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Abstract: Design typicality plays a major role in consumers’ reactions towards a 
product. Hence, assessing a product design’s typicality is vital to predicting consumers’ 
responses to a design. However, directly asking people for their subjective typicality 
experience may yield a biased measure as the rating arguably contains the overall 
aesthetic impression of the product. Against this background, we introduce four 
unbiased objective measures of design typicality (two based on feature points and two 
based on grids) and demonstrate their capability of capturing the subjective typicality 
experience. We validate the proposed measures in the context of automobile designs 
with ratings of aesthetic liking, processing fluency, and cumulative sales data by 
analysing 77 car models from four segments ranging from subcompact cars to SUVs. 
Our findings endorse the general notion that objective measures should be included 
in product design research; and the proposed objective approaches provide 
convenient means to easily assess design typicality. 
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1. Introduction 

Visual typicality is a general principle of product design aesthetics, and ample research 

suggests that humans prefer prototypical designs over atypical ones (e.g., Hekkert, Snelders, 

& van Wieringen, 2003; Veryzer & Hutchinson, 1998). The link between aesthetic 

preferences and typicality has been demonstrated in various domains such as faces (Langlois 

& Roggman, 1990), visual patterns (Martindale & Moore, 1988; Winkielman, Halberstadt, 

Fazendeiro, & Catty, 2006), paintings (Purcell, 1993), and automobile designs (Landwehr, 

Labroo, & Herrmann, 2011; Landwehr, Wentzel, & Herrmann, 2013). Typicality also plays an 

important role in the trendiness of a product (Blijlevens, Mugge, Ye, & Schoormans, 2013) 

and in the evaluation of fit between product and the context of product presentation 

(Blijlevens, Gemser, & Mugge, 2012). 
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However, studies establishing associations between typicality and aesthetic preferences 

have been criticized based on potential circularity in their relation (Boselie, 1995). In 

particular, if participants are asked to rate the most typical products they may simply choose 

the most beautiful ones (Hekkert et al., 2003). Hence, if one is interested in the true 

typicality of a product, directly asking people about their typicality perception may yield a 

biased measure because the answer is partly driven by the overall aesthetic impression, as it 

captures the response towards the stimulus instead of the typicality of the stimulus itself. An 

unbiased measure of design typicality, in contrast, would optimally capture solely the 

stimulus’ typicality. 

The purpose of this research is to introduce such objective, unbiased measures of design 

typicality and to compare them against subjective typicality ratings. We show that objective 

measures are able to capture the subjective typicality experience. Furthermore, we validate 

the proposed measures in the context of automobile designs from four segments, ranging 

from subcompact cars to SUVs, using ratings of aesthetic liking, processing fluency, and 

cumulative sales data. In doings so, we contribute to the field of product design research by 

providing algorithmic, objective approaches to assess design typicality that can be used from 

the very first step of the design process. 

2. Theoretical background 

When people are forming first impressions, they prefer prototypical stimuli. This “beauty-in-

averageness” effect was initially reported for facial processing where Langlois and Roggman 

(1990) found that people prefer an average face that was created as a morph of all faces in a 

sample over any individual face in the sample. As an explanation for this preference served 

the reproductive fitness that is associated with prototypicality (Rhodes & Tremewan, 1996). 

However, subsequent studies demonstrated that this effect also holds true for stimuli that 

are not associated with a reproductive advantage. Halberstadt and Rhodes (2000), for 

example, showed that prototypical drawings of dogs and birds and photos of wristwatches 

were perceived as more attractive than less typical ones. This relationship between typicality 

and attractiveness is also reflected in ratings of aesthetic liking, defined as “the sensation 

that results from the perception of attractiveness (or unattractiveness) in products” (Crilly, 

Moultrie, & Clarkson, 2004, p. 552). Landwehr and colleagues (2013), for instance, found 

higher ratings of aesthetic liking for typical car designs at low level of exposure. They further 

showed that this positive effect of typicality also affects car sales and that the underlying 

psychological mechanism is processing fluency. 

