
Copyright 2006 Psychonomic Society, Inc.	 1176

Journal
2006, ?? (?), ???-???

Human beings constantly combine information from 
different sensory modalities to guide their behavior. For 
example, when searching for a crying baby, a mother must 
rely on both audio and visual information and combine 
this information to locate the child. We refer to these types 
of problems as perceptual categorization problems, be-
cause humans must categorize their (noisy) percepts onto 
unique states of the environment to guide their behavior.

A large body of research has been devoted to the study 
of perceptual categorization across several modalities. A 
significant amount of work has focused on highly learned 
categories in visual object categorization (Goldstone, 
1998; Lamberts, 2002; Newell & Bülthoff, 2002; Stankie-
wicz, 2002), auditory speech perception (Diehl & Kluender, 
1987; Maddox, Molis, & Diehl, 2002; Nearey, 1997), olfac-
tion (Ennis & Mullen, 1985), and tactile sensation (Klatzky 
& Lederman, 1995). Some work has also been devoted to 
understanding how information is integrated across mo-
dalities. One area that has been of special interest is speech 
perception by eye and ear (Massaro, 1987, 1998).

All of this work has focused on the nature of highly 
learned categories. In contrast, this report is about the per-
ceptual categorization of novel, artificial categories and 
focuses on how these categories are learned. Category 
learning has been studied extensively, but in nearly all 

cases, the stimulus dimensions are processed within the 
same sensory modality (e.g., vision, Medin & Schaffer, 
1978, and Estes, 1994; audition, Grau & Kemler Nelson, 
1988; tactile, Klatzky, Lederman, & Reed, 1987, and 
Reed, Lederman, & Klatzky, 1990).

This study has four goals. The first goal is to extend re-
search on category learning to situations in which stimuli 
are defined by information from different sensory mo-
dalities. Here, we focus on information from visual and 
auditory modalities and refer to these types of categoriza-
tion conditions as across-modality conditions. The second 
goal is to compare across-modality category learning with 
within-modality category learning for both auditory and 
visual modalities. The third goal is to explore how within- 
and across-modality category learning interacts with the 
type of categorization problem: information integration 
or rule based (defined shortly). Finally, we relate the re-
sults to the predictions made by a neurobiological model 
of visual category learning called the competition be-
tween verbal and implicit systems model (COVIS; Ashby, 
Alfonso-Reese, Turken, & Waldron, 1998), which we have 
extended to the auditory and audiovisual domains.

In the next (second) section, we will introduce the in-
formation integration and rule-based category-learning 
tasks used in the present report. In addition, we will de-
scribe COVIS and briefly review the empirical evidence 
in support of COVIS. In the third section, we will extend 
COVIS to the auditory and across-modality domains and 
derive predictions from the extended model regarding in-
formation integration and rule-based category learning. 
We then will turn to the results from two experiments and 
conclude with some general remarks.

Category Structures and COVIS
In an information integration categorization problem, 

the optimal decision rule requires a predecisional com-
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bination of the perceptual information (Ashby & Gott, 
1988; Maddox & Ashby, 2004). For example, consider 
the scatterplot displayed in Figure 1A. Each point in the 
scatterplot denotes a stimulus with a unique value along 
dimensions x and y. The filled squares denote stimuli from 
Category A, and the open circles denote stimuli from Cat-
egory B. Suppose that dimension x is the spatial frequency 
of a sine wave grating and dimension y is the spatial orien-
tation of the grating. The broken line denotes the optimal 
decision bound. It has no verbal or rule-based analogue, 
because frequency and orientation are measured in very 
different units. Although one can certainly state the rule 
as “respond A if the spatial orientation is greater than the 

spatial frequency; otherwise, respond B,” it is unclear how 
to interpret the term “greater than,” since the dimensional 
values are measured in different units; so this type of deci-
sion rule makes no sense to naive participants.

The second type of category-learning problem is re-
ferred to as a rule-based category-learning problem. Be-
cause our interest is in participants’ ability to combine 
information across dimensions during category learn-
ing, we focus on a two-dimensional rule-based category-
learning problem that involves a disjunctive rule. In this 
problem, the participant must perform a postdecisional 
combination of information. A postdecisional combina-
tion requires that a separate decision first be made about 

Figure 1. Scatterplots of the stimuli, along with the optimal decision 
bound from the (A) information integration and (B) disjunctive rule-
based conditions. Filled squares denote stimuli from Category A. Open 
circles denote stimuli from Category B.
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the level along each dimension and that these decisions 
be combined to determine a response. For example, in 
Figure 1B, the optimal decision rule requires the partici-
pant to determine whether dimension x is low or high, to 
determine whether dimension y is low or high, and then to 
combine those decisions to generate a response. Assum-
ing, again, that the dimensions are spatial frequency and 
spatial orientation, the optimal bounds require the par-
ticipant to use the following disjunctive rule: “Respond A 
if the spatial frequency is low and the spatial orientation 
is high or if the spatial frequency is high and the spatial 
orientation is low; otherwise, respond B.” Note that this 
decision requires an overt, verbalizable rule that relies 
on separate categorization decisions for each dimension. 
Such a rule-based decision stands in stark contrast to the 
type of decision bound shown in Figure 1A.

Ashby et al.’s (1998) neurobiologically based multiple-
system model of visual category learning, COVIS, pos-
tulates two systems that compete throughout learning. 
COVIS assumes that information integration category 
learning is dominated by an implicit, procedural-learning-
based system that depends on a reward signal to strengthen 
the appropriate (stimulus–category) associations (Ashby 
et al., 1998; Ashby & Ell, 2001). With visual stimuli, the 
procedural-learning system is mediated largely within the 
tail of the caudate nucleus. High-level visual areas, such 
as the inferotemporal cortex, project directly to the tail 
of the caudate nucleus, with about 10,000 visual cortical 
synapses converging onto each medium spiny cell in the 
caudate (Van Hoesen, Yeterian, & Lavizzo-Mourey, 1981; 
Webster, Bachevalier, & Ungerleider, 1993; Wilson, 1995). 
These medium spiny cells then project to the prefrontal and 
premotor cortex (via the globus pallidus and thalamus; 
see, e.g., Alexander, DeLong, & Strick, 1986). Ashby and 
Waldron (1999) hypothesized that through a procedural-
learning process, each unit in the tail of the caudate learns 
to associate a category label or behavioral response to activ-
ity in a large group of visual cortical cells that project onto 
that unit. It is important to understand that the projections 
from the visual cortex into the caudate nucleus are critical 
for learning in the procedural-based system and are local-
ized in the tail. Recent fMRI results in humans support this 
claim (Aron et al., 2004; Seger & Cincotta, 2005).

COVIS also assumes that a different subsystem is 
involved in rule-based learning: an explicit hypothesis-
testing system that involves working memory and execu-
tive attention. This system is mediated by a circuit that 
includes the anterior cingulate, the prefrontal cortex, and 
the head of the caudate nucleus. High-level visual repre-
sentations (such as verbal–perceptual codes formed in the 
inferotemporal cortex) project into the prefrontal cortex 
and the head of the caudate nucleus and are thought to 
involve excitatory loops that travel through the thalamus, 
high-level perceptual cortices such as the inferotemporal 
cortex, and the prefrontal cortex (Alexander et al., 1986; 
Goldman-Rakic, 1995). COVIS claims that the anterior 
cingulate and the head of the caudate nucleus are instru-
mental in gating the inhibition of these loops.

