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Abstract 
 

This article explores the visual information used to categorize stimuli drawn from a common 

stimulus space into verbal and nonverbal categories using two experiments. Experiment 1 

explores the effect of target duration on verbal and non-verbal categorization using backward 

masking to interrupt visual processing. With categories equated for difficulty for long and short 

target durations, intermediate target duration shows an advantage for verbal categorization over 

non-verbal categorization. Experiment 2 tests whether the results of Experiment 1 can be 

explained by shorter target duration resulting in a smaller signal-to-noise ratio of the 

categorization stimulus. To test for this possibility, Experiment 2 used integration masking with 

the same stimuli, categories, and masks as Experiment 1 with a varying level of mask opacity. 

As predicted, low mask opacity yielded similar results to long target duration while high mask 

opacity yielded similar results to short target duration. Importantly, intermediate mask opacity 

produced an advantage for verbal categorization over non-verbal categorization, similar to 

intermediate target duration. These results suggest that verbal and nonverbal categorization are 

affected differently by manipulations affecting the signal-to-noise ratio of the stimulus, 

consistent with multiple-system theories of categorizations. The result further suggest that verbal 

categorization may be more digital (and more robust to low signal-to-noise ratio) while the 

information used in non-verbal categorization may be more analog (and less robust to lower 

signal-to-noise ratio). This article concludes with a discussion of how these new results affect the 

use of masking in perceptual categorization and multiple-system theories of perceptual category 

learning. 
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1 Introduction 

Categorization allows a cognitive agent to simplify the world and make decisions about new 

objects in new situations (Helie & Ashby, 2012). While categorization has been studied by 

cognitive psychologists for over 50 years (e.g., Shepard, Hovland, & Jenkins, 1961), research in 

the past two decades has focused on multiple system theories (e.g., Ashby, 2013; but see, e.g., 

Nosofsky, 1984, for a single-system account). For example, Ashby and colleagues (1998) 

suggested that different systems could be used for verbal and non-verbal learning. The former 

system relies on working memory and is well-suited to quickly learn rule-based (RB) categories. 

Unidimensional rules and conjunction rules are examples of RB category structures. In contrast, 

the latter system relies on stimulus – response associations and is well-suited to learn categories 

that typically cannot be described by a simple verbal rule. Information-integration (II) category 

structures and unstructured categories are examples of non-verbal categories. Maddox and Ashby 

(2004) reviewed many behavioral dissociations between RB and II category structures, and 

neuroimaging studies also suggest that these different types of category structures are learned by 

different brain networks (Helie, Roeder, & Ashby, 2010; Waldschmidt & Ashby, 2011). 

If RB and II category structures are learned and categorized using different cognitive and 

brain systems, then a follow-up question is whether the categorization systems are using the 

same visual information: Given a single set of stimuli, does separating the set of stimuli into RB 

categories using the verbal system relies on different visual information than separating the same 

set of stimuli into II categories using the non-verbal system? For example, Ashby and Gott 

(1988) suggested that decisions in RB categorization are done by separating the stimulus into 

different dimensions (e.g., color, size, etc.), and then making separate decisions on each 
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dimension. At a later stage, the individual decisions on each dimension are integrated to produce 

a response. In contrast, II categorization decisions are made by integrating the stimulus 

dimensions at a pre-decisional stage, and a single decision is made to produce a response. 

The possibility of using distinct visual information is further supported by brain 

connectivity. For example, RB categories are learned by a working memory network centered 

around the lateral ventral prefrontal cortex (Helie et al., 2010) while II categories are learned by 

a skill learning network centered around the sensorimotor striatum (Waldschmidt & Ashby, 

2011). The lateral ventral prefrontal cortex is more strongly connected with the ventral stream of 

visual processing (Ungerleider & Mishkin, 1982) while the sensorimotor striatum is more 

strongly connected with the dorsal stream of the visual system (Utter & Basso, 2008). It is thus 

likely that each categorization system receives different visual information extracted from the 

stimulus to be categorized.  

1.1 Overview 

This article aims at exploring the visual information used by each categorization system. 

One way to distinguish the possibly different visual processing is to interrupt visual processing 

using backward masking (Breitmeyer, & Ogmen, 2006). While the two visual pathways may 

provide sufficient visual information for categorization given sufficient time, and insufficient 

visual information for categorization given too little time, there may be an intermediate ‘sweet 

spot’ where one of the pathways receives visual information sufficient for categorization while 

the other does not. Experiment 1 will test for this possibility by using RB and II categories drawn 

from a common stimulus space that were equated for difficulty given sufficient visual processing 

time. The categorization stimuli (targets) were sine-wave gratings with constant contrasts and 
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sizes. An example stimulus is shown in Figure 1a. The stimulus dimensions were frequency of 

the sine-wave and rotation angle. Hence, each stimulus could be represented by a coordinate in a 

two-dimensional plane (frequency × rotation), as shown in Figure 1c and 1d. Figure 1c shows the 

RB categories, and each symbol represent the coordinates of a unique stimulus. The rule in 

Figure 1c is “Respond B if the frequency is high and the rotation angle is shallow. Otherwise, 

respond A”. Figure 1d shows the II categories. Note that the stimulus space is the same as the RB 

stimuli (so the stimuli look the same), but in this case there is no verbalizable rule because the 

two stimulus dimensions are incommensurable. 