One of the most influential explanations for a positive effect of typicality is based on the 

concept of processing fluency (Reber, Schwarz, & Winkielman, 2004; Winkielman et al., 

2006). Fluency refers to the cognitive ease that people experience when processing a 

stimulus (Schwarz, 2004). A key prediction of processing fluency theory is that the ease of 

processing a stimulus determines the aesthetic response towards the stimulus (Reber et al., 

2004) because higher fluency and hence easier processing is inherently positive and 
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experienced as gut-level positive affect (Winkielman & Cacioppo, 2001). Provided that the 

positive feeling is not attributed to a different source, higher fluency will thus result in higher 

aesthetic liking (Winkielman, Schwarz, Fazendeiro, & Reber, 2003). 

Importantly, research on fluency has shown that the experience of fluency can be 

determined by core characteristics of a stimulus that are nonspecific to its content (Reber et 

al., 2004). People can, for example, process stimuli that are high in symmetry, figure-ground 

contrast, and visual clarity more efficiently, resulting in feelings of fluency (Reber et al., 

2004). Research linking typicality to fluency suggests that prototypical stimuli result in higher 

fluency because typical designs enable a quicker and more efficient visual categorization of 

the product due to the similarity to the visual traces stored in people’s visual memory. This 

has been demonstrated, for example, by Winkielman and colleagues (2006) using random 

dot patterns. They found that prototypical patterns are classified more efficiently and recruit 

fewer neural resources. 

Against this background, we examine the relationship among design typicality, processing 

fluency, and aesthetic liking of consumers using 3D models of cars. In accordance with 

previous studies on car models, we argue that consumers will experience greater fluency 

when processing typical rather than atypical designs and will interpret the fluency signal as 

their aesthetic liking.  

3. Objective measurement of design typicality 

In order to capture all possible aspects of typicality, we compared four objective measures 

of design typicality. In line with previous research on prototypicality (Langlois & Roggman, 

1990), we consider a prototype as possessing the average values of the visual features of a 

specific category. Thus, all four measures follow the general idea that the prototype is a 

representation of the common characteristics of all designs within a category. Therefore, a 

car’s design is typical if the distance to the prototype’s design is low, and atypical if the 

distance to the prototype’s design is high. The specific calculation of the prototype and the 

distance measure, however, differs between the four measures. Two are based on feature 

points, two are based on a grid that is placed over the image. 

3.1 Feature point-based measures 
The two feature point-based measures rely on the identification of characteristic design 

features. The first approach applies an established measure that has been used in prior 

studies on the typicality of car designs (Landwehr et al., 2011, 2013) and is based on 

techniques originally developed in the context of research on facial attractiveness (Langlois 

& Roggman, 1990). In particular, predefined characteristic feature points (e.g., vertex of 

headlights) are manually set for each image, followed by a visually averaged representation 

(i.e., a morph) of all products within a product category. The objective typicality measure is 

created based on the Euclidean distances between each of the feature points of a particular 

car and the corresponding feature points of the morph. We use this approach (subsequently 
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referred to as manually coded feature point measure) as the first of four objective design 

typicality measures. 

The second approach follows the same idea of characteristic feature points. However, in 

contrast to manually coding the feature points, we use a new, algorithmic approach based 

on perceptual image hashing (Monga & Evans, 2006). The advantage of this new approach is 

that feature points do not have to be set manually but are found automatically based on 

corners and high curvature points using wavelet based feature detection. This particular way 

of automatically finding feature points enables us to quickly analyse even large sets of 

product designs. Once the feature points are found, the distance between the identified sets 

of feature points of different stimuli is calculated using a Hausdorff-like distance measure 

(Huttenlocher, Klanderman, & Rucklidge, 1993). We subsequently call this approach 

algorithmic coded feature point measure. 

3.2 Grid-based measures 
The two grid-based measures are computationally very simple and do not rely on 

characteristic feature points, hence they are also applicable to less standardized shapes. In 

both approaches, we rely on the key idea of perceptual image hashing to reduce an image to 

its perceptually relevant parts. In particular, we first partition the image into grid cells and 

calculate the average grey value within each grid. We repeat this procedure for all images 

and create average grid cells over all images to construe a morphed grid prototype (i.e., a 

cross-blended image). The typicality of a particular image is then simply the correlation of 

the greyscale values of its grid with the greyscale values of the morph’s grid. 

We use two versions of the above grid approach. For the first version, we vary the grid size 

from a 2x2 grid up to the full pixel information to capture all levels of visual typicality (coarse 

structures, finer details). Typicality is calculated as the average across the typicality values 

over all grids (subsequently referred to as grid measure). For the second version, we only 

use the full pixel resolution and calculate typicality simply as the correlation of the greyscale 

image with the mean image (subsequently referred to as grid measure at full resolution). 