Focusing exclusively on visually presented stimulus 
dimensions (e.g., the spatial frequency and spatial ori-
entation of a sine wave grating), Ashby, Maddox, and 
colleagues have examined information integration and 
rule-based category learning to test a number of specific 
predictions made by COVIS (for a review, see Ashby & 
Maddox, 2005; Maddox & Ashby, 2004). One prediction 
is that the rule-based category-learning system is under 
conscious control and uses the resources of working mem-
ory and executive attention. As a result, the placement and 
timing of a feedback signal is unimportant in rule-based 
tasks, because relevant information can be kept alive by 
working memory, but only when working memory re-
sources are available. In contrast, the procedural-learning-
based system does not have access to working memory, 
and although it may be strongly affected by the timing of 
a feedback signal, it is relatively unaffected by the avail-
ability of working memory resources.

To test the prediction that only information integration, 
but not rule-based, learning should show specific deficits, 
Ashby, Maddox, and Bohil (2002) compared rule-based 
and information integration category learning across an 
observational training condition (in which the participants 
were informed before stimulus presentation of what cat-
egory the ensuing stimulus was from) and a traditional 
feedback training condition (in which the category label 
followed the response). In a related study, Maddox, Ashby, 
and Bohil (2003; see also Maddox & Ing, 2005) compared 
rule-based and information integration category learning 
across an immediate feedback condition (in which cor-
rective feedback was provided immediately following the 
response) and a delayed feedback condition (in which cor-
rective feedback was delayed by 2.5, 5, or 10 sec following 
the response). In line with predictions from COVIS, ob-
servational training and delayed feedback negatively im-
pacted information integration category learning but had 
little effect on rule-based category learning. Experimen-
tal manipulations known to affect performance in classic 
procedural-learning paradigms, such as the serial reaction 
time task, have also been found to affect information in-
tegration, but not rule-based, category learning. For ex-
ample, Ashby, Ell, and Waldron (2003; see also Maddox, 
Bohil, & Ing, 2004) found that a switch of the category 
button response locations affected information integra-
tion, but not rule-based, category learning.

Analogously, experimental manipulations that increase 
working memory load affected rule-based, but not infor-
mation integration, category learning. For example, when 
a working-memory-demanding task was completed si-
multaneously with categorization or immediately follow-
ing presentation of the categorization feedback, only rule-
based category learning was affected (Maddox, Ashby, Ing, 
& Pickering, 2004; Waldron & Ashby, 2001; Zeithamova 
& Maddox, 2006). This collection of studies, along with a 
number of studies in which brain-damaged patients were 
used (for a review, see Ashby & Maddox, 2005; Maddox 
& Filoteo, 2005), provides strong support for the neuro-
biological underpinnings proposed in COVIS.



STIMULUS MODALITY AND PERCEPTUAL CATEGORY LEARNING        1179

Extending COVIS to Auditory and Cross-Modal 
Perceptual Category Learning

COVIS was originally proposed as a neurobiological 
model of visual category learning. In this section, we will 
extend COVIS into the domains of auditory and audiovi-
sual information.

Extension of the procedural-learning-based sys-
tem. COVIS assumes that efferent cortical projections 
from the visual cortex to the tail of the caudate nucleus 
(Van Hoesen et al., 1981; Webster et al., 1993; Wilson, 
1995) onward to the prefrontal and premotor cortex via 
the globus pallidus and thalamus (Alexander et al., 1986) 
form the basis of procedural category learning of visual 
stimuli.

To extend COVIS’s procedural-learning system, we 
need to examine the nature of the projections from the au-
ditory cortex to the caudate nucleus and the nature of any 
audiovisual overlap. There have been more examinations 
of visual projections (e.g., Van Hoesen et al., 1981; Web-
ster et al., 1993) than of auditory ones, but a general pic-
ture has been painted. First, the primary auditory cortex 
has limited direct connectivity with the caudate nucleus 
(Yeterian & Pandya, 1998). A similar paucity of connec-
tivity holds between the primary visual cortex and the cau-
date (Kemp & Powell, 1970). Second, secondary auditory 
cortical areas do project to the caudate nucleus (Arnauld, 
Jeantet, Arsaut, & Demotes-Mainard, 1996; Hikosaka, 
Sakamoto, & Usui, 1989; Selemon & Goldman-Rakic, 
1985; Yeterian & Pandya, 1998). However, unlike the lo-
calized nature of secondary visual cortical projections to 
the tail of the caudate nucleus, projections from secondary 
auditory areas to the caudate are more diffuse, projecting 
to the head, body, and tail (Arnauld et al., 1996; Yeterian 
& Pandya, 1998). For example, secondary auditory areas 
in the supratemporal plane project to the body but also to 
the tail of the caudate nucleus (Yeterian & Pandya, 1998). 
In addition, secondary auditory areas in the superior tem-
poral gyrus also project to the body of the caudate but have 
projections to the head of the caudate as well (Selemon & 
Goldman-Rakic, 1985; Yeterian & Pandya, 1998). Third, 
there is some evidence for multisensory processing areas 
within the caudate (Chudler, Sugiyama, & Dong, 1995). 
In addition, the fact that at least some auditory projection 
areas project to the tail of the caudate suggests that there 
is likely some audiovisual overlap there.

It is important to recognize that not enough research 
has been conducted to describe fully the nature of audi-
tory projections to the caudate and that more work on this 
topic is desirable. Even so, two points can be made. First, 
it seems clear that auditory projections to the caudate are 
more diffuse than are visual ones. Auditory projections to 
the body of the caudate appear to dominate, but projec-
tions to the head and tail also exist. On the other hand, 
visual projections are more focal and are confined to the 
tail of the caudate. Second, although some units in the 
caudate process audio and visual information, it is more 
common for the information to be segregated.

These two facts, along with the fact that only about 5% 
of the cells in the caudate are interneurons (Wilson, 1995), 

lead to one strong and one weaker prediction with respect 
to the procedural category-learning system. First, these 
facts lead to the strong prediction that within-modality in-
formation integration category learning should be easier 
than across-modality information integration category 
learning, because information is usually segregated by 
modality. If many cells in the caudate were interneurons, 
it would be possible that across-modality information in-
tegration category learning could be as good as (or even 
better than) within-modality information integration 
category learning. However, this would require there to 
be more interneurons connecting across-modality than 
within-modality caudate cells. With only 5% of the cau-
date being devoted to interneurons, this is simply not the 
case. Second, these facts lead to the weaker prediction that 
visual information integration should be better than audi-
tory information integration. This prediction is weaker, 
because it is possible that the auditory features relevant to 
a specific information integration category-learning prob-
lem might be fairly segregated (say, within the body of the 
caudate). In addition, even if we were to find poorer audi-
tory information integration category learning, it could be 
due to the fact that more of the sensory cortex is devoted 
to visual than to auditory processing. Regardless, the criti-
cal prediction is that within-modality auditory and visual 
information integration category learning should be supe-
rior to across-modality information integration category 
learning, and this is predicted directly from the architec-
ture of the caudate nucleus.