========= INSERT FIGURE 1 ABOUT HERE ======== 

Participants were trained with either the RB or II categories, and target duration was 

controlled by using backward masking. Specifically, the stimulus was shown for a varied amount 

of time, and was then immediately replaced by the mask. Hence, backward masking was used 

specifically to interrupt visual processing after a varying amount of time, so a strong mask 

needed to be used to ensure that the masking effect is monotonic (Breitmeyer & Ogmen, 2006; 

Francis & Cho, 2008). This was achieved by generating a new mask in each trial (to prevent 

habituation), and showing the mask for a long duration (i.e., until a response is made). An 

example mask is shown in Figure 1b. 

While it is unclear exactly how backward masking affects visual processing, one possibility 

is that visual information is sampled from the environment, and that more time results in more 

samples and increases the signal-to-noise ratio (SNR) (e.g., Bundesen, Habekost, & 

Kyllingsbaek, 2005). If this is the case, then we predict that there is an intermediate target 

duration where RB categorization succeeds but II categorization fails. This is because the process 
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for RB categorization described by Ashby and Gott (1988) is akin to a digital representation of 

the stimulus (e.g., each stimulus dimension is represented separately for decisions) whereas II 

categorization would use an analogical representation of the stimulus (e.g., the stimulus is 

processed without separating its dimensions for decisions). Digital signals tend to be more robust 

to noise than analogical signals (Sarpeshkar, 1998), hence the prediction that shorter target 

duration should favor RB categorization. To anticipate, the results from Experiment 1 support 

the above hypothesis. 

The above hypothesis for Experiment 1 relies on the assumption that shorter target duration 

is equivalent to a smaller SNR. If this is correct, then it should be possible to reproduce the 

results from Experiment 1 by directly reducing the SNR in the visual display, and systematically 

varying the target SNR instead of the target duration. In this setting, smaller SNR should be 

equivalent to shorter target duration. Experiment 2 tests for this hypothesis. Experiment 2 used 

the same stimulus space, category structures, and masks as Experiment 1. However, the mask 

was displayed simultaneously with the stimulus, and the level of mask opacity was varied. This 

method is called integration masking and typically produces a monotonic masking function 

(Breitmeyer & Ogmen, 2006). Hence, more opaque masks should reproduce the results obtained 

with short target duration, while less opaque masks should reproduce the results obtained with 

long target duration (assuming that the mask in Experiment 1 is strong enough to produce a 

monotonic masking function). Following Experiment 1, we predict that performance with RB 

and II categories should be similar for high and low mask opacity, but there should be an 

intermediate ‘sweet spot’ level of opacity where performance in RB categorization is spared but 
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II categorization fails. To anticipate, the results from Experiment 2 support the hypothesis that 

mask opacity can be made to reproduce the effect of target duration. 

2 Experiment 1 

The goal of Experiment 1 was to test whether manipulations of target duration using 

backward masking (Breitmeyer & Ogmen, 2006) has the same effect on RB and II 

categorization. If RB and II categorization are processed by different cognitive and/or brain 

systems, then it is possible that target duration affects the two tasks differently. To test this 

hypothesis, we designed a single stimulus space and generated RB and II categories using the 

general recognition theory (Ashby & Gott, 1988). Perfect performance was possible in both 

tasks, but the tasks were sufficiently difficult to avoid ceiling effects. Importantly, both types of 

categories required paying attention to all stimulus dimensions and were equated for difficulty 

using prior pilot studies. We varied the target duration by steps (50, 75, 100, 200, and 500 ms) to 

test whether target duration would have the same effect in both RB and II categorization. The 

only difference between the conditions was the category structures (RB vs. II). 

2.1 Method 

2.1.1 Participants 

Three hundred and seven participants were recruited to participate in this experiment. Of 

these participants, 227 participants were recruited from the Purdue University student population 

and the remaining 80 participants were recruited from the University of California Santa Barbara 
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student population.1 Participants were randomly assigned to one of 10 conditions obtained by 

fully crossing a 2 Categories (RB vs. II) × 5 Target Duration (50, 75, 100, 200, 500 ms) design. 

The number of participants in each condition was as follows: RB/50 = 30, II/50 = 29, RB/75 = 

30, II/75 = 29, RB/100 = 29, II/100 = 30, RB/200 = 29, II/200 = 33, RB/500 = 30, and II (500) = 

38. Each participant was given credit for participation as partial course requirement.  

2.1.2 Material 

The stimuli were circular sine-wave gratings of constant contrast and size presented on a 

21-inch monitor (1,280 ´  1,024 resolution). Each stimulus was defined by a set of points (x1, x2) 

sampled from a 100 ´  100 stimulus space and converted to a disk using the following equations: 

width = x1 / 30 + 0.25 cycle per degree (cpd), and orientation = 9 x2 / 10 + 20 degrees. This 

yielded stimuli that varied in orientation from 20° to 110° (counterclockwise from horizontal) 

and in bar width (frequency) between 0.25 and 3.58 cpd. The stimuli were generated with Matlab 

using Brainard’s (1997) Psychophysics Toolbox and occupied an approximate visual angle of 5°. 

