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Does Matching Website Characteristics to Cognitive Styles Increase Online Sales?
Abstract
This paper presents evidence that matching website characteristics to cognitive styles increases online sales. Such evidence tests the basic premise underlying industry trends toward
consumer-specific website customization. A website characteristic describes the basic “look and
feel” of an entire website and a cognitive style is a consumer’s preferred method to process information. For example, webpages with graphical characteristics make extensive use of graphs
and pictures rather than text. Such webpages may generate more sales when matched to a consumer with an analytical cognitive style while more-texted-based webpages may be more effective when matched to a consumer with an holistic cognitive style.
We use Bayesian methods to account for heterogeneity and for mixed data regimes so
that we might examine the differential impact of website characteristics, cognitive styles, and
their interactions on purchase intentions for broadband subscriptions. In the experiment, 835
respondents are assigned randomly to sets of website characteristics. Their cognitive styles and
purchase intentions are measured with standard scales. Our analyses suggest that models with
interactions fit the data better and do well on posterior predictive checks.
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1. Cognitive Styles and Website Characteristics
In this paper we examine whether consumer intentions can be improved if website characteristics are matched to cognitive styles. A website characteristic is a feature or set of features
that affects the “look and feel” of a website. For example, if a page uses more figures and pictures rather than words, it said to be “graphics-intensive.” A website that displays many alternatives, many features of those alternatives, and much other information is said to present a “large
load.” A cognitive style is a description of a consumers’ preferred way of processing information. For example, a consumer with an impulsive cognitive style makes decisions quickly with
little information or analysis. In contrast, the consumer with a deliberative cognitive style
processes information carefully before making a decision.
Website characteristics affect website traffic and sales. For example, Google’s minimalistic interface is credited, in part, with its rise to become the top search engine. This minimalism
is in sharp contrast to the cluttered portals of the late 1990s such as Altavista, AOL, and Yahoo.
However, one size does not fit all. iGoogle presents consumers with a chance to customize their
home page and make it as cluttered or uncluttered as they would like.
While anecdotes abound to suggest that sales increase if website designs match cognitive
styles, these anecdotes are not based on a systematic variation of website design, nor do they explicitly measure consumers’ cognitive styles. If matching website characteristics to cognitive
styles does, in fact, increase sales then firms can increase profits dramatically. Either they invest in ways that allow consumers to customize websites or, when websites are visited infrequently, they develop “engines” to match website characteristics to cognitive styles. For example, Hauser, et al. (2009) demonstrate increases of 20% with an inference engine that identifies
consumers’ cognitive styles from clickstreams before assigning website characteristics to consumer segments with similar cognitive styles.
Our paper differs from, but complements, Hauser, et al. Their analyses depend upon the
conditional probabilities that consumers in a cognitive-style segment would make a purchase if
shown a set of website characteristics. Their estimates were sufficient for illustrating their “website morphing” methodology, but were based on aggregate logit models. Our analyses are more
focused and rigorous. We formulate a respondent-level model based on a mixture of quantal (0
vs. 1) and ratio-scaled (between 0 and 1) purchase intention measures. We account for scale differences and for response heterogeneity to provide posterior distributions for parameters that test
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whether matching website characteristics to cognitive styles affects purchase intentions. We
compare models with and without “matches” and demonstrate the reasonableness of our models
with posterior predictive tests.
We begin with a brief review of the managerial issues, website characteristics, and cognitive styles. We next detail the specific characteristics and styles, describe our response model,