Extension of the hypothesis-testing system. For vi-
sual stimuli, COVIS assumes that projections from higher 
perceptual cortices (e.g., the inferotemporal cortex) res-
onate with the prefrontal–thalamic loops to which they 
are connected (Alexander et al., 1986; Goldman-Rakic, 
1995). This resonation is gated by the anterior cingulate 
and the head of the caudate to form the basis of category 
learning by hypothesis testing. This process is mediated 
by a visually deictic code that arises because cells in the 
inferotemporal cortex stand for visual meanings, such as 
narrow, wide, steep, and shallow. The hypothesis-testing 
system simply learns the relations between deictic sym-
bols that predict category membership.

Extending COVIS’s hypothesis-testing system into the 
domain of auditory processing is straightforward. Audi-
tory information is sent from the auditory cortex to the 
prefrontal cortex (Goldman-Rakic, 1995) and the caudate 
nucleus (e.g., Nenadic et al., 2003), and these connections 
resonate to form the basis of an auditory deictic code. The 
auditory code contains symbols, such as high pitch and low 
pitch, and just like the visual code, it interfaces with the 
hypothesis-testing system via resonating loops. Thus, the 
simplest prediction is that there will be no difference in rule-
based processing for within- and across-modality stimulus 
dimensions, since verbal codes are operated upon. On the 
other hand, it is possible that hypothesis testing will be eas-
ier for across-modality stimuli than for within-modality 
stimuli, because the across-modality stimulus dimen-
sions are highly separable (Garner, 1974; Maddox, 1992; 
Shepard, 1957). Briefly, separable dimensions are thought 
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to be easy to process separately, whereas integral dimen-
sions are thought to be difficult to process separately. 
Although integrality–separability is currently thought to 
represent a continuum and not a dichotomy, in general, 
stimulus dimensions processed by different modalities fall 
more toward the separable than toward the integral end 
of the continuum (however, see work on synesthetically 
related cross-modal dimensions; Melara, 1989).

EXPERIMENT 1  
Within- and Across-Modality Information 

Integration Category Learning

The goal of Experiment 1 was to examine information 
integration category learning when the stimulus dimen-
sions were from the same or different modalities. Three 
experimental conditions were examined. These included a 
within-modality visual condition, a within-modality audi-
tory condition, and an across-modality visual/­auditory con-
dition. In the within-modality visual condition, the stimuli 
were Gabor patches that varied across trials in spatial 
frequency and spatial orientation. In the within-modality 
auditory condition, the stimuli were auditory tones that 
varied in auditory frequency and auditory duration. In the 
across-modality condition, the stimuli were Gabor patches 
that varied across trials in spatial frequency (with spatial 
orientation fixed) and auditory frequency.

We used the randomization technique originally pro-
posed by Ashby and Gott (1988). In the randomization 
technique, each category is represented by a normal dis-
tribution. In the present study, there are two categories, 
with each distribution being bivariate normally distributed 
because the stimuli are 2-D. The optimal decision bound 
can also be defined and, importantly, can be constructed 
in such a way that an information integration strategy is 
optimal (i.e., maximizes accuracy). Each category ex-
emplar is generated by taking a random sample from the 
relevant bivariate normal distribution and constructing 
the associated stimulus. Because of the 2-D nature of 
the stimuli, each stimulus can be represented by a point 
in a 2-D stimulus space. The collection of stimuli used 
in a particular experimental condition can be displayed 
in a 2-D scatterplot. Scatterplots of the stimuli and op-
timal decision bound in arbitrary units can be found in 
Figure 1A. The category distribution parameters can be 
found in Table 1. The transformations from arbitrary units 
to visual and auditory dimension units will be provided in 
the Method section below.

As was outlined above, we predicted that information 
integration would be harder across modalities than within 
modality, because information is largely segregated by 
modality in the caudate nucleus. Using a model-based 
analysis technique (Ashby & Maddox, 1993; Maddox & 
Ashby, 1993), we also tested a hypothesis, suggested by 
other work (see Maddox & Ashby, 2004, for details), that 
the hypothesis-testing system would dominate behavior 
when the procedural-learning-based system performed 
poorly. To anticipate, both predictions were supported by 
the data.

Method
Participants and Design. Eighty-four participants were solic-

ited from the University of Texas community and received course 
credit or $6 payment for participation. Each participant received a $1 
bonus for accuracy exceeding 65% during the first half of the study 
(320 trials) and another $1 bonus for accuracy exceeding 70% during 
the last half of the study. Thirty participated in the within-modality-
visual condition, 26 participated in the within-modality-auditory 
condition, and 28 participated in the across-modality condition.

Stimuli and Stimulus Generation. In the within-modality-
visual condition, the relevant dimensions were the spatial frequency 
and spatial orientation of a 200 3 200 square-pixel Gabor patch 
viewed from a distance of approximately one arm’s length on a 21-in. 
monitor with 1,360 3 1,024 resolution. The stimulus was presented 
for 1,000 msec. The arbitrary stimulus coordinates were converted 
to physical units, using the following transformations. Spatial fre-
quency (in cycles/pixel) was converted using f (x) 5 0.08x 1 0.02. 
Spatial orientation (in radians) was converted using f (x) 5 πx/2. 
In the within-modality auditory condition, the relevant dimensions 
were the auditory frequency and duration of a narrowband white 
noise stimulus consisting of 50 independent sine waves that were 
randomly selected from a Gaussian distribution with a mean indi-
cated by the arbitrary stimulus coordinate, x, and a standard devia-
tion of 25 mel units. The mel (Stevens & Volkman, 1940) is a unit of 
pitch that is a function of frequency (in hertz) as defined by f (x) 5 
700 [exp (x/1,127) 2 1]. The durations were converted to seconds by 
the transform f (x) 5 2 (0.1 1 10x21). In the across-modality condi-
tion, the relevant dimensions were the spatial frequency of a Gabor 
patch (with orientation fixed at 45º) and the auditory frequency of 
the narrowband white noise stimulus described above (with duration 
fixed at 1,000 msec). When an auditory dimension was present, the 
participant listened to the stimuli, using high-quality commercial 
headphones that surround the pinna of each ear. In all the condi-
tions, each experimental session consisted of the presentation of 
eight, 80-trial blocks of trials. Each block contained 40 stimuli from 
Category A and 40 stimuli from Category B in random order.

Procedure. The participants were informed that there were two 
equally likely categories. They were told to emphasize accuracy over 
speed of responding. After viewing or hearing the stimulus on each 
trial, the participant pressed either an A or a B button to denote their 
categorization response; 750 msec of corrective feedback followed, 
consisting of the word “correct” or “wrong” alongside information 
about the correct category label.