In each trial, a single stimulus was presented in the center of the screen. Figure 1a shows an 

example stimulus. 

Stimuli in all conditions were separated in two categories and were generated using the 

randomization technique of Ashby and Gott (1988). In the rule-based conditions (Figure 1c), 

category “A” stimuli were generated from two multivariate normal distributions with the 

following parameters: mA1 = {30, 50}; SA1 = {10, 0; 0, 150} and mA2 = {50, 70}; SA2 = {150, 0; 0, 

                                                 
1 A 2 (University) × 6 (Block) ANOVA was separately run for each target duration. The effect of 

University, and its interaction with Block, did not reach statistical significance in any of the analyses (p > .10). 

Hence, all the participants from both institutions were pooled together in all subsequent discussions and analyses. 
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10}. A similar sampling method was used to generate category “B” stimuli: mb1 = {50, 30}; mB2 = 

{70, 50}; SB1 = SA1; and SB2 = SA2. In the information-integration conditions (Figure 1d), 

category “A” stimuli were generated using a multivariate normal distribution with the following 

parameters: mA = {38, 50}; SA = {10, 0; 0, 280}. The same sampling method was used to 

generate category “B” stimuli: mB = {62, 50}; SB = SA. The information-integration stimuli were 

then rotated 45 degrees counterclockwise around the center of the stimulus space {50, 50}. Note 

that each trial showed a unique stimulus, and that the RB and II stimuli were drawn from the 

same stimulus space (so they looked the same). Perfect accuracy was possible in both conditions. 

In each trial, stimulus presentation was interrupted by a mask. Each mask was unique, 

generated in Fourier space and transformed into a visual stimulus using an inverse Fourier 

transform. In the Fourier space, a black image 580 pixels × 580 pixels is initialized. One hundred 

pixels are turned gray near the center of the image (random uniform gray level) by randomly 

selecting 100 coordinates from a bivariate normal distribution with mean {290, 290} and 

covariance matrix {35, 0; 0, 35}, rounding these coordinates to the nearest integer. Inverse 

Fourier transform is applied and the resulting image’s average luminosity is normalized. An 

example mask is shown in Figure 1b. Each mask was centered in the screen and had three times 

the height and the width of the stimuli, occupying about 15 degrees of visual angle.  

Stimulus presentation, mask presentation, feedback, response recording, and response 

time (RT) measurement were controlled and acquired using Matlab. Responses were given on a 

standard keyboard: the “d” key for an “A” response and the “k” key for a “B” response 

(identified with stickers labeled “A” and “B” respectively). Visual feedback was given for a 

correct (the word “Correct” in green font) or incorrect (the word “Incorrect” in red font) 
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response. If a response was too late (more than 5 seconds), participants saw the words “Too 

Slow” in black font. If a participant hit a wrong key, the words “Wrong Key” were displayed in 

black font. During the whole experiment, the screen background was gray. 

2.1.3 Procedure 

The experiment was composed of 6 blocks of 100 trials (for a total of 600 trials). 

Participants were told they were taking part in a categorization experiment and that they had to 

assign each stimulus into either an “A” or a “B” category. They were also told that they had to 

ignore the mask as best as they could and focus on categorizing the stimulus. A trial went as 

follows: a fixation point (crosshair) appeared on the screen for 1,500 ms and was followed by the 

stimulus. The mask appeared and replaced the stimulus after 50, 75, 100, 200, or 500 ms 

depending on the condition. Note that this is a between-subject design so that the target duration 

was constant for a given participant, but participants in different conditions were subjected to 

different target durations. The mask remained on the screen until the participant made a 

response. When the participants made a response or after 5 seconds has elapsed, the mask 

disappeared and feedback was presented for 750 ms. The participants were allowed to take a 

break between blocks if they wished. 

2.2 Results 

2.2.1 Accuracies 

The accuracy results are shown in Figure 2. As can be seen, the participants had difficulty 

categorizing the stimuli in both conditions for the shortest target duration (i.e., 50 ms). As 

expected, accuracy is better in RB conditions when the target duration is longer. However, 
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accuracy did not benefit as much from longer target durations in II conditions until the target 

duration reached 500 ms. As a result, RB participants with a target duration of 200 ms did better 

than II participants with the same target duration. This advantage of RB participants over II 

participants disappeared at the longest target duration (i.e., 500 ms). Note that participant 

performances were above chance in all conditions and for all target durations. 

