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Assessing product design typicality is vital to forecast consumers’ responses to designs. We introduce objective measures of design

typicality and demonstrate their capability of capturing subjective typicality experiences in the context of car designs. Findings show

that the proposed objective approaches provide convenient means to easily assess design typicality.
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EXTENDED ABSTRACT
Visual typicality is a general principle of product design aes-

thetics, and ample research suggests that humans prefer prototypical 
designs over atypical ones (Veryzer and Hutchinson 1998). The link 
between typicality and aesthetic preferences has been demonstrated 
in various domains such as paintings (Purcell 1993) and automobile 
designs (Landwehr, Labroo, and Herrmann 2011; Landwehr, Went-
zel, and Herrmann 2013); and one of the most influential explana-
tions for typicality’s positive effects is based on the concept of pro-
cessing fluency (Reber, Schwarz, and Winkielman 2004).

However, studies establishing associations between typicality 
and aesthetic preferences have been criticized based on potential cir-
cularity in their measurements since only the subjective percept of 
both constructs is usually measured (Boselie 1995). That is, directly 
asking people about their typicality perception may yield a biased 
measure because the answer is partly driven by the overall aesthetic 
impression. Hence, the answer captures the subjective response to-
wards the stimulus instead of the objective stimulus characteristics. 
An unbiased measure of design typicality, in contrast, would opti-
mally capture solely the stimulus’ typicality.

Against this background, we examine the relationships between 
design typicality, processing fluency, aesthetic liking of consumers, 
and car sales using 3D models of cars. In accordance with previ-
ous studies on car design (e.g., Landwehr et al. 2011), 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. We further expect the effect of typicality on car 
sales to be sequentially mediated by processing fluency and aesthetic 
liking.

In order to capture all possible aspects of typicality, we compare 
four objective measures of design typicality. In line with previous re-
search on prototypicality (Langlois and Roggman 1990), we consid-
er a prototype as possessing the average values of the visual features 
of a specific category. Thus, all of our four measures follow the idea 
that the prototype is a representation of the common characteristics 
of all designs within a category. A car’s design, for example, is typi-
cal 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 our 
four measures: Two are based on feature points, two are based on a 
grid that is placed over the image.

The two feature point-based measures rely on the identification 
of characteristic design features. The first approach applies an es-
tablished measure that has been used in prior studies on car designs 
(Landwehr et al. 2011) where predefined characteristic feature points 
(e.g., the vertex of headlights) are manually set for each image (man-
ually coded feature point measure). 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 ap-
proach based on perceptual image hashing (Monga and Evans 2006). 
The advantage of this new approach is that feature points do not have 
to be set manually but are found automatically (algorithmic coded 
feature point measure).

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 divide the image 
into grid cells and calculate the average gray value within each grid. 
We repeat this 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 cor-
relation of the grayscale values of its grid with the grayscale 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 aver-
age across the typicality values over all grids (grid measure). For the 
second version, we only use the full pixel resolution and calculate 
typicality simply as the correlation of the grayscale image with the 
mean image (grid measure at full resolution).

We apply the proposed measures to a database consisting of 
77 automobile designs from four segments, and compare them to 
subjectively rated design typicality. As outcomes, we use ratings of 
aesthetic liking, processing fluency, and cumulative sales.

The comparison with subjectively rated typicality indicates 
that all objective typicality measures but the manually coded fea-
ture point measure correlate significantly with the subjectively rated 
design typicality scores. For the cumulative sales data, we estimate 
OLS regressions (one for each typicality measure) at the individual 
image level, predicting sales from typicality. Subjectively rated typi-
cality and the grid measure of typicality predict sales. Both feature 
point measures and the full resolution grid measure are, however, not 
significantly associated to sales. The liking and fluency ratings of the 
car models are analyzed using a Linear Mixed-Model approach. For 
aesthetic liking, the models yield significant positive effects of typi-
cality for all but the algorithmic feature point measure. Fluency ex-
perience, in contrast, is only associated with the subjective typicality 
measure and both grid measures. Using a serial mediation analyses 
based on the PROCESS Macro for SPSS (Hayes 2013), we further 
show that the underlying processes of the positive effect of typical-
ity on sales are processing fluency and aesthetic liking. In sum, a 
recommendation would be to use the subjective typicality measure 
if one is interested in the psychological process. However, if one’s 
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.

Overall, our findings demonstrate the possibility to use algorith-
mic, objective measures of design typicality to predict consumers’ 
aesthetic preferences. Our research thereby contributes to marketing 
theory and practice by providing algorithmic, objective approaches 
to assess design typicality that can be used from the very first step of 
the product design process.
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