Accuracy Results
A modality condition (within-modality visual, within-

modality auditory, or across modalities) 3 block (eight 
80-trial blocks) mixed design ANOVA was conducted on 
the accuracy rates. The accuracy rates, averaged across 
participants, are presented in Figure 2. The main effects 
of modality condition [F(2,81) 5 11.64, MSe 5 0.047, 
p , .001] and block [F(7,756) 5 24.89, MSe 5 0.004, 
p , .001] and the interaction [F(14,567) 5 2.06, MSe 5 
0.004, p , .05] were significant. To examine the locus of 
the interaction, we examined the effect of modality con-
dition separately for each block. The effect of modality 
condition was significant in all but the first block of trials 

Table 1 
Category Distribution Parameters From the  

Information Integration Experiment

Category  mx  my  σx  σy  covxy

A .418 .578 .188 .188 .035
B  .578  .418  .188  .188  .035
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[F(2,81) 5 0.267, MSe 5 0.006, p 5 .08; F(2,81) 5 4.41, 
MSe 5 0.009, p , .05; F(2,81) 5 5.93, MSe 5 0.010, p , 
.01; F(2,81) 5 6.17, MSe 5 0.010, p , .01; F(2,81) 5 
14.23, MSe 5 0.009, p , .001; F(2,81) 5 5.72, MSe 5 
0.010, p , .01; F(2,81) 5 11.99, MSe 5 0.011, p , .001; 
and F(2,81) 5 11.04, MSe 5 0.010, p , .001, for Blocks 
1–8, respectively]. The locus of the modality condition 
effect was different for the early blocks (2–4) than for the 
later blocks (5–8). During Blocks 2–4, performance was 
significantly better in the within-modality visual condi-
tion than in the across-modality condition (all ps , .05) 
and did not differ from that in the within-modality audi-
tory condition (all ps . .10). However, performance in 
the within-modality auditory condition was not statisti-
cally superior to that in the across-modality condition (all 
ps . .05). In each of Blocks 5–8, performance was sig-
nificantly better in the within-modality visual condition 
than in the across-modality condition (all ps , .05), per-
formance was significantly better in the within-modality 
auditory condition than in the across-modality condition 
(all ps , .05), and performance did not differ between 
the two within-modality conditions (all ps . .10). Aver-
aged across Blocks 5–8, the observed proportions cor-
rect were .70, .67 and .59 in the within-modality visual, 
within-modality auditory, and across-modality conditions, 
respectively.1

These results support the prediction generated from 
the extended version of COVIS that information integra-
tion is easier for within-modality stimuli than for across-
modality stimuli. Interestingly, the prediction held across 
early and late training when the within-modality visual 
condition was compared with the across-modality condi-
tion but held only in the latter half of learning when the 
within-modality auditory condition was compared with 
the across-modality condition. In addition, although never 
statistically significant, within-modality auditory perfor-
mance was consistently worse than within-modality visual 
performance.

Theoretical Analysis and Modeling Results
Accuracy-based analyses provide important informa-

tion regarding overall performance, but they tell us little 
about the types of strategies participants might use to solve 
these tasks. Model-based analyses can reveal patterns ob-
scured by averaging (Ashby, Maddox, & Lee, 1994; Estes, 
1956; Estes & Maddox, 2005; Maddox, 1999; J. D. Smith 
& Minda, 1998) and shed light on the strategies that par-
ticipants use. Therefore, a number of different decision 
bound models (Ashby, 1992a; Maddox & Ashby, 1993) 
were fit to the data separately by condition and participant. 
Because the effects of modality increased with training, 
we focused the model-based analyses on the final block of 
trials. The model parameters were estimated using maxi-
mum likelihood (Ashby, 1992b; Wickens, 1982), and the 
goodness-of-fit statistic was

AIC 5 2r 2 2 ln L,

where r is the number of free parameters and L is the like-
lihood of the model, given the data (Akaike, 1974; Takane 
& Shibayama, 1992). The AIC statistic penalizes a model 
for extra free parameters in such a way that the smaller the 
AIC, the closer a model is to the “true model,” regardless 
of the number of free parameters (for a discussion of the 
complexities of model comparisons, see Myung, 2000; 
Pitt, Myung, & Zhang, 2002). 

Two different classes of decision bound models were 
fit to each participant’s responses (see Ashby, 1992a, and 
Maddox & Ashby, 1993, for a more formal treatment of 
these models, and Maddox & Ashby, 2004, for a review 
of similar applications). One type is compatible with the 
assumption that the participants used an implicit informa-
tion integration (procedural-learning-based) strategy, and 
one type assumes an explicit hypothesis-testing strategy.

Procedural-learning-based models. Three procedural-
learning-based models were applied to the data. The opti-
mal model assumes that the participant used the optimal 
decision bound (see Figure 1A) and contains the single 

Figure 2. Proportion correct (averaged across participants) from the informa-
tion integration experiment, along with standard error bars. Solid lines denote 
the within-modality visual (WM-V) and within-modality auditory (WM‑A) 
conditions. The broken line denotes the across-modality (AM) condition.
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noise parameter σ2. The general linear classifier (GLC) 
assumes that the participant used a linear decision bound 
but allows the linear bound to differ from the optimal. The 
GLC has three parameters (i.e., the slope and intercept of 
the linear bound and σ2). The piecewise bilinear classifier 
assumes that the participant constructs two linear decision 
bounds to separate the A and B categories. The model has 
five free parameters (two slopes, two intercepts, and one 
noise variance). This model has been found to provide a 
good computational model of the participants’ response 
regions in previous information integration category-
learning studies (e.g., Ashby & Waldron, 1999; Waldron 
& Ashby, 2001; for applications to stimulus identification, 
see Ashby, Waldron, Lee, & Berkman, 2001, and Maddox, 
2001, 2002).

Hypothesis-testing models. Four models compatible 
with the assumption that the participants used an explicit 
hypothesis-testing strategy were applied to the data. Two 
unidimensional models were applied to the data. One as-
sumes that the participant attends only to dimension x, 
and the other assumes that the participant attends only to 
dimension y. Both of these models have two parameters 
(one decision criterion and one noise parameter). Two 
conjunctive models were applied to the data. Both assume 
that the participant sets a criterion on dimension x and one 
on dimension y, and then integrates that information post-
decisionally. One version assumes that the participant uses 
the decision rule, “respond A if dimension x is low and 
dimension y is high; otherwise, respond B.” The other as-
sumes that the participant uses the decision rule “respond 
B if dimension x is high and dimension y is low; other-
wise, respond A.” Both of these models have three param-
eters (two decision criteria and one noise parameter).

It is worth mentioning that each of these models can 
be thought of as a special case of the piecewise bilinear 
model outlined above, where the decision bound slopes 
would be zero or infinite. Under these conditions, the 
notion of a decision criterion is more parsimonious, and 
more important, the decision criterion can be interpreted 
verbally. For example, the spatial frequency is low because 
it is less than one’s decision criterion. On the other hand, 
the bilinear model described above allows the slope to be 
nonzero and noninfinite. Under these conditions, the no-
tion of a decision bound is useful, and verbalizability of 

the decision rule does not make sense, because the two 
dimensions are measured in different units.

Random-responding models. The procedural-
learning-based and hypothesis-testing models assume that 
the participant chooses (perhaps subconsciously) a spe-
cific strategy to apply when solving the task. The models 
make this assumption, and the associated parameters are 
estimated. Sometimes, though, participants choose not to 
attempt to solve the task and, instead, respond in a nearly 
random fashion, or sometimes a participant simply cannot 
solve the task. It is important to separate these participants 
from those using procedural-learning-based or hypothesis-
testing strategies. To achieve this goal, we applied two 
models to the data. The equal-response-frequency random-
responding model assumes that the participant is equally 
likely to respond A or B to every stimulus. This model as-
sumes that the predicted probability of responding A is .5, 
and no parameters are necessary. The biased-response-
frequency random-responding model assumes that the 
participant has a bias in his or her responding and, thus, 
will respond A with some fixed probability for all stimuli. 
This model assumes that the predicted probability of re-
sponding A is some value that is estimated from the data, 
yielding one free parameter.