======== INSERT FIGURE 2 ABOUT HERE ======= 

Before analyzing the data for each target duration, we made sure that the factor Target 

Duration interacted with the factor Condition. Towards this end, we averaged the last two blocks 

of each participant for each Condition × Target Duration combination (to obtain a stable 

performance estimate at the end of each learning curve) and computed a Condition × Target 

Duration ANOVA. Because the distributions violated the normality assumption for 7 out of 10 

factor combinations (using Kolmogorov-Smirnoff with a p < .05), and each trial is Bernoulli, we 

applied a logit transformation (Agresti, 1996). The results show a significant effect of Condition 

(F(1, 604) = 5.54, p < .05), Target Duration (F(4, 604) = 14.37, p < .001), and more importantly 

a significant interaction between these factors (F(4, 604) = 3.32, p < .05). We thus proceeded 

with analyzing the data for each target duration. 

To test the effect of category structure at each target duration, we computed separate 2 

(RB vs. II) × 6 (Block) ANOVAs for each target duration. For a target duration of 50 ms, the 

effect of Block reached statistical significance (F(5, 285) = 20.94, p < .0001), showing that 

participants improved with practice. Accuracy in Block 1 was 56.4% and improved to 68.3% in 

Block 6. The Condition × Block interaction also reached statistical significance (F(5, 285) = 

2.28, p < .05). Because the hypothesis is about the effect of category structure, the interaction 
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was further decomposed by testing the effect of Condition within each Block. The effect of 

Condition failed to reach significance in all 6 blocks (all |ts| < 1.42, p > .15). Hence, the 

interaction was likely caused by the crossover in accuracies between Blocks 1 and 2. Finally, the 

effect of Condition failed to reach statistical significance (F(1, 57) = 0.45, n.s.), suggesting that 

at such short target duration, both conditions were similarly impaired.  

Similar results were found for target durations of 75 ms and 100 ms. In both cases, the 

effect of Block reached statistical significance [both F(5, 285) > 27.69, p < .0001], and the effect 

of Condition failed to reach statistical significance [both F(1, 57) < 2.32, n.s.]. For a target 

duration of 75 ms, mean accuracy in Block 1 was 63.6% and improved to 76.9% in Block 6. For 

a target duration of 100 ms, mean accuracy in Block 1 was 63.7% and improved to 75.9% in 

Block 6. Unlike for a target duration of 50 ms, however, there was no crossover in performance 

for either a target duration of 75 ms or 100 ms. Hence, the Condition × Block interactions failed 

to reach statistical significance for both these target durations [both F(5, 285) < 0.73, n.s.]. 

Looking at the Figure suggests that the difference in accuracies between RB and II was 

bigger for longer target duration. However, the difference did not reach statistical significance 

for a target duration of 100 ms or shorter. This changed with a target duration of 200 ms. The 

ANOVA again showed a significant effect of Block (F(5, 300) = 23.22, p < .0001), but this time 

the effect of Condition (F(1, 60) = 5.40, p < .05), and its interaction with Block (F(5, 300) = 

2.43, p < .05), also reached statistical significance. Again, the interaction was decomposed by 

looking at the effect of Condition within each Block. The results show that RB and II accuracies 

do not differ in Blocks 1 and 2 (both ts < 1.04, p > 0.30), but RB accuracies were higher than II 

accuracies for Blocks 3 – 6 (all ts > 2.29, p < .05). For the RB condition, accuracy in Block 1 
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was 65.8%, and improved to 81.2% in Block 6. However, accuracy for the II condition did not 

improve as much with practice. Mean accuracy in Block 1 was 63.2%, and only reached 73.2% 

in Block 6. 

Finally, performance between RB and II categorization became similar again for a target 

duration of 500 ms. With a target duration of 500 ms, the effect of Block was still statistically 

significant (F(5, 330) = 28.99, p < .0001), but neither the effect of Condition (F(1, 66) = 0.05, 

n.s.) nor its interaction with Block (F(5, 330) = 0.30, n.s.) reached statistical significance. Mean 

accuracy in Block 1 was 68.2% and reached 81.3% in Block 6. Note that this longer target 

duration can be considered a control condition and representative of categorization performance 

without a mask. 

2.2.2 Masking function 

As mentioned in the Introduction section, the notion of a sweet spot relies on the 

assumption that the mask used is strong enough to produce a monotonic masking function in 

backward masking. To verify the assumption, accuracy in the final block of training was plotted 

against target duration. The result is shown in Figure 3. As can be seen, the masking function is 

monotonic, suggesting the mask was strong enough to interrupt visual processing and produce 

the expected target duration in both RB and II categorization. These results are supported by a 

Target Duration × Condition ANOVA. The effect of Target Duration was statistically significant, 

showing that the masks were effective (F(4, 297) = 7.10, p < .001). However, the effect of 

Condition, and its interaction with Target Duration, both failed to reach statistical significance, 

showing that the mask affected both category structures equally well (both Fs < 2.13, n.s.). 

======== INSERT FIGURE 3 ABOUT HERE ======= 
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2.2.3 Model fit 

The accuracy results suggest that the visual information used for RB categorization is 

more robust to shorter target durations than the visual information used for II categorization. 