and present and interpret the results. We close with a discussion of future directions.
2. Managerial Context, Cognitive Styles, and Website Characteristics
Managerial Context
Today almost every firm uses websites as part of their marketing and selling efforts, and
researchers have recognized the importance of understanding the visit-to-sale conversion process
(Moe and Fader 2004). Good website designs communicate well, build brand images, and convert clicks to sales. Poor designs are confusing and difficult to use, alienate customers, and lose
sales. In the last ten years website designs have evolved from portals that gave customers as
much information and as many options as possible to websites with reduced complexity and improved visual appeal.
If all consumers had the same cognitive styles, a website designer could use experimentation and standard market-research methods to optimize a single website (Google’s website optimizer or conjoint analysis). Alternatively, when consumers are heterogeneous in their tastes,
websites can be personalized. Examples include self-selected branching , collaborative filtering,
usage mining, clustering, and customized content (Ansari and Mela 2003; Anand, Kearney and
Shapcott 2007; Eirinaki and Vazirgiannis 2003, 2007; Im and Hars 2007; Montgomery, Li, Srinivasan, and Liechty 2004; Perkowitz and Etzioni 2000). But established customization either
focuses on product recommendations, extensive data from each consumer, or active participation
by the consumer. We seek to go beyond product recommendations to the basic manner in which
the website displays information. We examine whether a firm can base customization on basic
consumer styles that can be inferred quickly and easily even if the visitor is relatively new to the
website (less data and less incentive for the consumer to spend time actively configuring a website to their tastes).
Cognitive Styles
A cognitive style “reflects the way in which (an) individual thinks” (Riding and Rayner
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1998, p. 7) and has been defined as “a person’s preferred way of gathering, processing, and evaluating information” (Allinson and Hayes 1996; Hayes and Allinson 1998). Cognitive styles
have proven valuable in distance learning, web-based learning, digital libraries, and hypermedia
navigation with recent interest from the marketing community for management decision making,
advertising, and branding (Childers, Houston, and Heckler, 1985; Deakin and Aitken 2004;
Frias-Martinez, Chen and Liu 2007; Hutchinson and Huang, 2008; Monga and John 2007; Monga and Lau-Gesk 2007; Novak and Hoffman 2009; Thompson and Hamilton, 2006; White, 2003,
Witkin, et al. 1977).
While there is no consensus on a set of mutually exclusive and collectively exhaustive
cognitive-style dimensions, Riding and Rayner (1998) suggest departure points. For the context
of web-based sales of broadband subscriptions, the BT Group focused on analytic vs. holistic and
visual vs. verbal (Allinson and Hayes 1996; Harvey, Hunt and Schroder 1961; Kirton 1987; Paivio 1971; Riding and Cheema 1991). They included impulsive vs. deliberative to capture consumers’ risk preferences and willingness to invest time on searching for information on their
website (Elangovan and Karakowsky 2003; Frederick 2005; Kopfstein 1973). Finally, while not
traditionally defined as a cognitive style, they included leader vs. follower as relevant to the
adoption of high technology (Rogers 1962; Rogers and Stanfield 1968, von Hippel 1988). The
specific measurement scales in our data are summarized in Table 1.
Website Characteristics
A website characteristic is a basic property of the way information is presented on webpages that make up a website. Characteristics are defined at a moderately high level and developed so that they link to cognitive styles. Website designers then select website elements (fonts,
colors, number of rows in a table, the amount of graphs and pictures) to implement website characteristics. In our application, websites varied on three dimensions: graphical vs. verbal, focused vs. general content, and small vs. large load. In our data, described next, eight website
variations were systematically and randomly varied based on this 2 x 2 x 2 design. Table 1 gives
examples of the website elements that that the BT Group chose to implement the three ipsative
website characteristics.
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Table 1
Cognitive‐Style Dimensions and Website Characteristics
Targeted Cognitive Style