4. Study setup 

We apply the proposed measures to a database consisting of automobile designs from four 

segments ranging from subcompact cars to SUVs, and compare them to subjectively rated 

design typicality. As outcomes, we use ratings of aesthetic liking, processing fluency, and 

cumulative sales. 

4.1 Car model database 
We use standardized images from a database of greyscale 3D car models as stimulus 

material. Overall, the database includes 77 cars from 4 segments. In particular, the stimuli 

consisted of 17 images of subcompact car models, 26 images of compact car models, 17 

images of mid-size car models, and 17 images of SUV models. The different objective 
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measurements of typicality were applied to the images at their original resolution without 

any modifications. 

The database further includes subjective ratings of aesthetic liking, subjective fluency, and 

subjective typicality of the car models based on a sample of 365 people. The ratings were 

accessible at the level of the car models (averaged over all individual ratings) as well as at 

the individual level of a person. 

4.2 Sales data 
Twelve months (January–December 2013) of officially recorded car sales registration data 

were obtained from the German Federal Motor Transport Authority (Kraftfahrt Bundesamt, 

KBA). Overall, 1,409,412 cars were sold in the subcompact car, compact car, mid-size car, 

and SUV segments in the German market in 2013. Of the 77 3D car models, 58 had the exact 

design of the cars sold in Germany in 2013. Sales data of these 58 models cover 75.93% of all 

sales within the four segments in 2013 (subcompact cars: 63.87%, compact cars: 83.89%, 

mid-size cars: 89.77%, SUVs: 54.19%). 

5. Results 

All measured variables are z-standardized per car segment to exclude between segment 

variance from further analyses, since we are only interested in the general relationship 

between visual typicality and measures of preferences instead of absolute differences 

between different car segments. To make the subjective typicality measure comparable to 

the objective typicality measures, we used the aggregated subjective evaluations per 

stimulus for all analyses (i.e., the image-wise means across all evaluations), unless noted 

otherwise. 

5.1 Correlation of typicality measures 
Figure 1 shows the correlation matrix heatmap of all five typicality measures for the 77 car 

models. Except from the manually coded feature point measure, all objective typicality 

measures correlate significantly with subjectively rated design typicality scores. The grid 

measure at full resolution has the highest correlation with the subjective typicality measure. 

Both the feature point measures as well as the grid measure are not correlated to each 

other and seem to capture different aspects of typicality. 
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Figure 1 Correlation matrix heatmap for the typicality measures (see text for an explanation of the 
different measures).  

5.2 Predicting sales, liking, and fluency with typicality  
For the cumulative sales data, we ran five ordinary least squares (OLS) regressions at the 

individual image level, predicting sales from typicality. Each OLS regression tests a different 

typicality measure. Figure 2 visually summarizes the results. Subjectively rated typicality is 

significantly related to sales. Yet, the grid measure of typicality performs almost as good and 

is marginally related to sales. Both feature point measures and the full resolution grid 

measure are not significantly associated with sales. 

To analyse the liking and fluency ratings of the car models, we chose a Linear Mixed-Model 

(LMM, Fitzmaurice, Laird, & Ware, 2004) approach, since the database contains both ratings 

also at the individual level of a person. To analyse the data, we relied on the lme()-function 

of the nlme library (Pinheiro, Bates, DebRoy, Sarkar, & R Core Team, 2013) of the software R 

(R Core Team, 2013). We again ran five models (one for every typicality measure) for both 
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liking and fluency with random intercepts per participant, as the car models were nested 

within the participants. 

For aesthetic liking, the models yield significant positive effects of typicality for all but the 

algorithmic feature point measure (Figure 3). In particular, the strongest effect can be found 

for the subjective typicality measure, followed by the manually coded feature point 

measure, the grid measure at full resolution, and the grid measure. 

Fluency experience, on the other hand, is only associated with the subjective typicality 

measure and both grid measures (Figure 4). However, the predictive strength are higher for 

the subjectively rated typicality measure than the grid measure(s). 

