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Abstract 

 

A number of categorization models have been proposed that consider classification 

performance and uncertainty in terms of prototypes, category boundaries, and exemplars. Like 

other models of categorization, category boundary models (e.g., GLCs) only consider cognitive 

uncertainty while failing to consider affective uncertainty. Using a modified GLC, measures of 

affective uncertainty were obtained by combining exemplar-based information (e.g., response 

frequency) and categorical information (e.g., categorization accuracy) in varying proportions 

(0/100, 25,75, 50/50, 75/25, and 100/0). We provide evidence that categorical and exemplar-

based representations likely inform affective uncertainty in simple categorization tasks.  

 

Introduction 

 

Uncertainty is a fundamental concept in information theory (Shannon, 1948) explicitly or 

implicitly informing many early models of cognition (Lachman, Lachman, & Butterfield, 

1979). Uncertainty is typically understood in terms of confusability between multiple stimuli 

due to an absence of information or as the result of stimulus similarity. This reflects the 

cognitive dimension. Contemporary models of decision-making have considered affect in 

terms of an antecedent to information processing (e.g., Slovic et al., 2002). More recently, 

studies have attempted to dissociate cognitive and affective uncertainty (Burleigh & 

Schoenherr, 2014; Schoenherr & Burleigh, under review). In the present study, we examine 

whether a simple model of categorization based on General Recognition Theory (GRT; Ashby 

& Townsend, 1986) can be adapted to understand differences between cognitive and affective 

uncertainty rather than postulating separate response mechanisms. We examine three different 

computational methods for modelling affective uncertainty that incorporate categorical and 

exemplar-based information and contrast them against models that use a single source 

information (i.e., categorical or exemplar knowledge). We then consider, and reject, a Bayesian 

model of this phenomenon. 
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Cognitive and Affective Uncertainty in a Categorization Task 

 

Categorization Models 

 

A number of similarity-based categorization models have been proposed that assume that novel 

stimuli are classified based on their similarity to summary representations, instances, and 

category boundaries (for a review, see Pothos & Wills, 2011). Collectively, these models 

assume that participant will be uncertainty to the extent that a given exemplar shares features 

with an exemplar associated with a contrasting category. While recent categorization models 

have considered cognitive uncertainty (e.g., Paul et al., 2011), affective uncertainty has yet to 

be considered. 

 

Uncanny Phenomena 

 

In the context of engineering, Mori (1970) suggested that the extent to which an object (e.g., 

robot, mask, doll, prosthetic) was associated with negative affect (‘eeriness’) was a nonlinear 

function of the extent to which it shared features with humans, i.e., humanlikeness. The result 

is an “uncanny valley” (hereafter, referred to as the uncanny valley hypothesis, or UCV), or 

minima in a function describing positive affect along a continuum. 

With considerable qualification, the UCV has received some support from a number of 

empirical studies (e.g., Cheetham, Suter, & Jäncke, 2011; MacDorman & Ishiguro, 2006). 

Studies that present participants with stimuli from human and nonhuman categories have found 

that stimuli containing characteristics from both categories are associate with greater decisional 

uncertainty which has been interpreted as affective uncertainty (e.g., Cheetham et al., 2011). 

However, these results must be qualified. In a study by Burleigh, Schoenherr, and Lacroix 

(2013), stimuli that deviated in terms of humanlikeness (e.g., facial morphology, the number 

of polygons) did not demonstrate an uncanny valley (Experiment 1). However, when human 

and nonhuman features were blended in novel stimuli, negative affect was observed 

(Experiment 2). These results can be taken as suggesting that the uncanny valley is not 

dependent on humanlikeness, but requires two contrasting category and exemplars that share 

features of each. 

Evidence also suggests that the UCV can be understood in terms of categorization 

processes more generally. Burleigh and Schoenherr (2014; Schoenherr & Burleigh, under 

review) suggest that negative affect might be the result of uncertainty that arises from 

comparing novel stimuli that share features from two contrasting categories. The absence of 

familiarity with the novel exemplars relative to two or more well-known categories leads to 

negative affect. Thus, presentation frequency should be a key determinant of affect uncertainty.  

Burleigh and Schoenherr (2014) obtained evidence to support this account using a 

unidimensional categorization task. In a training phase, participants were provided with 

exemplars selected from two nonhuman categories and were provided with feedback. In a 

transfer phase, participants categorized old and new stimuli (novel extrapolation items) and 

provided eeriness and typicality ratings. Burleigh and Schoenherr (Burliegh & Schoenherr, 

2014; Schoenherr & Burleigh, under review) observed that cognitive uncertainty (errors) and 

affective uncertainty (eeriness ratings) are highest around the category boundary. Crucially, 
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they additionally observed that affective uncertainty (but not cognitive uncertainty) was also 

high for stimuli located far away from the category boundary that had not been presented during 

training (extrapolation items). They suggested that this finding can be accounted in terms of 

frequency-based effects in studies of preference (Bonanno & Stillings, 1986) and the mere 

exposure effect (e.g., Borenstein, 1989). Consequently, while categorization performance was 

determined by a categorical representation (i.e., a category boundary), ratings of negative affect 

were additionally affected by exemplar presentation frequency during the learning phase. 