Measurement Scales (from the literature, references in text)
I prefer to read text rather than to listen to a lecture.
I enjoy deciphering graphs, charts, and diagrams.

Visual vs. verbal,
Analytic vs. holistic

I will read an explanation of a graphic/chart before I try to understand the graph‐
ic/chart on my own.
I see what I read in mental pictures.
I am detail oriented, and start with the details in order to build a complete picture.
I tend to see problems in their entirety and start by integrating pieces from differ‐
ent areas.
I find it is easy to make decisions for others and to command and direct others to
take certain actions.

Leader vs. follower

In a group conversation, I usually speak to the most.
I have held a great deal of leadership positions in my life.
My confidence level is higher than most other people’s.
A bat and ball cost $1.10 in total. The bat costs $1.00 more than the ball. How
much does the ball cost? 10 cents = impulsive.

Impulsive vs. deliberative

If it takes 5 machines 5 minutes to make 5 widgets, how long would it take 100
machines to make 100 widgets? 100 minutes = impulsive.
In a lake, there is a patch of lily pads. Every day, the patch doubles in size. If it
takes 48 days for the patch to cover the entire lake, how long would it take for the
patch to cover half of the lake? 24 days = impulsive.

Website Characteristic
Graphical vs. verbal

Example Website Elements
Graphs and diagrams vs. verbal (text and audio)
Tables vs. audio information
Targeted (e.g., technologists) vs. untargeted
Technical magazine editor persona vs. general consumer persona

Focused vs. general content

Detailed product specifications vs. general recommendations.
Basic vs. advanced topics in the learning center
Technical vs. general threads in online communities
Fewer vs. more product features

Small vs. large load

Fewer vs. more brands
Long form vs. short form in learning‐center topics
Extensive vs. abbreviated comments in online communities
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3. Data and Context
The BT Group sells broadband service in Great Britain. The market is highly competitive with over 16 firms offering service. Web-based marketing is key to their sales strategy with
consumers coming to the BT website to gather information, compare plans, and, hopefully, subscribe. In the data available to us, potential consumers were assigned randomly to one of eight
prototype websites that varied on the three website characteristics in Table 1. After exploring the
prototype website, respondents indicated which broadband providers they would consider and,
from among considered providers, they indicated their relative purchase intentions (normalized
to sum to 100% across all considered providers). 1 At the end of the questionnaire, respondents
completed the cognitive-style scales in Table 1. 2 Respondents were recruited from a respected
British online panel (Research Now), screened to be in the market for online service, and given
£15 for their participation. In total, 835 respondents completed the experimental study.
Cognitive Style Segments
Our focus in this paper is on whether matching cognitive styles to website characteristics
increases sales. To be consistent with BT’s application and prior papers we adopt the cognitive
dimensions used by BT. Specifically, Hauser et al. (2009) used exploratory, then confirmatory,
factor analyses to identify four cognitive-style dimensions. Once the factors were identified,
they averaged the scales to obtain indicators (e.g., Churchill 1979). Visual vs. verbal and analytic vs. holistic loaded together and were combined into a single factor. Leader vs. follower and
impulsive vs. deliberative loaded cleanly and were retained as two separate factors. Reliabilities
(Cronbach’s α) were reasonable, but did indicate some noise in the data (0.56, 0.55, and 0.80, respectively). A fourth factor appeared to be driven by a single scale, reader vs. listener. Based on
the literature, they retained it as a single-item factor (Bergkvist and Rossiter 2007, Drolet and
Morrison 2001). An appendix provides the factor loadings.
The next step was driven by application. The primary use of cognitive-style-websitecharacteristics matching is to change websites dynamically to match cognitive styles as revealed
by consumer behavior such as clicks. Computational issues and the practical challenge of creating multiple website variations limit such variations to a small finite number. Thus, consistent
1

Although the survey was pretested carefully to avoid demand artifacts, we normalize the intentions data as a further precaution. In this paper our focus is on the differential effect of cognitive styles on purchase probabilities.
Thus, we require only that any residual demand effect is not correlated with cognitive styles.
2 Additional data were collected that are tangential to the study in this paper. For details see Hauser et al. (2009).
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with the definition of cognitive styles as ipsative dimensions and consistent with the practical use
of cognitive-style segments in website design, we classify respondents into 16 cognitive style
segments (2 x 2 x 2 x 2) based on median splits of the four cognitive-style factors. This transformation is conservative with respect to finding characteristic-to-style matches.
Dependent Measure
The dependent measure is purchase intentions for BT. We denote this dependent measure by

for each of h = 1 to H respondents. The histogram is shown in Figure 1. For respon-

dents who consider more than one broadband provider
measure bounded between 0 and 1. For other respondents

is the relative purchase-intention
is 1 if the respondent considers on-

ly BT and 0 if the respondent does not consider BT.
Figure 1
Histogram of Purchase Intentions for the BT Group’s Broadband Service

4. Consumer Response Model
We seek to model respondent-level purchase probabilities as drawn from
|

, ,

, the posterior distribution of

conditioned on respondent-level (heterogene-
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ous) parameters,

, homogeneous parameters and hyperparameters,

(cognitive styles, website characteristics, and their interactions),
We take into account the two data regimes for

, and observed variables

.