Model fits. For each participant, we determined which 
model provided the best account of the data. For ease of ex-
position, we then summarized the data by collapsing across 
the different procedural-learning-based, hypothesis-testing, 
and random-responding models. The percentages of the par-
ticipants’ data sets for which a procedural-learning-based, 
hypothesis-testing, or random-responding model provided 
the best account of the data by experimental condition are 
presented in Table 2. To provide insight into the categori-
zation performance achieved with the different types of 
response strategies, we computed the average accuracy 
rate obtained by the participants whose data were best fit 
by each type of model. For example, in the within-modality 
visual condition, 70% of the participants’ data from the 
final block were best fit by a procedural-learning-based 
model, and the average proportion correct for these par-
ticipants was .76 (see Table 2). 

An examination of Table 2 reveals four things about the 
strategies used by the participants. First, in the two within-
modality conditions, the percentage of participants whose 

Table 2 
Percentages of Participants for When a Procedural-Learning-Based, Hypothesis-Testing, or 

Random Responding Model Provided the Most Parsimonious Account of the Final Block 
of Data and the Average Accuracy Rates Associated With These Data Sets for the Three 

Experimental Conditions in the Information Integration Experiment

Model Class

Procedural Learning 
Based

 
Hypothesis Testing

 
Random Responding

 
Condition

  Model  
Percent

  Proportion 
Correct

  Model  
Percent

  Proportion 
Correct

  Model  
Percent

  Proportion 
Correct

Within-modality visual 70 .76 23 .65 7 .49
Within-modality auditory 69 .74 27 .61 4 .55
Across modality  36  .71  50  .55  14  .49
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data were best fit by a procedural-learning-based model 
was high (approximately 70%), whereas the same percent-
age was nearly half that for the across-modality condition 
(36%). As a statistical test of these differences, we con-
ducted χ2 tests on the procedural-learning-based versus 
non–procedural-learning-based (hypothesis testing plus 
random responding) condition frequencies for all pairs of 
conditions. As was expected, the model frequencies dif-
fered between the within-modality visual and the across-
modality conditions [χ2(1) 5 6.84, p , .01] and between 
the within-modality auditory and the across-modality con-
ditions [χ2(1) 5 6.07, p , .05], but not between the two 
within-modality conditions [χ2(1) 5 0.004, n.s.]. Second, 
the pattern was reversed with respect to hypothesis-testing 
models. Specifically, the percentage of hypothesis-testing 
participants was low in the two within-modality conditions 
(approximately 25%) but was nearly twice that large in the 
across-modality condition (50%). As was expected, the 
model frequencies differed between the within-modality 
visual and the across-modality conditions [χ2(1) 5 4.46, 
p , .05] and (marginally) between the within-modality 
auditory and the across-modality conditions [χ2(1) 5 
3.02, p 5 .08], but not between the two within-modality 
conditions [χ2(1) 5 0.10, n.s.]. Third, only about 5% of the 
participants responded randomly in the within-modality 
conditions, whereas 14% were random responders in the 
across-modality condition. Finally, across all three condi-
tions, accuracy rates were highest for procedural-learning-
based participants and were worst for random responders.

As a follow-up to these model-based analyses, we de-
cided to compare the performance of only those partici-
pants who were procedural-learning-based participants. 
The idea was to determine whether the modality manipu-
lation affected performance even when we restricted at-
tention to participants who were using a strategy of the 
same form as the optimal (i.e., a procedural-learning-
based strategy). Specifically, we included data only from 
those participants whose final block data were best fit 
by a procedural-learning-based model. We conducted 
a 3 modality condition 3 8 block ANOVA on these ac-
curacy rates. The main effect of block was significant 
[F(7,322) 5 26.70, MSe 5 0.004, p , .001], whereas the 
interaction was not (F 5 1). More important, the main 
effect of modality condition was significant [F(2,46) 5 
3.22, p , .05] and suggested better performance for 
the within-modality visual (70%) condition than for the 
across-modality (63%) condition, equivalent performance 
for the two within-modality conditions, but no difference 
across the within-modality auditory (67%) and across-
modality conditions ( p 5 .12). Thus, when we focused 
exclusively on procedural-learning-based participants, the 
advantage over the across-modality condition remained for 
the within-modality visual condition, but failed to reach 
significance when the within-modality condition was 
auditory. To determine the locus of the effect, we exam-
ined the slope and noise parameter values for these par-
ticipants during the final block of trials. The slope values 
were further from optimal in the across-modality condi-
tion (average absolute slope deviation 5 .90) than in the 

within-modality visual condition (average absolute slope 
deviation 5 .43), with the within-modality auditory con-
dition yielding an intermediate result (average absolute 
slope deviation 5 .58). The noise values did not differ 
across conditions (within-modality visual 5 .74, within-
modality auditory 5 .70, and across modality 5 .73).

Brief Summary
The accuracy-based analyses support the predictions 

derived from the extended version of COVIS, in that per-
formance was better when the stimulus dimensions came 
from a single modality (whether visual or auditory) than 
when they came from separate modalities. The modeling 
analyses suggest that this effect on performance was due to 
greater use of hypothesis-testing strategies in the across-
modality condition than in the within-modality conditions 
and, thus, a smaller likelihood that a procedural-learning-
based strategy was used. Even so, when we restricted at-
tention to the participants whose final block of data was 
best fit by a procedural-learning-based model, we contin-
ued to find an accuracy advantage of 7% for the within-
modality visual participants over the across-modality 
participants; but in this case, the accuracy advantage fell 
to only 4% for the within-modality auditory participants 
over the across-modality participants, and this difference 
was not statistically significant.

EXPERIMENT 2 
Within- and Across-Modality Rule-Based 

Category Learning

The goal of Experiment 2 was to examine rule-based 
category learning when the stimulus dimensions were 
from the same or different modalities. The three modal-
ity conditions in Experiment 1 were replicated in Experi-
ment 2, with the only difference being in the nature of the 
categorization rule. Because it was important to select a 
rule-based category structure for which both stimulus di-
mensions were relevant, we used a disjunctive rule-based 
category structure modeled after one used successfully by 
Maddox, Filoteo, Hejl, and Ing (2004). A scatterplot of 
the stimuli and optimal disjunctive category rule is dis-
played in Figure 1B, and the distribution parameters are 
presented in Table 3.

As was outlined above, the extended version of COVIS 
makes only a weak prediction regarding the effects of 
stimulus modality on disjunctive, rule-based category 
learning. Because rule-based category learning, by defi-
nition, requires that separate decisions be made for each 
stimulus dimension and since, in general, across-modality 
dimensions tend to be more separable, we predicted en-
hanced performance when the stimulus dimensions were 
processed by different modalities. To anticipate, this pre-
diction was supported by the data.

Method
Participants and Design. Eighty-six participants were solic-

ited from the University of Texas community and received course 
credit or $6 payment for participation. Each participant received 
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a $1 bonus for accuracy exceeding 65% during the first half of the 
study (320 trials) and another $1 bonus for accuracy exceeding 70% 
during the last half of the study. Twenty-seven participants were ran-
domly assigned to the within-modality visual condition, 28 were 
randomly assigned to the within-modality auditory condition, and 
31 were randomly assigned to the across-modality condition.