However, one possibility is that participants did not attend to the whole stimulus in short target 

duration conditions. For example, one could choose to only pay attention to bar width because 

s/he is aware that stimulus exposure time is limited. To address this possibility, we fit six 

different types of decision bound models (e.g., Maddox & Ashby, 1993) to the data from each 

individual participant in every block: two unidimensional rules (one for each dimension), a 

conjunction rule, a general linear classifier, and two guessing models (biased and unbiased). The 

unidimensional rule models assume a single vertical (or horizontal) bound, the conjunction rule 

assume both a vertical and a horizontal bound, the general linear classifier assumed that the 

decision bound was a single line of arbitrary slope and intercept and, finally, the guessing models 

assumed that participants guessed randomly on each trial. Detailed model equations can be found 

in Maddox & Ashby (1993). The best-fitting model was selected using the Bayesian information 

criterion (BIC) to correct for differences in the number of free parameters. 

In the RB condition, the optimal response strategy is to use the conjunction model. In 

contrast, the optimal response strategy in the II condition corresponds to the general linear 

classifier. Note that both the general linear classifier and the conjunction rule implies that the 

participant used both dimensions in making categorization decisions.2 In contrast, a best-fit from 

                                                 
2 According to Ashby et al. (1998), the conjunction rule and the general linear classifier reflect the 

performance of different category learning systems. However, here model fit is used specifically to estimate the 
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the unidimensional rules would suggest that participants were only attending to one dimension. 

In the RB condition, one could achieve an accuracy of about 80% by attending to only one 

stimulus dimension. In the II condition, the best unidimensional rule would allow for a 

performance of about 75%. Finally, a best-fit by one of the guessing models would suggest that 

participants were unable to use the stimulus information to make a categorization decision. 

Guessing should only result in chance performance. 

The best-fitting models in the last block of training of all participants are shown in Table 

1. As can be seen, the number of participants attending to only one stimulus dimension is very 

low for all target durations and does not increase with shorter target durations. Instead, 

participants who were not attending to both stimulus dimensions with the shortest target duration 

(i.e., 50 ms) were mostly guessing. Hence, the results of the model analysis suggest that 

participants were not adopting a strategy of focusing on a single dimension when the target 

duration was shorter, which further supports the interpretation that the visual information in RB 

categorization is more robust to short target durations than the visual information in II 

categorization. 

======== INSERT TABLE 1 ABOUT HERE ======= 

The models that were fit to the data also allow for an estimation of categorization noise. 

While it is not possible to distinguish between perceptual noise and decision noise, it is 

reasonable to assume that the amount of decision noise would be roughly constant for all target 

duration, and that changes in categorization noise estimates should reflect changes in perceptual 

                                                                                                                                                             
number of attended stimulus dimensions by the participants so model fits are merged into 1D, 2D, and guessing (i.e., 

0D) models. 
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noise.3 Figure 4a shows the estimated categorization noise for participants using a 2D strategy. 

As can be seen, the estimated noise tends to decrease with longer target duration. This further 

supports the interpretation that backward masking in perceptual categorization reduces the SNR 

of the target proportional to target duration. 

======== INSERT FIGURE 4 ABOUT HERE ======= 

2.3 Discussion 

The results of Experiment 1 suggest a differential effect of target duration in backward 

masking for RB and II categorization that is not caused by differential attentional strategy. The 

categorization difficulty of RB and II categories was equal for short (e.g., 50 ms) and long (e.g., 

500 ms) target durations, but accuracies in RB categorization were higher than in II 

categorization for intermediate target durations (and significantly so for a target duration of 200 

ms). The differential effect of target duration on RB and II categorization supports the hypothesis 

that RB and II categorization may be processed by different cognitive and brain systems, as the 

stimuli and masks were the same in both conditions. Hence, the only difference must be within 

the processing of the information. The result that RB categorization is more accurate than II 

categorization for intermediate target durations further suggests that RB categorization is more 

robust to low SNR conditions than II categorization, which is consistent with the RB percept 

being digital and the II percept being analogical. However, this interpretation relies on the 

assumption that shorter target duration in backward masking is equivalent to lower SNR while 

longer target duration in backward masking is equivalent to larger SNR. This interpretation is 

supported by the noise estimates from the model analysis, but Experiment 2 will more directly 
                                                 
3 We thank an anonymous reviewer for this suggestion. 
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test for this possibility by simultaneously presenting the stimulus and the mask (i.e., integration 

masking) and varying mask opacity to control for the SNR of the stimulus. 