. Let q be the probability that the res-

0, 1 , that is, the probability that the respondent either considers only

pondent answers with
BT (

1) or does not consider BT (

0). For these respondents we model purchase proba-

bilities,

, drawn from the standard logit model.

(1)

1
When we observe

0,1 we model the response as drawn from a beta distribution

with shape parameters, ah and bh such that E[yh] = ah/(ah + bh). We introduce a parameter, s, to
control for the polarization of the beta distribution and to enable us to link the explanatory variables to E[yh]. Finally, because two-regime measurement might have introduced a scale parameter we include

to account for any induced variance between the two data regimes (e.g.,

Train 2003). Specifically,
|

,

(2)

1
1

We now express the conditional likelihood as:
|

(3)
where

1 if

, ,
0, 1 and

1

1
0 if

1

,
0, 1 .

The prior distribution on the heterogeneous parameters is multivariate normal to allow
correlated effects for the explanatory variables:

,

. We place weakly-

informative, zero-mean multivariate normal hyperpriors on , , and log(s). The hyperprior for
is an inverse Wishart distribution with k +2 degrees of freedom and a location parameter equal
to a k-by-k identity matrix where k is the number of explanatory variables.
We drew the conditional posterior distributions of , , s, , and the

’s using Markov

chain Monte Carlo simulation (MCMC). For all models, we generated 600,000 draws from three
independent chains, checking convergence using the Brooks-Gelman-Rubin scale reduction factor and visual inspection of chain histories (Brooks and Gelman 1998). Initial iterations were
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burned and we retained every fifteenth draw from the last 30,000 draws. The procedure resulted
in a total of 2,000 draws for each chain for each model.
5. Model Comparisons and Posterior Predictive Checks
The potential explanatory variables in the model of consumer response are the cognitive
styles, the website characteristics, and their interactions. To evaluate whether or not sales increase when website characteristics are matched to cognitive styles we seek to examine whether
the interactions are non-zero. For example, if there is an interaction between small-load website
characteristics and holistic/verbal cognitive styles, then we would recommend that sparse website formats be used for holistic/verbal consumers.
We sample posterior distributions for three models. The first model includes main effects
only (no interactions). We compare this model to two models that include potential interactions.
The saturated model includes all potential interactions. The parsimonious model includes only
those interactions that had the highest credible confidence intervals for the interactions in the saturated model.
We summarize the results in Table 2 by reporting the mean and the 90% highest posterior
density credible interval for the posterior distribution of the

’s. For ease of interpretation all

interactions are framed in the (observed) positive directions. To assess relative model fit, we report log Bayes factors relative to the main-effects model (Kass and Raftery 1995), the deviance
information criterion (DIC, Gelman, et al. 2004, p. 183-184), AIC-M (an MCMC-appropriate estimate of AIC presented in Raftery, et. al. 2007, p. 16), the mean-square error (MSE) between
expected and observed results, and the percent of uncertainty explained by the model (U2, Hauser
1978). All five fit measures support the proposition that interactions among cognitive styles and
website characteristics influence stated purchase likelihoods. Four of the five fit measures support the saturated model relative to the parsimonious model.
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Table 2.
Purchase Propensity Models (Posterior Means and 90% Highest Posterior Credible Interval)

Website Characteris‐
tics

Explanatory Variables
Intercept
Graphical vs. Verbal
Focused vs. General Content
Small Load vs. Large Load

Cognitive Styles

Leader vs. Follower
Visual/Analytic vs. Holistic/Verbal
Impulsive vs. Deliberative
Read vs. Listen

Main Effects
‐2.03
(‐3.05, ‐0.34)
‐1.02
(‐1.71, ‐0.29)
‐0.39
(‐1.07, 0.82)
‐1.13
(‐1.88, ‐0.49)
0.91
(0.40, 1.57)
0.01
(‐0.71, 1.46)
‐0.76
(‐1.30, ‐0.19)
‐1.31
(‐2.13, ‐0.46)