Stimuli, Stimulus Generation, and Procedure. The stimuli, 
stimulus generation, and procedure were identical to those in Ex-
periment 1.

Accuracy Results
As an initial examination of the data, we constructed 

frequency histograms that plotted the proportions of par-
ticipants whose performance level fell within a range of 
accuracy rates (e.g., proportion correct , .5, proportion 
correct between .5 and .6, .6 and .7, .7 and .8, or .8 and 
.9, or proportion correct . .9). We generated histograms 
separately for each of the three modality conditions and 
blocks of trials. The pattern was similar across all blocks, 
so for illustrative purposes, we will present data from the 
final block of trials in Figure 3A. For completeness, we 
present frequency histograms for the final block of trials 
from the information integration experiment in Figure 3B. 
Two aspects of the data are of particular interest. First and 
foremost, performance appears to be bimodal in the dis-
junctive rule-based conditions (panel A), with the major-
ity of the participants performing very well (i.e., above 
.9) or very poorly (i.e., below .5 or .6) and far fewer par-

Table 3 
Category Distribution Parameters From the Disjunctive,  

Rule-Based Experiment

Category  mx  my  σx  σy  covxy

A1 .300 .700 .040 .040 0
A2 .700 .300 .040 .040 0
B1 .300 .300 .040 .040 0
B2  .700  .700  .040  .040  0

Figure 3. (A) Proportion of the participants from the rule-based experiment in each 
condition whose final block performance level fell within a range of accuracy rates 
(<.5, between .5 and .6, .6 and .7, .7 and .8, or .8 and .9, or >.9). (B) Same proportions 
from the information integration experiment. WM-V, within-modality visual; WM-A, 
within-modality auditory; AM, across modalities.
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ticipants performing at intermediate levels. This pattern is 
indicative of an all-or-none type learning process that con-
verges nicely with the performance pattern predicted by a 
hypothesis-testing system. Second, performance is more 
normally distributed in the information integration condi-
tions (panel B), with the majority of participants falling in 
an intermediate performance range (.5–.7 for the across-
modality condition and .5–.8 for the within-modality con-
ditions) and fewer in the extreme range. This pattern is 
indicative of a gradual, incremental learning process that 
converges nicely with the performance pattern predicted 
by a procedural-learning-based system.

The clear bimodality in the data precludes the use of an 
ANOVA. In light of this fact, we will compare the propor-
tions of learners across conditions, using different crite-
ria for learning. Because the category distributions are 
widely displaced, there is no overlap across categories, 
and a participant who learns the disjunctive rule can eas-
ily achieve nearly perfect performance (i.e., near 100%). 
Thus, we used a stringent learning criterion. Specifically, 
a learner is a participant who exceeds 95% correct during 
the final block of trials, and a nonlearner is a participant 
who fails to exceed 95% correct during the final block 
of trials. To determine whether the proportions of learn-
ers differed across modality conditions, we conducted χ2 
tests for each pair of conditions. As was expected, the 
proportion of learners was higher in the across-modality 
condition than in the within-modality visual condition 
[χ2(1) 5 4.28, p , .05] and was higher than in the within-
modality auditory condition [χ2(1) 5 7.84, p , .01]. The 
proportion of learners did not differ across the two within-
modality conditions [χ2(1) 5 0.58, n.s.]. The same pat-
tern of results held if we lowered the learning criterion 
to 90%. Interestingly, though, if we lowered the criterion 
to 80%, the effect weakened. The proportion of learners 
continued to be higher for the across-modality than for 
the within-modality visual condition [χ2(1) 5 3.12, p 5 
.08], and the proportions continued to be equivalent across 
the two within-modality conditions [χ2(1) 5 0.44, n.s.], 
but the proportion of learners did not differ between the 
across-modality and the within-modality auditory condi-
tions [χ2(1) 5 1.22, p 5 .27].2

These results suggest that rule-based learning is su-
perior when the stimulus dimensions come from differ-
ent modalities, rather than from the same modality. This 
finding is robust across learning criteria when both the 
dimensions are visual (spatial frequency and spatial ori-
entation) but holds only for the most stringent of learning 
criteria when both the dimensions are auditory (auditory 
frequency and auditory duration). Although speculative, it 
might be the case that the two auditory dimensions chosen 
are more separable than the two visual dimensions, lead-
ing to better within-modality auditory rule-based category 
learning. Another interesting possibility is that within-
modality auditory rule-based category learning is supe-
rior because there are some auditory projections directly 
to the head of the caudate, which is known to be involved 
in hypothesis testing.

Theoretical Analysis and Modeling Results
As in Experiment 1, procedural-learning-based and 

hypothesis-testing models were applied to the data from 
the final block of trials at the level of the individual  
participant.

Procedural-learning-based models. The bilinear 
classifier was applied to these data, which assumed that 
the participant constructs two decision bounds to separate 
the A and B categories. The model had five free parame-
ters (two slopes, two intercepts, and one noise variance). 

Disjunctive hypothesis-testing models. Four rule-
based models that assumed that the participant used a 
disjunctive rule were applied to the data. The optimal 
model assumed that the participant used the optimal deci-
sion bound (see Figure 1B) and contained the single noise 
parameter. The suboptimal-x model assumed that the par-
ticipant used the optimal decision criterion along the y di-
mension but a suboptimal criterion along the x dimension. 
The suboptimal-y model assumed that the participant used 
the optimal decision criterion along the x dimension but a 
suboptimal criterion along the y dimension. Both models 
contained two free parameters (one decision criterion and 
the noise variance). The suboptimal-xy model assumed 
that the participant used a suboptimal criterion along both 
the x and the y dimensions and contained three free param-
eters (two decision criteria and the noise variance).

Unidimensional hypothesis-testing models. Four 
rule-based models that assumed that the participant ig-
nored one stimulus dimension and set a criterion along 
the other stimulus dimension were applied to the data. 
Because of the disjunctive nature of the optimal deci-
sion bound, unidimension decision rules will yield near-
chance performance. Even so, these are qualitatively 
different, psychologically, from the random-responding 
models (despite the fact that they yield similar poor ac-
curacy rates) and need to be applied to the data. Two of 
the unidimensional models assume that the participant 
sets a criterion along the x dimension and ignores the y 
dimension. One assumes that low values on x are asso-
ciated with Category A, and the other assumes that low 
values on x are associated with Category B. The other two 
unidimensional models assume that the participant sets a 
criterion along the y dimension and ignores the x dimen-
sion. One assumes that low values on y are associated with 
Category A, and the other assumes that low values on y are 
associated with Category B.

Random-responding models. The two random-
responding models described above were also applied to 
the disjunctive, rule-based category-learning data.