3 Experiment 2 

The goal of Experiment 2 was to test whether the results obtained for the different target 

durations in Experiment 1 could be explained by lower SNR resulting from shorter target 

duration. Experiment 2 used the same stimuli, categories, and masks, but the stimulus and the 

mask were displayed simultaneously. This method is called integration masking, and it is well-

known that integration masking usually yields a monotonic masking function (Breitmeyer & 

Ogmen, 2006). Hence, varying the mask opacity should disrupt perceptual categorization in a 

monotonic way. The opacity of the mask was varied in four steps of 50% (highest SNR), 60%, 

70%, and 80% (lowest SNR). Figure 5 shows example stimuli with mask opacities of 50 (a) and 

80 (b). If shorter target duration in Experiment 1 was equivalent to smaller SNR, then the results 

of Experiment 2 should reproduce the results from Experiment 1 because both masking functions 

are monotonic. Specifically, low opacity conditions should produce similarly high accuracies for 

both RB and II categorization (similar to 500 ms target duration) and high opacity conditions 

should produce similarly low accuracies for RB and II categorization (similar to 50 ms target 

duration). However, intermediate levels of opacity should favor RB categorization because the 

percept is more digital, and therefore more robust to noise. In contrast, the II percept is more 

analog and less robust to noise, which should result in lower performance for intermediate 

opacity when compared to RB categorization. 

======== INSERT FIGURE 5 ABOUT HERE ======= 
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3.1 Method 

3.1.1 Participants 

Two hundred and sixty-seven participants were recruited from the Purdue University 

student population to participate in this experiment. Participants were randomly assigned to one 

of 8 conditions obtained by fully crossing a 2 Categories (RB vs. II) × 4 Mask Opacity (50%, 

60%, 70%, 80%) design. The number of participants in each condition was as follows: RB/50 = 

47, II/50 = 47, RB/60 = 28, II/60 = 27, RB/70 = 26, II/70 = 24, RB/80 = 31, and II/80 = 37. Each 

participant was given credit for participation as partial course requirement, and none of them 

participated in Experiment 1.  

3.1.2 Material 

The material was identical to Experiment 1. 

3.1.3 Procedure 

The procedure was identical to Experiment 1, except that the mask and the stimulus were 

presented simultaneously. The opacity of the mask was varied to be either 50% (lowest noise 

condition), 60%, 70%, or 80% (highest noise condition) in a between-subject design, so that each 

participant always saw the same mask opacity, but participants in different conditions saw 

different mask opacity. Stimuli in all conditions were shown until the participants made a 

response or 5 seconds had elapsed. Example stimuli for Experiment 2 are shown in Figure 5. 
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3.2 Results 

3.2.1 Accuracies 

The accuracy results are shown in Figure 6. As can be seen the results are similar to those 

obtained in Experiment 1. With low mask opacity (i.e., when the stimulus is most visible, highest 

SNR), the task is easy and participants in both conditions performed equally well. However, as 

mask opacity increased, participants in the RB conditions tend to perform better than participants 

in the II conditions. Finally, in the most opaque condition (i.e., when the stimulus is least visible, 

lowest SNR), participants in both the RB and II conditions performed similarly poorly. 

===== INSERT FIGURE 6 ABOUT HERE ==== 

As in Experiment 1, we began by making sure that the factor Mask Opacity interacted 

with the factor Condition. Towards this end, we averaged the last two blocks of each participant 

for each Condition × Mask Opacity combination (to obtain a stable performance estimate at the 

end of each learning curve) and computed a Condition × Mask Opacity ANOVA. Because the 

distributions violated the normality assumption for 6 out of 8 factor combinations (using 

Kolmogorov-Smirnoff with a p < .05), and each trial is Bernoulli, we again applied a logit 

transformation (Agresti, 1996). The results show a significant effect of Condition (F(1, 526) = 

6.72, p < .01), Mask Opacity (F(3, 526) = 4.36, p < .01), and more importantly a significant 

interaction between these factors (F(3, 526) = 3.41, p < .05). We thus proceeded with analyzing 

the data for each mask opacity. 

As in Experiment 1, separate 2 (RB vs. II) × 6 (Block) ANOVAs were computed for each 

mask opacity. For a mask opacity of 50% (highest SNR), the effect of Block reached statistical 

significance (F(5, 460) = 17.22, p < .0001), showing that participants improved with practice. 
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However, as suggested by Figure 6, neither the effect of Condition (F(1, 92) = 0.00, n.s.) nor its 

interaction with Block (F(5, 460) = 1.77, n.s.) reached statistical significance. The mean 

accuracy in Block 1 was 69.9%, and increased to 77.9% in Block 6. Note that this lowest mask 

opacity can be considered as a control condition and representative of categorization 

performance without a mask. It is similar to the 500 ms target presentation conditions from 

Experiment 1. 

As in Experiment 1, performance in RB and II categorization diverged as the stimulus 

became less visible. For a mask opacity of 60%, the effect of Block again reached statistical 

significance (F(5, 265) = 3.30, p < .01), showing that participants improved in this slightly 

harder condition. However, the effect of Condition also reached statistical significance (F(1, 53) 

= 5.50, p < .05), showing that participants in the RB condition performed better than participants 

in the II condition. Specifically, accuracy in the RB condition was 72.5% in Block 1 and 

improved to 78.2% in Block 6. In contrast, accuracy in the II condition was 66.2% in Block 1 

and improved to only 70.2% in Block 6. The Block × Condition interaction failed to reach 

statistical significance (F(5, 265) = 0.40, n.s.). This condition is similar to a target duration of 

200 ms in Experiment 1. 