Parsimonious
Matches
‐1.92
(‐2.91,‐0.05)
‐1.32
(‐2.29,‐0.50)
‐0.18
(‐0.97,1.20)
‐1.40
(‐2.24, ‐0.64)
1.15
(0.59, 2.20)
0.07
(‐0.65, 1.34)
‐0.98
(‐1.54,‐0.40)
‐1.43
(‐2.29, ‐0.62)

Graphical to Visual/Analytic
Website‐Characteristics‐to‐Cognitive‐Style Matches

Graphical to Deliberative
Graphical to Reader
Focused to Follower

0.49
(0.01, 0.98)

Focused to Holistic/Verbal
Focused to Impulsive
0.231
(‐0.29, 0.82)

Focused to Listener
Small Load to Follower
Small Load to Holistic/Verbal

1.09
(0.38, 1.67)
0.83
(0.38, 1.46)

Small Load to Deliberative
Small Load to Reader

Model Fit

Log Bayes Factor (higher is better)

0.11
(‐0.82, 1.18)
––

44.2

80.9*

DIC (lower is better)

1044.0

743.9

148.8*

AIC‐M (higher is better)

‐3257

‐3029*

‐3847

MSE (lower is better)

0.035

0.032

0.021*

0.36

0.37

0.44*

2

U (higher is better)
1

Saturated
Matches
‐2.42
(‐3.31,‐0.96)
‐1.72
(‐2.57, ‐0.97)
‐0.34
(‐1.30, 0.63)
‐1.52
(‐2.22, ‐0.88)
0.72
(‐0.14, 2.05)
‐0.05
(‐0.97, 1.44)
‐1.18
(‐2.02, ‐0.28)
‐1.81
(‐2.74, ‐0.96)
0.73
(‐0.05, 1.54)
0.25
(‐0.77, 1.10)
0.22
(‐0.49, 0.72)
0.57
(0.15, 1.22)
0.36
(‐0.45, 1.20)
0.56
(‐0.15, 1.19)
0.68
(0.16, 1.33)
0.17
(‐0.95, 1.25)
1.52
(0.74, 2.20)
0.77
(0.12, 1.30)

The “Focused to Listener” 80% highest posterior density credible interval is entirely positive. *Best in row.
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Finally, we evaluate the model in an absolute sense through posterior predictive checks
(Rubin 1984; Gelman, Meng and Stern 1996). The idea behind posterior predictive checks
(PPCs) is that a model is well-calibrated if simulations from the posterior predictive distribution,
under the proposed model, look like the observed data. The phrase “looks like” can be interpreted in many different ways, so typically a researcher selects test statistics of interest and compares the posterior predictive distributions of those test statistics to the data. The “Bayesian pvalue” is the proportion of simulated datasets with a test statistic below the test statistic for the
observed data. Our test statistic is the mean of the stated probabilities, which we compute for the
observed dataset and for 10,000 simulated datasets. Figure 2 summarizes the histograms for the
simulated test statistics. The vertical line indicates the observed values. The Bayesian p-values
are 45.5%, 42.6%, and 38.8% for the main effects, parsimonious, and saturated models, respectively. As we expect from a well-calibrated model, the observed values lie close to the centroid
of the simulated distributions of the test statistic.
Figure 2 enables us to evaluate an assumption that the respondent-level parameters are
drawn from the same distribution for both data regimes. We thus evaluate whether the scale parameter, , is a reasonable representation of the difference in response induced by the two data
regimes.
The PPCs in Figure 2 suggest that all models replicate the observed data reasonably well,
so we rely on the relative comparisons in Table 2 for model selection. We therefore conclude
that the data support the hypothesis that matching website characteristics to cognitive styles enhances online sales. We are more confident in this claim because the data are conservative due
to the facts that (1) the cognitive styles are measured with error (moderate reliabilities) and (2)
we transformed the interval-scaled cognitive-style dimensions to cognitive-style segments to
match the way in which characteristic-to-style matches are used in industry practice.
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Figure 2
Posterior Predictive Checks for Population Mean of Purchase‐Intention Probability