 

Present Study 

 

The results of Burleigh and Schoenherr (2014) suggest that uncanny valley phenomena need 

not be the result of special kinds of knowledge or processes related to human categories, but 

might best be understood in terms of general categorization processes. If true, this means that 

computational models of categorization should be able to account for the patterns of results 

associated with the UCV. Following the suggestions of Burleigh and Schoenherr (2014), we 

consider an account of the UCV that uses a category boundary to classify stimuli from two 

contrasting categories. Given the widespread use of GRT (Ashby & Townsend, 1986) and 

category boundary models (e.g., Ashby & Gott, 1988), we used a previous implementation of 

this model (Alfonso-Reese, 2006) to simulate categorization performance using a General 

Linear Classifier (GLC). GRT assumes that stimuli are represented in multidimensional space 

and that categorization occurs by means of the adoption of a decision-boundary. Following the 

presentation of a stimulus, a GLC adjusts the location of the category boundary in 

multidimensional space until an optimal decision boundary is identified. The relative location 

of an old or new stimulus to the decision boundary will determine the category of the stimulus.  

Beyond GRT, we additionally assume that participants retain knowledge of both a 

category boundary and specific exemplars (e.g., RULEX; Nosofsky, Palmeri, & McKinley, 

1994). Exemplar-based information was modelled using the response frequency of the GLC, 

i.e., the perceived frequency of stimulus presentation. By pooling categorization accuracy and 

model stimulus response frequency, we examine possible measures of affective uncertainty. 

 

Model and Results 

 

The model was based on the GRT Toolbox (Alfonso-Reese, 2006) developed in MATLAB. 

We used the unidimensional variant of the General Linear Classifier (GLC) model 

(lindiscrim1dvals.m) to accommodate the single dimension used by Burleigh and Schoenherr 

(2014) and used a low-level of noise (noise = 1) due to the high level of performance of 

participants in that study. The category boundary was assigned to the mid-point of the stimulus 

distribution (i.e., Stimulus 8).  

Stimulus sets were created in MATLAB to replicate those used by Burleigh and 

Schoenherr (2014). We examined 2 separate stimulus sets corresponding to two different kinds 

of training conditions. Corresponding to the equal frequency (EF) condition, the GLC was 

provided with 5 stimuli from each category (i.e., Stimuli 3-7 and 9-13) that were randomly 

sampled without replacement. Each of the 10 stimuli were presented 4 times in a block of trials. 
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In the unequal frequency (UF) condition, the same number of training stimuli (40) were 

provided to participants. However, the presentation frequency of each of the 4 stimuli (i.e., 

Stimuli 3-6 and 8-13) increased as a function of distance away from the category. Each 

successive position away from the stimuli resulted in a doubling of presentation frequency, 

such that the stimuli located close to the category boundary (Stimuli 6 and 8) were presented 2 

times whereas as the most distant stimuli (Stimuli 3 and 13) were presented 8 times. In this 

way, the GLC becomes sensitized to extreme values along the stimulus continuum in the UF 

condition but receives unbiased training in the EF condition. The model was provided with 10 

training blocks. Table 1 contains the distributions for the training blocks in the EF and UF 

conditions. 

 The test session proceeded in an identical manner for the EF and UF conditions. All 15 

stimuli were presented to the model. In each of the two training blocks, the model received 

only 2 presentations of each stimuli. 

 

Response Coding 

 

Correct responses were determined by the assignment of a given exemplar to a region along a 

perceptual continuum, i.e., a category. Stimulus 8 was used as a mid-point and therefore it was 

neither correct nor incorrect. Stimuli 1-7 were assigned to Category 1 whereas stimuli 9-15 

were assigned to Category 2. Responses were coded as correct if the appropriate category label 

was assigned to a stimulus.  

 

Model Fit 

 

Figure 1a provides the model output for the training phase wherein only a subset of stimuli 

were provided. Like Burleigh and Schoenherr, response accuracy is at the lowest at the 

category boundary, reflecting high decisional uncertainty. As Figure 1b demonstrates, 

participants were highly accuracy even with the two novel stimuli from each category. To this 

end both the GLC and human data suggest that a linear category boundary was used to 

categorize stimuli. A correlational analysis demonstrates the similarity between the human and 

model categorization data with a strong positive correlation, r(14) = .980, p < .001. 
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Fig 1. General Linear Classifier (GLC) predicted accuracy in the training (A) and transfer 

phases (B). GLC predicted negative affect in the transfer phase (C) using the 50:50 ratio for 

categorical and exemplar-based information. 

 

Affective ratings were modelled using proportional combinations of two sources of 

information. Affective models were assessed that included only response accuracy or response 

frequency. Three additional possibility were also examined assuming that one source of 

information (categorization accuracy or training frequency) might exert a larger influence on 

affective ratings than another or whether they contributed equally. Table 2 provides the results. 

 

Table 1. Correlations between models of affective responses and human data from Burleigh 

and Schoenherr (2014). The p-value is contained within parentheses. 
 