As the task became even more difficult, the difference between the RB and II conditions 

began to decrease again. For a mask opacity of 70%, the effect of Block reached statistical 

significance (F(5, 240) = 7.38, p < .0001), but the effect of Condition (F(1, 48) = 2.87, n.s.) and 

its interaction with Block (F(5, 240) = 1.01, n.s.) did not. Mean accuracy in Block 1 was 65.5%, 

and increased to 73.0% in Block 6. A mask opacity of 80% yielded similar results, with the 

effect of Block reaching statistical significance (F(5, 330) = 6.56, p < .0001) but not the effect of 
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Condition (F(1, 66) = 0.52, n.s.) nor its interaction with Block (F(5, 330) = 0.71, n.s.). With a 

mask opacity of 80%, mean accuracy in Block 1 was 67.2% and increased to 73.2% in Block 6. 

These conditions were similar to target durations shorter than 200 ms in Experiment 1. Note that, 

similar to Experiment 1, performance was significantly above chance even in the most difficult 

conditions. 

3.2.2 Model fit 

The same model-based analyses as in Experiment 1 were performed for the Experiment 2 

data. The results for Block 6 are shown in Table 2. Similar to Experiment 1, the majority of 

participants attended to both stimulus dimensions, and very few participants focused on a single 

dimension. Importantly, the number of participants attending to a single dimension did not 

increase with mask opacity. The main difference between the model-fit results in the two 

experiments is that the number of guessers was mostly constant across opacity levels in 

Experiment 2, whereas there were more guessers for short target durations in Experiment 1. 

Hence, these results further reinforce the findings of Experiment 1 showing that participants 

were not adopting a strategy of focusing on a single stimulus dimension when the stimulus 

became more difficult to see, which again supports the interpretation that the visual 

representation in RB categorization is more robust to noise than the visual representation in II 

categorization. 

======== INSERT TABLE 2 ABOUT HERE ======= 

Similar to Experiment 1, the estimated categorization noise for participants using a 2D 

strategy was plotted in Figure 4b. As can be seen, the noise estimations are more variable than in 

Experiment 1, but they tend to decrease with smaller mask opacity. One exception is the 
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condition RB/50, which has a small upward trend. Looking at individual data suggests that the 

upswing is an artifact caused by two outlier participants. Removing these participants reduces the 

variance and removes the upward swing for RB/50, with mean estimated noise going from the 

present 8.47 to 7.65 with the outliers removed. This further supports the interpretation that 

integration masking in perceptual categorization reduces the SNR of the target proportional to 

mask opacity, and reproduces the findings from Experiment 1. 

3.3 Discussion 

The results from Experiment 2 support the hypothesis that reducing the SNR by using 

integration masking can be made to reproduce the effect of short target duration in backward 

masking on perceptual categorization (when the masking function is monotonic). Specifically, 

more opaque masks reproduced the effect of shorter target duration. As in Experiment 1, 

conditions with lower SNR (i.e., more opaque masks) resulted in poor performance for both RB 

and II categorization, while conditions with higher SNR (i.e., less opaque masks) resulted in 

good performance for both RB and II categorization. However, the most important result 

happened for intermediate mask opacity – i.e., for moderate SNR. In this case, RB accuracy was 

higher than II accuracy. This result is similar to the one obtained with an intermediate target 

duration in Experiment 1. These results suggest that the effect of backward masking on 

perceptual categorization is to reduce SNR of the visual percept proportional with the target 

duration. Further, the model-based analysis suggests that participants did not adopt a strategy of 

focusing on a single stimulus dimension when the stimulus is more difficult to see. 
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4 General discussion 

This article reports research aimed at testing whether categorizing stimuli using a verbal 

or nonverbal strategy relies on the same visual information. The stimuli used for verbal and 

nonverbal categorization were drawn from the same stimulus space (so they looked the same), 

and the results from two experiments suggest that verbal rule-based category structures are more 

robust to low SNR than nonverbal information-integration categorization structures. The SNR 

was reduced by either interrupting visual processing using backward masking (with various 

target durations) or disrupting visual processing using integration masking (with various mask 

opacity). With both these manipulations, the results show that RB categorization is more robust 

at intermediate levels of SNR than II categorization. Importantly, the category structures were 

equated for difficulty in both low and high SNR conditions, and performance only differed with 

intermediate visibility levels. 

4.1 Implication for masking in perceptual categorization 

From a masking perspective, the included experiments show that a strong mask can 

produce a monotonic backward masking function in perceptual categorization. Hence, masks can 

be used to control the target duration and interrupt visual processing. Backward masking can 

thus be an efficient tool to study perceptual categorization under time pressure. Another 

interesting finding is that, because integration masking has a well-known monotonic masking 

function (Breitmeyer & Ogmen, 2006), controlling target duration in perceptual categorization 

using backward masking can produce similar results as controlling the mask opacity in 

integration masking. Both types of masking seem to affect category learning through a 

modification of the signal-to-noise ratio, with more opaque mask or shorter target duration 
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producing a lower SNR. Importantly, visual displays produce more than one kind of visual 

information (e.g., analogical, digital), which can be affected differently by the SNR and in turn 

disturb or enhance further cognitive processing. 