 

Figure 2 Results (visually simplified) for the prediction of cumulative sales from the five typicality 
measures. Each arrow represents the result of a distinct OLS regression with the respective 
typicality measure as predictor. A higher number of plus signs denotes a higher predictive 
power. 
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Figure 3 Results (visually simplified) for the prediction of aesthetic liking from the five typicality 
measures. Each arrow represents the result of a distinct LMM regression with the respective 
typicality measure as predictor. A higher number of plus signs denotes a higher predictive 
power. 
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Figure 4 Results (visually simplified) for the prediction of processing fluency from the five typicality 
measures. Each arrow represents the result of a distinct LMM regression with the respective 
typicality measure as predictor. A higher number of plus signs denotes a higher predictive 
power. 

6. Discussion 

Design typicality has strong effects on aesthetic evaluations of consumers. Hence, assessing 

a product design’s typicality plays a key role in predicting consumers’ responses to a design. 

However, directly asking people for their subjective typicality experience may yield a biased 

measure as the rating arguably contains the overall aesthetic impression of the product. 

Although this can be useful for predictions, this approach may not be used as an unbiased 

measure of a design’s typicality. 

Therefore, the aim of this research was to examine whether unbiased objective measures of 

design typicality can capture a subjective typicality experience and predict outcomes of 
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typicality. In doing so, we are the first to provide several objective measures of design 

typicality, and to compare them against subjective typicality as well as to provide evidence 

of their predictive strength regarding processing fluency, aesthetic liking, and sales. To this 

end, we first looked at the correlations of the objective measures with the subjectively 

reported typicality experience. Results show that the proposed objective typicality measures 

substantially correlate with the subjective measure. Admittedly, the correlations are not 

tremendously high. However, we used the arguably biased subjectively measure to 

benchmark the proposed unbiased measures. In consequence, the fact that the subjective 

measure possibly contains more than typicality could explain the rather modest correlation 

with an unbiased measure.  

To overcome this objection and further assess the suitability of the objective measures, we 

further estimated a series of regression models predicting sales, aesthetic liking, and 

processing fluency with each of the four objective measures as well as the subjective 

measure. We find that besides the subjective measure, especially the grid measure 

significantly predicts car sales, aesthetic liking, and processing fluency, albeit having partly 

only marginal significance. However, as we tested only 77 car models, the measures could 

have performed better if the study design had sufficient power; this modification is 

advisable for future research. The found positive effects of typicality is well in line with 

established theory and prior research (Landwehr et al., 2011; Reber et al., 2004). Thus, as a 

recommendation, if your goal is to econometrically model the effect of (pure) typicality, it 

seems adequate to use the unbiased grid measure, thereby avoiding the reversed causality 

problem. 

Our research assumed that findings from face research can be transferred to product design 

(Langlois & Roggman, 1990). In particular, we anticipated that typicality can be conceived as 

proximity to an average. Yet, this presumption doesn’t necessarily have to be true, as 

measures that compute the representation of a prototype as the average of a given set of 

designs heavily depend on the specifics of the designs that were selected for the set. 

Subjectively perceived typicality, on the other hand, could be influenced by designs that are 

not part of the selected set of designs, changing the point of reference. Our findings, 

however, give reason to embrace the notion of averageness. Since we operationalized four 

different measures in this way with conclusive results regarding subjectively rated typicality, 

aesthetic liking, and processing fluency, it seems to be legitimate to compute objective 

typicality as the proximity to an average over a given set of designs  

Still, some limitations have to be discussed. First of all, the question arises of how well the 

objective measures are suited in products where features and shapes are diverse and do not 

follow common grounds. It is to be expected that especially the two feature point-based 

measures are prone to errors in such situations. Further research also should address 

whether the visibility of explicit brand identifiers as well as the perspective used for the 

stimuli do have an impact on typicality measurements. 
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Overall, our findings demonstrate the possibility to use algorithmic, objective measures of 

design typicality to predict consumers’ aesthetic preferences. The proposed measures can 

help designers either to assess the typicality of a newly created design, or to predict 

consumers’ responses to a given design. Fortunately, the proposed grid measure that 

performs best is easy to understand and implement, allowing for an application in a wide 

range of contexts. Our research thereby contributes to the product design community by 

providing algorithmic, objective approaches to assess design typicality that can be used from 

the very first step of the design process. Finally, our findings endorse the general notion that 

objective measures should be included in product design research due to their robust 

capability of quantifying aesthetics. 
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