes, such as perception, 

memory, and executive function.  Even while this complicates the interpretation of 

dissociation studies, it ultimately advances our understanding of categorization as 

situated in the context of other cognitive functions.  
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Footnotes 

1 Because we used Gibbs sampling, a Markov Chain Monte Carlo (MCMC) technique to 

draw samples from the posterior distribution of parameters given the data, we refer to 

this p value as pMCMC.  Specifically, it is the one minus the proportion of samples from 

the posterior distribution where the specified effect is greater than zero (or less, 

depending on the modal effect direction). 

  

2 The noise variance parameter of the decision bound models we fit can be interpreted 

in a variety of ways, including the learner's uncertainty about the percept or 

uncertainty/noise in the criterion value which defines the boundary.  Either way, it 

controls the randomness of the model responses, and in the limit as it increases 

towards infinity the behavior of any of the decision bound models approaches that of a 

random guessing model.  For a subject who truly is guessing randomly, with a 

reasonable sample size the likelihood of the decision bound models and the random 

guessing model will be essentially identical, and thus model selection with AIC (or any 

other similar method, like BIC) will come down to the number of free parameters.  If the 

random guessing model is not considered, this means that the unidimensional model, 

with two free parameters, will be chosen as the best model.  

 

3 To provide some context for these AIC values, if a particular model can predict a 

participant's responses exactly (i.e., the responses are perfectly systematic in a way 
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that can be captured by the model), then the log-likelihood of the data given that model 

will be 0 and the AIC will be equal to twice the number of parameters  The lowest AIC 

value actually observed for any participant in a given block was 15.  The upper bound 

on the AIC of the winning model in this case is the AIC of the completely random 

guessing model, which is 111.  Thus the median AIC value in the Yes-No condition was 

only slightly better than randomly guessing, suggesting that many participants were 

responding very noisily in this condition.  These results confirm the greater proportion of 

delayed learners found in this condition in the Bayesian analysis. 

 

4 As was discussed in the introduction, Maddox, Bohil, et al. (2004) hypothesized that 

the Yes-No response condition might place a greater burden on working memory, since 

subjects not only have to keep track of their response and the feedback they received, 

but the prompt as well.  They attempt to control for this by including the Yes-No prompt 

along with the feedback, which did not qualitatively change their results.  However, this 

manipulation does not address the additional steps the subject must go through to 

connect feedback, response, and prompt in order to deduce the correct category. 
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 Appendix A: Bayesian Analysis 

As described in the main text, traditional accuracy analyses do not account for 

the role of non-learners. Strategy-based analysis such as fitting decision-bound models 

is one way to address this, but these analyses depend on the range of models 

considered. An alternative is to use a more flexible descriptive model, and analyze 

accuracy using a model which allows for the possibility of non-learners. We did this 

using a logistic regression model with a learning delay which could vary across 

subjects. 

Specifically, we model the log-odds accuracy in condition j by subject i as chance 

(0.5) before onset of learning, ti, and as a linear function of delay-shifted block b−ti,  

 

 

θ i, j (b) = β j,0 + (b − ti)β j,1 

 

In fitting the model, we used mean-centered block values, in order to remove 

correlation between the estimated slope and intercepts. Log-odds are converted to 

accuracy via the logistic function. The parameters of the model are the condition-

specific regression coefficients (intercept 

 

β j ,0  and slope 

 

β j ,1) and the subject-specific 

learning delays ti. The regression coefficients are given very weak Normal priors with 

mean 0 and variance 1000 (much larger than the scale of the coefficients, since a 

change in log-odds from 0 to 1 corresponds to a change of percentage from 50% to 

73%). The delays ti are given a uniform prior from 0 (no delay in learning) to 5 (the 

number of blocks, plus one). Any delay over 4 means the subject shows no learning, 

and so this prior on delay corresponds to a prior probability of being a non-learner of 

20%, the same as the prior probability of learning beginning in any given block. We 



Multiple systems or task complexity  44 

used a binomial likelihood distribution on the number of correct and total responses for 

each subject and block. This takes into account the inherent uncertainty in the 

underlying accuracy given observed counts of correct responses. 