Model fits. The percentages of the participants’ data 
sets for which a procedural-learning-based, hypothesis-
testing, or random-responding model provided the best 
account of the data, along with the associated accuracy 
rates, are presented in Table 4. As with the information 
integration data, the modeling results are very sugges-
tive. First, the use of hypothesis-testing strategies was 
high in all the conditions but was somewhat larger in both 
the within-modality auditory and the across-modality 
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conditions. Interestingly though, the accuracy rates for 
hypothesis testers in the across-modality condition was 
much higher (.92) than that for hypothesis testers in the 
two within-modality conditions (visual and auditory 5 
.79). In Table 4, the participants classified as hypothesis 
testers were the participants who used either a disjunc-
tive or a unidimensional strategy to solve the task. A dis-
junctive rule can yield very high levels of performance, 
whereas a unidimensional rule yields essentially chance 
performance. To investigate this further, we isolated only 
those participants who used a disjunctive rule-based strat-
egy. In the within-modality visual condition, only 52% 
of the participants used a disjunctive rule. In the within-
modality auditory condition, only 64% used a disjunctive 
rule. In contrast, all 77% classified as hypothesis testers in 
the across-modality condition used disjunctive rules. As a 
statistical test of these differences, we conducted χ2 tests 
on the disjunctive versus nondisjunctive (unidimensional 
plus procedural-learning-based plus random-responding) 
condition frequencies for all three pairs of conditions. The 
only comparison that reached significance was that be-
tween the within-modality visual and the across-modality 
condition, suggesting significantly greater use of a dis-
junctive rule in the across-modality condition [χ2(1) 5 
4.18, p , .05].

Following the approach taken for the information integra-
tion conditions, we followed up these model-based analyses 
with a comparison of performance for only those partici-
pants whose data were best fit by a disjunctive hypothesis-
testing model. The idea was to determine whether the mo-
dality manipulation would affect performance even when 
we restricted attention to participants who were using a 
strategy of the same form as the optimal (i.e., a disjunctive 
rule strategy). Specifically, we included data only from 
those participants whose final block of data was best fit 
by a disjunctive hypothesis-testing model. We used the 
same learning criteria (95%, 90%, and 80%) and χ2 tests. 
For all three learning criteria, we never found a differ-
ence across the two within-modality conditions [95%, 
χ2(1) 5 2.67, n.s.; 90%, χ2(1) 5 0.51, n.s.; 80%, χ2(1) 5 
0.79, n.s.]. The proportion of learners was higher in the 
across-modality condition than in the within-modality 
visual condition for the 90% and 80% criteria, but not 
for the most stringent 95% criterion [95%, χ2(1) 5 1.38, 
n.s.; 90%, χ2(1) 5 3.43, p , .05; 80%, χ2(1) 5 4.51, p , 

.05]. The proportion of learners was higher in the across-
modality condition than in the within-modality auditory 
condition, but only for the most stringent 95% criterion 
[95%, χ2(1) 5 8.82, p , .01; 90%, χ2(1) 5 1.75, n.s.; 
80%, χ2(1) 5 1.56, n.s.]. To determine the locus of the ef-
fect, we examined the decision criterion and noise values. 
The decision criterion values were closer to optimal in the 
across-modality than in the two within-modality condi-
tions (average absolute deviation from optimal: within-
modality visual 5 .013; within-modality auditory 5 .013; 
across modality 5 .002), and there was less noise associ-
ated with the memory and placement of these criteria in 
the across-modality than in the two within-modality con-
ditions (within-modality visual 5 .119; within-modality 
auditory 5 .114; across modality 5 .101).

Brief Summary
The accuracy-based analyses support the weak predic-

tion derived from the extended version of COVIS, in that 
performance was better when the stimulus dimensions 
came from separate modalities than when they came from 
the same modality. Even so, the effect was larger and more 
robust when the across-modality condition was compared 
with the within-modality visual condition. The modeling 
analyses suggest that this effect on performance was due 
to greater use of disjunctive hypothesis-testing strategies 
in the across-modality than in the within-modality condi-
tions, especially the within-modality visual condition. In-
terestingly, when we restricted attention to the participants 
whose final block of data was best fit by a disjunctive, 
hypothesis-testing model, the same pattern in the accuracy 
data emerged.

GENERAL DISCUSSION

This article has reported the results from two experi-
ments in which the effects of stimulus dimension modality 
(within-modality vs. across-modality stimulus dimensions) 
on information integration and disjunctive rule-based cat-
egory learning were examined. To our knowledge, this is 
one of only a few studies to examine category learning 
using across-modality stimulus dimensions and is the first 
to compare performance across the qualitatively different 
information integration and rule-based category-learning 
tasks. As was predicted from the extended version of 

Table 4 
Percentages of Participants for Whom a Procedural-Learning-Based, Hypothesis-Testing, 

or Random Responding Model Provided the Most Parsimonious Account of the Final Block 
of Data and the Average Accuracy Rates Associated With These Data Sets for the Three 

Experimental Conditions in the Rule-Based Experiment

Model Class

Procedural  
Learning Based

 
Hypothesis Testing

 
Random Responding

 
Condition

  Model  
Percent

  Proportion 
Correct

 
 

Model  
Percent

  Proportion 
Correct

 
 

Model  
Percent

  Proportion 
Correct

Within-modality visual 19 .88 63 .79 19 .46
Within-modality auditory 14 .90 79 .79 7 .43
Across modality  10  .81  77  .92  13  .48
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COVIS developed in this article, there was a performance 
interaction between stimulus dimension modality and the 
nature of the category structure. Specifically, informa-
tion integration category learning was better when both 
stimulus dimensions were processed by the same modal-
ity (visual or auditory) than when they were processed by 
different modalities (visual and auditory), whereas dis-
junctive rule-based category learning showed the opposite 
pattern. The modeling results offer important insights into 
the locus of this performance interaction.

Information Integration Category Learning
The information integration performance advantage 

for within-modality stimulus dimensions resulted be-
cause (1) there were more participants’ data sets best fit 
by a model that instantiated a procedural-learning strategy, 
(2) there were fewer participants’ data sets best fit by a 
model that instantiated a hypothesis-testing strategy, and 
(3) there were fewer participants’ data sets best fit by a 
random-responding model. Importantly, though, perfor-
mance was worse for across-modality stimulus dimensions 
even when we restricted attention only to those participants 
who used procedural-learning strategies. In addition, the 
within-modality advantage was larger for visual than for 
auditory stimuli.

These findings follow from the underlying neurobiol-
ogy of information integration category learning proposed 
in the original and extended versions of COVIS. With vi-
sually presented stimuli, the original version of COVIS 
assumes that information integration category learning 
involves learning to associate collections of visual corti-
cal cells with specific category labels. These associations 
are instantiated in the neural connections between visual 
cortical cells that project to the tail of the caudate nucleus 
and medium spiny cells within the tail of the caudate. With 
auditory dimension stimuli, the projections are more dif-
fuse, but the current thinking is that the majority project 
to the body of the caudate, with some projections to the 
head and tail (Arnauld et al., 1996; Nenadic et al., 2003; 
Selemon & Goldman-Rakic, 1985; Yeterian & Pandya, 
1998). Thus, with auditory stimuli, the extended version 
of COVIS assumes that information integration category 
learning involves learning to associate collections of au-
ditory cortical cells with specific category labels and that 
these associations are instantiated in the neural connec-
tions between auditory cortical cells that project primarily 
to the body, but also to the head and tail, of the caudate 
nucleus and medium spiny cells within these regions.