4.2 Implication for multiple-system theories of perceptual category learning 

The results from the experiments reported in this article have important implications for 

category learning research. First, these results provide additional evidence that different category 

structures are processed differently. One possibility is that visual or attentional processing is 

affected by the category structures, and that the resulting percept is forwarded to a single 

category-learning system (e.g., Nosofsky, 1984). Because the input to the categorization system 

is different, the output of the categorization system may also be different, which could account 

for some behavioral dissociations with different category structures (e.g., Maddox & Ashby, 

2004). However, this possibility is unlikely given that the visual information provided in both 

RB and II categorization is identical (same mask, same stimuli, etc.) and that categorization is 

needed before the category structures can be discovered. 

Another, more plausible, possibility is that visual and/or attentional processing is the 

same for both RB and II category structures, but that visual processing simultaneously produce 

more than one kind of information (e.g., as in the ventral/dorsal stream) and that RB and II 

categorization use different kind of visual information. This view is highly consistent with 

multiple-system theories of categorization, in which a frontal-based system is optimal to learn 

RB categories while a striatal-based system is optimal to learn II categories (Ashby et al., 1998). 

The frontal-based system uses digital information (e.g., stimulus dimensions or features) 

produced by the ventral stream while the striatal-based system uses analogical information 



 

 

25

produced by the dorsal stream (e.g., an integrated version of the stimulus features or 

dimensions). Digital information is more robust to noise than analogical information 

(Sarpeshkar, 1998), which accounts for the results herein. Hence, these results are strong 

evidence for multiple-systems theories of perceptual categorization. 

4.3 Future work 

The visual information entering the categorization system(s) likely affects the mental 

representation that is learned (e.g., the product of the category learning system). Helie and Ashby 

(2012) showed that the mental representation that is learned affects how categorical knowledge 

can be used and transferred to new tasks. Specifically, different tasks may require knowledge 

about different aspects of the categories, and completeness of the learned categorical 

representation is limited by the visual information used by the categorization system. For 

example, if RB categorization manipulates a digital representation of the stimulus, it is likely that 

only the stimulus dimensions required for rule application are represented. If this is the case, then 

only the rule-relevant dimensions would be part of the learned category representation. Hence, 

any task that requires knowledge of other, non-rule-relevant dimensions, would require 

relearning the categories. In contrast, the percept in II categorization is more analogical, so the 

learned categorical representation (if any) would be more complete. Future research should focus 

on exploring how percepts affect category representation, as well as on trying to decouple the 

visual attention system producing different percepts from the (possibly) different categorization 

systems used to make categorical judgment. 
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Table 1. Model fits in Block 6 of Experiment 1 

 2D strategies 1D Strategies Guessing 

RB/50 14 2 14 

II/50 18 1 10 

    

RB/75 23 3 4 

II/75 19 3 7 

    

RB/100 24 2 3 

II/100 23 1 5 

    

RB/200 24 1 4 

II/200 20 4 9 

    

RB/500 24 4 2 

II/500 33 0 5 

Note. 2D strategies include the general linear classifier and the conjunction model. 1D 

strategies include unidimensional rules on either dimension. Guessing strategies can be 

biased or unbiased. 
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Table 2. Model fits in Block 6 of Experiment 2 

 2D strategies 1D Strategies Guessing 

RB/50 35 3 9 

II/50 38 3 6 

    

RB/60 23 0 5 

II/60 16 3 8 

    

RB/70 17 4 5 

II/70 10 8 6 

    

RB/80 19 1 11 

II/80 30 0 7 

Note. 2D strategies include the general linear classifier and the conjunction model. 1D 

strategies include unidimensional rules on either dimension. Guessing strategies can be 

biased or unbiased. 
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7 Figure captions 

Figure 1. Stimuli used in the experiments. (a) An example stimulus. (b) An example 

mask. (c) Category structures in the rule-based conditions. The optimal bounds for the 

conjunction rule are x1 = 40 and x2 = 60. (d) Category structures in the information-

integration conditions. The optimal categorization bound is x1 = x2. 

Figure 2. Accuracy for each block of each condition in Experiment 1. Each panel 

represents a different target duration. Error bars represent between-subject standard error 

of the mean. 

Figure 3. Masking function in Experiment 1. Error bars represent between-subject 

standard error of the mean. 

Figure 4. Estimated noise for participants using a 2D strategy, as determined by model 

fits. (a) Estimated noise in Experiment 1. (b) Estimated noise in Experiment 2. Error bars 

represent between-subject standard error of the mean. 

Figure 5. Example stimuli used in Experiment 2. (a) A stimulus with a mask opacity of 

50. (b) A stimulus with a mask opacity of 80. 

Figure 6. Accuracy for each block of each condition in Experiment 2. Each panel 

represents a different mask opacity. Error bars represent between-subject standard error 

of the mean.  
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