The technical details of Bayesian models are beyond the scope of this paper, 

and there are many good introductions (e.g., Kruschke 2012), so we give only a brief 

overview of our methods.  We fit this model via Gibbs sampling, a Markov Chain Monte 

Carlo (MCMC) technique which approximates the full, joint distribution over parameters 

given the data by drawing a series of samples from the conditional distribution of each 

individual parameter, assuming all other parameters and data are fixed. We used the 

freely-available JAGS software package (Plummer, 2003) to perform Gibbs sampling, 

drawing 5000 samples from each of three chains after 5000 burn-in samples (to remove 

any influence of random starting point), and thinned the chains to 1000 samples in order 

to ensure reasonably independent samples. We checked for convergence using the 

Rhat statistic (Gelman & Rubin, 1992), which measures the degree to which the chains 

end up in the same region of parameter space, despite their random starting points. For 

all parameters, the value of Rhat was less than 1.1 indicating good convergence. 

Figure A1 shows the posterior distribution over learning curve slopes and 

intercepts, and subject learning delays, and Figure A2 shows the corresponding 

posterior predictive distribution (the distribution of accuracy expected of a new, non-

delayed learner given the available data, calculated on the basis of the posterior 

parameter samples).  A few aspects of these posterior distributions are notable.  First, 

the distributions for AB and Yes-No-Extra conditions are clearly highly similar, while the 

Yes-No condition stands out.  Second, the parameter estimates clearly reflect the 
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ambiguity between non-learning and low/slow learning: the variance of the estimates of 

the slope in the Yes-No condition is slightly larger, and possibly bimodal (notice the 

slight "shoulder" on the lower flank of both distributions, Figure A1, left-middle).  Finally, 

the posterior distribution over delays shows some "spikiness", which results from the 

fact that accuracy jumps after the delay from chance to the start of the learning curve, 

which in all conditions is substantially greater than chance (generally 65% or higher, see 

Figure A2).  

Specifying and fitting the model to the data are only the first steps of a Bayesian 

analysis. Once the distribution of model parameters which are credible given the data is 

obtained, they must be interpreted in the context of the experimentally relevant 

hypotheses. For instance, we might wonder whether two conditions differ in terms of 

learning curve slope or intercept. In order to test this, we can use the samples drawn 

from the posterior distribution over parameters to estimate the posterior distribution over 

the difference between two of these parameters (Kruschke, 2012). In the text we report 

two summaries of these distributions. The first, the Highest Posterior Interval (HPI), is 

the range of the parameter (or difference, etc.) which covers 95% of the posterior 

probability. This is superficially similar to a classical confidence interval, but unlike a 

classical confidence interval, we can truly say that, given our data and the assumptions 

of the model, there is a 95% probability that the parameter/effect lies in this interval 

(Kruschke, 2012). Because we are using MCMC method to fit the model, the HPI was 

constructed by finding the smallest interval containing 95% of the sampled parameter 

values.  Difference HPIs were constructed in the same way, but based on the difference 

between pairs of parameters calculated from each sample. 
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The second summary of the posterior distribution is the probability that the 

parameter (or difference, etc.) lies to one side of zero, which we denote pMCMC. This is a 

measure of the confidence in the sign of an effect, and is superficially similar to a 

classical p value, but, again, it reflects an actual probability that a statement about the 

model parameters given the data is true. For the sake of clarity, we report the probability 

that the sign of the mean value is wrong, which approaches zero as the confidence in 

the sign increases, much like a classical p value goes to zero for strong effects.  Like 

the HPI, this too was calculated using the MCMC sample of parameter values (or 

differences between parameter values), by calculating the proportion of 

samples/differences less than zero. 

 

 

Figure A1: Posterior distributions over model parameters (from 3000 MCMC samples).  

Left: Learning curve slopes (increase in log-odds of correct response after one block of 

learning).  Middle: Learning curve intercepts (log-odds of correct response at block b = 

2.5, or, equivalently average log-odds of correct response for non-delayed learner). 
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Log-odds of 1 corresponds to 73%. Right: Subject-specific learning delays, collapsed 

across subjects in each condition. 