With stimuli composed of one visual and one auditory 
dimension, the specific nature of the corticocaudate con-
nectivity is less clear. Multisensory association areas have 
been identified in the caudate (Chudler et al., 1995). In 
addition, because some auditory cortical projections are 
to the tail of the caudate, where visual processing occurs, 
it seems reasonable to assume that across-modality infor-
mation integration category learning involves learning to 
associate visual–auditory association cells in the caudate 
or tail of the caudate cells that receive both visual and 
auditory information with specific category labels. Be-

cause there are fewer of these cells than of cells devoted 
to single-modality stimuli (Chudler et al., 1995) and be-
cause only 5% of the cells in the caudate are interneurons 
(Wilson, 1995), across-modality information integration 
category learning should be poor. Since fewer cells in the 
caudate are devoted to across-modality processing, one 
would expect participants to be more likely to use another 
strategy to solve the task, such as a hypothesis-testing 
strategy, and to be less accurate when using a procedural-
learning-based strategy. Both of these predictions were 
supported in the data.

Rule-Based Category Learning
The disjunctive, rule-based performance advantage for 

across-modality stimulus dimensions followed because 
(1) there were more participants’ data sets best fit by a 
disjunctive, rule-based model, (2) no participants used 
a unidimensional rule-based strategy, and (3) fewer par-
ticipants’ data sets were best fit by a random-responding 
model. Importantly, when we restricted attention only to 
those participants using disjunctive, rule-based strategies, 
the same performance pattern emerged. These findings 
are important for a number of reasons. First, they suggest 
that the effect of modality is to increase or decrease the 
likelihood that the participant will discover the correct 
rule, with rule discovery increasing for across-modality 
stimuli. Even so, a participant who identifies the correct 
disjunctive rule will perform worse if the stimulus dimen-
sions come from the same modality than if they came from 
separate modalities. Second, this pattern is reversed from 
that for information integration category learning. With 
information integration categories, participants in the 
across-modality condition are less likely to use a (correct) 
procedural-learning-based strategy, and those who do are 
still less accurate than those who use procedural-learning-
based strategies in the within-modality conditions. Third, 
as we found in the information integration experiment, the 
within-modality auditory condition yields a performance 
that is intermediate between that for the across-modality 
and the within-modality visual conditions. Specifically, 
the participants performed better and were more likely to 
learn the disjunctive rule in the within-modality auditory 
condition than in the within-modality visual condition. 
This could be due to the fact that (1) auditory frequency 
and duration are more separable than spatial frequency 
and orientation, (2) auditory cortical areas project to the 
head of the caudate, as well as to the body and tail, or 
(3) some combination of the two. Clearly, more work is 
needed.

One interesting finding from the present report was the 
clear bimodality in the nature of responding in the disjunc-
tive rule-based condition that was not evident in the infor-
mation integration condition. In the latter case, respond-
ing was normally distributed. Importantly, these different 
patterns held for all three modality conditions. Zeitham-
ova and Maddox (2006; see also Maddox & Ashby, 2004) 
found a similar pattern across information integration 
and rule-based tasks for visually presented stimuli. The 
present report suggests that these distinct performance 
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profiles extend to auditory dimension stimuli, as well as 
across-modality (visual/auditory) stimulus dimensions.

Alternative Theories of Category Learning
It is important to point out that multiple-system mod-

els other than COVIS have been developed. In fact, there 
is a long and rich tradition in category learning that fo-
cuses on the distinction between rule application and 
similarity-based processing (e.g., Allen & Brooks, 1991; 
Brooks, 1978; Folstein & Van Petten, 2004; Kemler Nel-
son, 1984; J. D. Smith & Shapiro, 1989; see also Shanks 
& St. John, 1994). Several of these other multiple-system 
models have components similar to those of COVIS. For 
example, in the model proposed by E. E. Smith, Patalano, 
and Jonides (1998), rule application involves a high work-
ing memory load and requires analytic, serial processing 
of criterial attributes with differential weighting of attri-
butes, much like the hypothesis-testing system in COVIS. 
Similarly, one system in Erickson and Kruschke’s (2002) 
ATRIUM model instantiates rules in a manner similar to 
that of the hypothesis-testing system in COVIS. Where 
these other multiple-system models differ from COVIS is 
in their proposal of a second system that is a similarity-
based process. In contrast, the second system in COVIS 
is a procedural-learning-based system that is involved in 
associating category labels (or responses) to regions of 
perceptual space.

Another important difference between COVIS and 
other multiple-system models is the detail with which 
COVIS proposes the neurobiological underpinnings of 
the different category-learning systems. Although the 
neurobiology of category learning has been elaborated in 
the context of other multiple-system models (e.g., Pata-
lano, Smith, Jonides, & Koeppe, 2001), COVIS has the 
added advantage of incorporating biological constraints 
into its architecture that have enabled more detailed pre-
dictions of the impact of various experimental manipula-
tions on category learning. For example, COVIS and the 
extended version offered in this article hypothesize that 
the procedural-learning system relies on the many-to-one 
convergence of visual cells from the inferior temporal cor-
tex onto cells within the tail of the caudate and of auditory 
cells from the supratemporal plane and superior temporal 
gyrus onto the body, but also the tail and head, of the cau-
date, with some evidence for association areas as well. 
Such a funneling of information onto the caudate, along 
with the general separation of visual and auditory process-
ing areas within the caudate, results in the prediction that 
information integration category learning will be worse 
for across- than for within-modality stimulus dimensions, 
which was supported by the findings in the present study. 
Other biological constraints have also been incorporated 
into predictions made by COVIS. For example, on the 
basis of COVIS, the dopamine reward signal associated 
with feedback has to occur in close temporal proximity to 
the response in order for efficient information integration 
category learning to occur. This prediction has been sup-
ported by the finding that delayed feedback negatively im-
pacts information integration category learning (Maddox 

et al., 2003; Maddox & Ing, 2005). Thus, COVIS attempts 
to provide computationally and biologically plausible ac-
counts of multiple category-learning systems. 

Future Directions
Because this work represents only a first step in the 

examination of information integration and rule-based 
category learning with across-modality stimulus dimen-
sions, there are a number of avenues for future research. 
Anecdotal evidence suggests that we frequently integrate 
information (predecisionally) from multiple sensory di-
mensions and are quite good at doing so. It is possible, 
though, that these types of problems take more time to 
master. One interesting avenue for future research would 
be to examine the long-run time course of across-modality 
information integration and to investigate methods for 
speeding these learning processes. Future research should 
also examine the generality of the present results across 
different types of information integration and rule-based 
category structures and different visual and auditory 
stimulus dimensions. Although a detailed discussion is 
beyond the scope of this article, an important distinction 
in the literature is that between linear information integra-
tion decision rules and nonlinear information integration 
decision rules, with nonlinear rules being generally more 
difficult to learn (e.g., Ashby & Maddox, 1990, 1992). All 
of this work has been conducted within modality. It would 
be interesting to determine whether the same qualitative 
pattern holds for across-modality stimulus dimensions.
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NOTES

1. We also collected data by using across-modality stimuli for which 
the spatial orientation of the Gabor patch and the auditory frequency of 
a tone were relevant (spatial frequency was held fixed). The results mir-
rored those for spatial frequency and auditory frequency.

2. We also collected data by using across-modality stimuli for which 
the spatial orientation of the Gabor patch and the auditory frequency of 
a tone were relevant (spatial frequency was held fixed). The results mir-
rored those for spatial frequency and auditory frequency.
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