 Categorical:Exemplar 

 100:0 75:25 50:50 25:75 0:100 

Equal Freq. -.120 (.68) .014 (.96) .151 (.61) .219 (.45) .245 (.40) 

Unequal Freq. .214 (.46) .478 (.08) .528 (.05) .537 (.05) .538 (.05) 
 

 

As Table 1 demonstrates, despite the GLC providing an excellent fit to the 

categorization data, we did not find support that the GLC’s model of response accuracy 

provided a reasonable fit of the affective responses in either the EF or UF conditions. This 

supports our claim that cognitive uncertainty (accuracy) and affective uncertainty (negative 

affect ratings) are differentially influenced by separate sources of information. 

 The results provided in Table 1 suggest that if a GLC provides a reasonable means to 

understand affective ratings, the basis for affective ratings might be dependent on condition. 

Whether equal weight was provided to both categorical and exemplar-based information 

(50:50) or greater weight was assigned to exemplar-based information (25:75), or exemplar-

based information was solely used (0:100), the model provided a reasonable fit to the data in 

the UF condition. This was not the case for the EF condition. Regardless of the measure used, 

the GLC did not provide a reasonable model for affective responses. However, this condition 

appeared to reflect stimuli categorization bias. As Burleigh and Schoenherr (2014) noted, 

participants in the EF condition appeared to have a bias to anchor their preferences to a 

particular response category. The possibility of modelling such bias was not examined here but 

could be explored using a GLC. It is still noteworthy that, even in this condition, the best fits 
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followed the same trend as the UF condition: the greater the influence of exemplar-based 

information, the better the affective model fit.  

 

Discussion 

 

In the current study, we obtained evidence that a general linear classifier (GLC; Alfonso-Reese, 

2006) provides a good fit for uncertainty responses. While we do not claim that categorization, 

or the relationship between affect and cognition, can be adequately described by a GLC, we 

sought a parsimonious account to contrast against more complicated accounts of this 

relationship (e.g., MacDorman, & Ishiguro, 2006). In the case of the present study, our model 

used few parameters and, with the exception that response frequency influences affective 

responses, no additional assumptions were required beyond those of GRT (Ashby & 

Townsend, 1986). In terms of the categorization results, the GLC provided an excellent fit to 

the data with equivalent performance to that of the human data. With minor assumptions, the 

pattern of affective ratings was also captured. Measures that assumed affective uncertainty and 

cognitive uncertainty were equivalent, provided the poorest fits for the data. In contrast, we 

found that measures that assume exemplar-based representations inform affective responses 

produced the best fits. 

 The current study and GLC-based model of the uncanny valley can be contrasted with 

a Bayesian account (Moore, 2012). This account assumes the uncanny valley is a function of 

two factors: (1) perceptual tension near category boundaries based on uncertainty between 

perceptual cues (modeled by a displacement function), and (2) the relative frequency of each 

category. Being a Bayesian account, the key difference between category boundaries is the 

assumption that the non-human category’s probability distribution has a broader spread than 

the human category’s distribution. This differential spread is required to match the non-

monotonicity of Mori’s original affinity axis. Crucially, Moore’s account begins with Mori’s 

function and then works backwards to describe a set of probabilistic processes which could fit 

this function rather than describing specific elements of the data. 

Consequently, Moore’s account is lacking in two respect. First, like many early 

Bayesians accounts, they fail to consider how prior distributions are acquired through learning. 

Second, like other discussions of the UCV, this account conflates cognitive and affective 

uncertainty responses thereby assuming only a single learning and response system. In contrast, 

our results suggest that multiple stimulus representations or multiple learning systems are 

required to understand discrepancies between affect and categorization. 

The findings presented here provide support for Burleigh and Schoenherr’s (2014) 

explanation of UCV-like phenomena. Specifically, high cognitive and affective uncertainty is 

observed for stimuli located between the two categories due to stimulus ambiguity: stimuli 

located near the category boundary share more features with a contrasting category and are 

therefore more confusable. In contrast, stimuli located at the ends of the stimulus continuum 

are associated with low cognitive uncertainty because of their remoteness relative to the 

category boundary. Their high affective uncertainty must therefore be a response of infrequent 

exposure to stimuli during training. Thus, while these stimuli are unambiguously members of 

their respective categories, they are unfamiliar. This lack of familiarity results in negative 

affect.  
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In terms of a simple model of affective uncertainty, we found that using the outputs of 

a GLC in terms of 1) categorization accuracy and 2) response frequency can provide reasonable 

fits for the data obtained in experiments examining the UCV. Crucially, the GLC does this 

without invoking special learning and response mechanisms associated with “humanlikeness” 

(e.g., MacDorman & Ishiguro, 2006) as well as those that equate cognitive and affective 

uncertainty (e.g., Cheetham et al. 2011). We therefore suggest that UCV-like phenomenon 

simply reflect patterns that have been identified in discussed in the preference literature (e.g., 

Bonanno, & Stillings, 1986; Borenstein, 1989). In short, the special status that is typically 

ascribed to the “human” category in UCV studies is likely the result of increased high 

frequency of exemplars (humans) within the environment and cognitive uncertainty of stimuli 

that shared features from two contrasting categories. 
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