 

 

Figure A2: HPIs of  the posterior predictive distribution over learning curves in each 

condition of Experiment 1 (shaded areas), which is the probability distribution over 

learning curves expected for a new (non-delayed) subject in each condition.  Each 

condition is shown with average accuracy of non-delayed learners (delay < 1) in that 

condition. 

 

 

Figure A3: Posterior distributions over model parameters for Experiment 2, the 

biconditional task.  Note the substantially decreased intercept (overall accuracy) and 

substantially increased delays in the Yes-No condition. 
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Figure A4: Posterior predictive distributions for Experiment 2 (the biconditional task), 

with data from subjects who show no delay in learning.  Note that the predicted learning 

curve in the AB condition overshoots the actual accuracy of subjects who show no 

delay.  This illustrates the role that subjects whose learning is delayed but nevertheless 

reach a high degree of accuracy play in the average accuracy curves in the AB 

condition. 
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Appendix B: Decision-Bound Model Analysis 

As in previous work comparing UD and II tasks, we fit a variety of decision bound 

models in order to investigate the strategies that subjects use to perform these 

categorization tasks. We follow the approach of Maddox et al. (2004), with two 

exceptions: we included a random guessing model, and we did not fit the non-

parametric SPC model (because it was applied only to a conjunctive task which we did 

not investigate here). 

The first two models are consistent with rule-based strategies, where decisions 

are made on each dimension and if any integration is required it is done post-

decisionally. The unidimensional model has a single decision bound on one dimension. 

This model has two parameters (decision bound location and perception noise 

variance). We fit both horizontal and vertical decision bounds. The conjunctive model 

has two decision bounds, one on each dimension, and assigns one corner of perceptual 

space to one category and the rest to the other. This model is generally considered to 

have three parameters: two boundary locations and one noise variance. We fit four 

versions of this model, one for each quadrant. 

The information integration model we fit is the General Linear Classifier (GLC), 

which partitions the stimulus space using a single, diagonal decision bound. This model 

has three parameters: slope and intercept of the boundary, and noise variance. The 

GLC contains the unidimensional model as a special case. 

The final model we fit is a random guessing model, which only has a single 

parameter, the probability of guessing ‘A’, which allows for bias towards one category. 
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For the second experiment, we fit three additional models, all of which divide the 

stimulus space into more than two regions. First, we fit a biconditional or disjunctive 

rule-based model, which divides the stimulus space into four corners with a decision 

boundary on each dimension, and labels opposite corners as the same category. This 

model has three parameters: the locations of the two boundaries, and the response 

noise parameter, and can achieve perfect accuracy on this task. 

Second, we fit an information-integration model which has two parallel decision 

boundaries, and assigns the region between them to one category and the two outer 

regions to the other. This model has four parameters: the shared slope of the 

boundaries, the two boundary intercepts, and the noise variance.  This model can 

achieve very high accuracy (above 95%), but not perfect accuracy.  Third, we also fit a 

unidimensional rule-based version of this model, where the two parallel boundaries 

were constrained to be orthogonal to one of the stimulus dimensions, which has three 

parameters (since the angle is constrained). Since very few participants’ blocks were 

classified as using such a strategy (fewer than 7% overall, and fewer than 5% in the 

final two blocks) these were grouped with participants using one of single-boundary 

unidimensional models in the results below. 

Models were fit to each subject’s data, block-by-block, using Maximum Likelihood 

estimation of parameters. We used Akaike’s Information Criterion (AIC; Akaike, 1974) to 

compare models, which penalizes models for free parameters, preferring the simplest of 

a set of models fitting the data equally well. AIC is calculated based on the number of 

free parameters r and likelihood L as AIC=2r−2logL; smaller AIC values indicate a better 

and/or more parsimonious fit. 
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Figure B1: Proportion of participants in each block and condition best fit by each type of 

model in Experiment 1. For each block, bars correspond, from left to right/darkest to 

lightest, to the guessing model, the unidimensional model, the conjunctive model, and 

the GLC (diagonal) model.   
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Figure B2: Proportion of participants best fit by each model in each block (including 

when both the third and fourth blocks are fit together) in the AB and Yes-No conditions 

in Experiment 2.  In each block, from left to right/darkest to lightest, are the proportion of 

subjects classified as using the guessing, unidimensional rule-based, single-diagonal 

information-integration, conjunctive rule-based, disjunctive rule-based, and two-parallel-

diagonal information-integration strategies. 
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Table B1: Percent model use in final block by condition in Experiment 1.   
 