6. Interpretation of Website‐Characteristic‐to‐Cognitive‐Style Matching
The parameters in Table 2 indicate how website characteristics, cognitive styles, and their
interactions affect sales as indicated by purchase intentions. The effect on sales may differ from
what a respondent prefers. For example, a deliberative respondent might prefer to receive more
information (large load) relative to an impulsive respondent, but if we present less, wellorganized information the deliberative respondent might be more likely to make a positive purchase decision. This is indicated in our data by a positive coefficient for the small-load-todeliberative interaction. (We use the classical term “significant” as shorthand for stating that the
90% highest posterior density credible interval does not contain zero.)
There are three other “significant” interactions in our data. To enhance sales it is better
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to give focused content to listeners and to followers. And it is better to give small loads to holistic/verbal respondents and to deliberative respondents. Other interactions are all suggested in the
saturated model, but the parameter values for these interactions are not all in the 90% highest
posterior density credible interval.
Besides addressing the scientific question of whether the interactions exist, Table 2 provides insight for BT’s web designers. For example, the main effect of a small load is negative
(−1.40 in the parsimonious model), but when BT targets verbal/holistic respondents (+1.09) who
are deliberative (+0.83) the net effect is positive (−1.40 + 1.09 + 0.83 = +0.52). As another example, consider that focused content has an “insignificant” negative main effect (−0.18), but has
a strong positive impact on followers (+0.49) and listeners (+0.23). In both of these examples
targeted website characteristics reverse main effects. (We get similar reversals in the saturated
model.)
7. Summary and Future Directions
This paper presents evidence that matching website characteristics to cognitive styles enhances purchase intentions (sales). This evidence is relevant because published methodologies
enable firms to identify cognitive styles from online click streams and “morph” website characteristics based on these sales. Those methods are being extended by General Motors, FT Orange,
and Google to customize banner advertising, customize mobile-phone alerts, and provide location-sensitive capabilities for GPS-enabled mobile devices (Urban, et al. 2009). The Bayesian
methods applied in this paper are applicable to extensions now underway at Suruga Bank in
which website characteristics are being customized to cultural as well as cognitive styles (Hofstede 2001; Nisbett, et al. 2001).
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Appendix (to be web‐based)
Factor Loadings Used to Define Cognitive‐Style Dimensions
The measures were purified based on pretests. Exploratory principal component analysis
with varimax rotation and Kaiser normalization identified cognitive-style factors. The best solution was based on the scree rule, the EGO rule, and judgment and was tested with confirmatory
factor analysis. The measures of each dimension were then created by averaging the individual
elements (e.g., Churchill 1979). Reliabilities are given in the text. As an example, we reproduce
the exploratory factor loadings here.
Cognitive‐Style Dimension
Leader vs.
Follower

Visual/Analytic
vs. Holis‐
tic/Verbal

Impulsive
vs. Deliber‐
ative

Reader
vs. Lis‐
tener

I prefer to read text rather than listen to a lecture.

0.020

0.062

0.023

0.950

I enjoy deciphering graphs, charts, and diagrams.

0.116

0.529

‐0.210

0.087

I will read an explanation of a graphic /chart before I try to
understand the graphic/chart on my own.

‐0.093

0.569

0.139

0.140

I see what I read in mental pictures.

0.118

0.601

0.146

‐0.117

I am detail oriented, and start with the details in order to
build a complete picture.

0.126

0.714

‐0.039

0.063

I tend to see problems in their entirety and start by inte‐
grating pieces from different areas.

0.287

0.534

‐0.154

‐0.179

I find it easy to make decisions for others and to command
and direct others to make certain actions.

0.644

0.247

‐0.072

0.031

In a group conversations, I tend to speak the most.

0.760

0.040

0.085

‐0.045

I have held a great deal of leadership positions in my life.

0.849

0.078

‐0.034

‐0.002

My confidence level is higher than most other people’s.

0.824

0.081

‐0.031

0.033

A bat and a ball cost $1.10 in total. The bat costs $1.00
more than the ball. How much does the ball cost?

‐0.022

‐0.007

0.651

0.039

If it takes 5 machines 5 minutes to make 5 widgets, how
long would it take 100 machines to make 100 widgets?

0.024

0.056

0.716

‐0.015

If it takes 48 days for the patch to cover the entire lake,
how long would it take for the patch to cover half the lake?

‐0.027

‐0.069

0.762

0.001

Cognitive‐Style Survey Measure