Category Structure Condition Guess UD CJ GLC 

Information-integration AB 5 33 10 52 

 Yes-No 32 21 16 32 

 Yes-No-Extra 21 16 11 53 

Unidimensional  AB 15 45 20 20 

 Yes-No 25 40 0 35 

 Yes-No-Extra 11 50 22 17 

 

Note: Guess= random guessing model, UD=unidimensional rule-based model, CJ= 

conjunctive rule-based, and GLC=diagonal model. 
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Table B2: Percentage of subjects in each condition best fit by each model in Experiment 

2, blocks three and four fit separately and together. 

        

Condition Block Guess UD GLC CJ Disj 2-Diag 

ab 3 9 18 0 0 58 15 

ab 4 12 18 0 0 55 15 

ab 3+4 15 9 0 0 58 18 

yn 3 42 12 0 0 24 21 

yn 4 24 12 0 6 21 36 

yn 3+4 21 6 0 0 36 36 

 

 

Note: Guess=random-guessing model, UD=unidimensional rule-based model, 

CJ=conjunctive rule-based model, Disj=optimal disjunctive rule-based model, and 2-

Diag= 2-diagonal model.  
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Table 1.  Parameters of bivariate normal distributions of the Gabor patch stimuli in 

Experiment 1. 

 

 Category µ_1 µ_2 σ_1^2 σ_2^2 covariance 

UD A 278.7 125.5 75.26 9307 -123.8 

 B 320.6 121.9 87.6 9633     -5.546 

II A 217.0 154.3 4567 4816 4587 

 B 326.5 94.11 4738 4799 4301 

 

 

Note: Each pair of parameters sampled from the bivariate normal distributions above 

was converted to a Gabor patch by deriving the frequency 5025.0 1xf +=  and 

orientation 600π  in radians.  The covariance between spatial frequency and orientation 

in the unidimensional task is non-zero because we estimated them from the actual 

stimulus values used in Maddox, Bohil, et al. (2004) (which were graciously provided by 

the authors).  These variances/covariances were somewhat different from those 

reported by Maddox, Bohil, et al. (2004), and so we report the sample covariance here. 
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Table 2.  Parameters of bivariate normal distributions used to generate the biconditional 

rule based structure in Experiment 2.   

 

 Category µ_L µ_A σ_L^2 σ_A^2 covariance 

 A1 310 190 180 160 0 

 A2 390 110 180 160 0 

 B1 310 110 180 160 0 

 B2 390 190 180 160 0 

 

Note: µ_L= mean length, µ_A=mean angle, σ_L^2=variance length and σ_A^2=variance 

angle.  Line length was measured in pixels and angle values were multiplied by a scale 

factor of . 600π
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Figure Captions 

 

Figure 1. Category structures used in Experiment 1.  Top panel: unidimensional 

rule-based category structure.  Bottom panel: information-integration category structure.  

Each circle represents a stimulus in the experiment with a particular orientation and 

frequency.  The dotted lines represent the optimal decision bound.  

Figure 2. Results of Experiment 1. Left panel: Observed probability correct for 

participants in the four Maddox, Bohil, et al. (2004) replication conditions as a function 

of the number of training blocks.  Right panel: Observed probability correct for the 

participants in the critical Yes-No condition in which extra feedback is added. Error bars 

represent ± 1SEM. 

Figure 3. Biconditional rule-based category structure used in Experiment 2.  Each 

circle represents a line stimulus in the experiment with a particular angle and length.  

The dotted lines represent the optimal decision bound.  

Figure 4. Observed probability correct for participants in the Experiment 2 as a 

function of the number of training block.  Error bars represent ± 1SEM. 
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	Abstract
	Bayesian analysis of accuracy and learner-rates.  In the above analyses, following Maddox, Bohil, et al. (2004), we included all subjects, regardless of whether they showed any learning at all.  This is potentially problematic, in part because the pre...


