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U

ser design offers tantalizing potential beneﬁts to manufacturers and consumers, including a closer match
of products to user preferences, which should result in a higher willingness to pay for goods and services.
There are two fundamental approaches that can be taken to user design: parameter-based systems and needsbased systems. With parameter-based systems, users directly specify the values of design parameters of the
product. With needs-based systems, users specify the relative importance of their needs, and an optimization
algorithm recommends the combination of design parameters that is likely to maximize user utility. Through an
experiment in the domain of consumer laptop computers, we show that for parameter-based systems, outcomes,
including measures for comfort and ﬁt, increase with the expertise of the user. We also show that for novices,
the needs-based interface results in better outcomes than the parameter-based interface.
Key words: user design; product design; product development; user needs; customer needs; design decisions;
customization
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1.

Introduction

Hence, we observe a dilemma inherent to product
customization. The user has the most information
concerning his or her utility function but typically
only has a partial understanding of the technical
domain underlying the design problem. In contrast,
the manufacturer typically understands the technical
domain well but has only partial information about
the user’s preferences.
In this article, we present and evaluate a novel
approach to user design, in which the user expresses
needs directly and leaves to the manufacturer the
translation of needs into parameter choices. We refer
to this approach as the needs-based approach. The
needs-based approach provides an alternative to the
traditional user design approach—the parameter-based
approach—in which the user directly manipulates
design parameters.
Our research compares the parameter-based approach and the needs-based approach in the context
of the consumer laptop business. In collaboration with
Dell, we developed two user interfaces. The ﬁrst one
largely resembles Dell’s current user design approach
(parameter-based) while the second one provides an
alternative, needs-based approach. We use these two
systems to control and monitor a simulated purchase
experience (Brucks 1988, Mandel and Johnson 2002).
The objective of this article is to demonstrate the
strengths and limitations of these two approaches and
to outline several opportunities for the improvement

User design is a particular form of product customization that allows the user to specify the properties of
a product. Consider three examples. At Cmax.com,
athletes can design a running shoe to their speciﬁcations, selecting almost every element of the shoe from
the material of the sole to the color of the shoelace.
General Mills experimented with an on-line service in
which consumers could design a customized breakfast cereal. Consumers can design a customized computer from Dell, using the company’s website. User
design has emerged as a mechanism that can be used
to build brand loyalty, to ﬁt products to the heterogeneous needs of a market, and to differentiate the
offerings of a manufacturer (Dahan and Hauser 2002,
Wind and Rangaswamy 2001). The use of computing
and the Internet in consumer decision making makes
user design and customization particularly relevant
today (Winer et al. 1997).
User design is especially challenging if the user has
little or no background in the underlying technical
domain. For example, a particular consumer might
actually prefer a speciﬁc level of computer gaming
performance, e.g., at least a 50 frames-per-second
refresh rate on Motocross Madness. However, is the
consumer really well equipped to evaluate and optimize potentially interacting design decisions concerning the microprocessor, video processor, and display
resolution to achieve this goal?
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of user-design interfaces. We believe that we make
several unique contributions. First, we believe that
this is the ﬁrst paper to articulate the two approaches
to user design. Second, we believe that the needsbased system that we have designed, built, and
tested offers solutions to several limitations of the
parameter-based approach. Third, we believe that
ours is the ﬁrst empirical research testing any
approaches to user design.
The remainder of this article is organized as follows. In §2, we develop theory and hypotheses. In §3,
we describe the design of the two user interfaces we
test. In §4, we describe the experimental design. In §5
we present the results. Finally, §6 contains discussion
and concluding remarks.

2.

for values of the design parameters that are likely
to maximize user utility. Finding the best (utilitymaximizing) design solution constitutes a challenging
information-processing task.
With user-design systems, the professional designer
is replaced by the user. However, under the parameter-based approach to user design, the same information-processing challenges persist. The user must
understand the causal network relating design parameters to user needs and must understand his or
her own needs. Given that the user in a consumer
setting typically does not have substantial technical
domain knowledge or access to analytical tools, the
parameter-based approach inherently bears the risk of
what we call a design defect—a choice of design parameters that does not maximize user utility. A design
defect reﬂects a misﬁt between the product designed
and the utility-maximizing product that might have
been designed, despite the fact that the user is in
control of all the design decisions.
Design defects can arise for several reasons. First,
utility may depend on subjective user needs, whose
potential satisfaction is hard to communicate to the
consumer, especially if the user design is executed
over the Internet (Degeratu et al. 1999, Lal and
Sarvary 1999, Srinivasan et al. 1997, Dahan and
Srinivasan 2000). Design defects can also result from
holistic user needs, the case in which several design
parameters interact in determining a product performance speciﬁcation, thus creating a complex mapping
from design parameters to user needs (Ulrich and
Ellison 1999, Terwiesch and Loch 2004). For example,
the ability of a laptop to deliver good video gaming performance is driven by an interaction between

Theory and Hypotheses

For customized products, a design problem can be
thought of as a search for a set of values for the
product design parameters that maximizes user utility
(Ulrich and Eppinger 2004). This problem can be represented by the causal network in Figure 1, in which
the design parameters on the left drive product performance speciﬁcations, which in turn relate to user
needs, which underlie user utility (Ramaswamy and
Ulrich 1993).
Typically, a professional product designer is in
charge of understanding this causal network and
linking design parameters to user needs. Furthermore, the professional designer will elicit the relative importance of needs from the potential user of
a product. Based on this information, the product
designer, who is typically equipped with professional
training and substantial experience, then searches
Figure 1

Causal Structure Relating Design Parameters to User Utility for Laptop Computers
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the central processor and the video processor. These
interactions can create mathematical complexity from
the combinatorics of the design space and from nonmonotonicity of utility (Hann and Terwiesch 2003).
An alternative approach to the design problem for
customized products is to specify the relative importance of the user needs for a particular individual and
then allow an automated system, with an embedded
model of the causal network, to ﬁnd a feasible set
of design parameters to maximize the user’s utility,
given the relative importance of the needs. We call
this the needs-based approach.
Essentially, the difference between the parameterbased approach and the needs-based approach is
the “knobs” that are made available to the designer.
While in the parameter-based approach the knobs are
design parameters (left side of Figure 1), the knobs in
the needs-based approach are actual user needs (right
side of Figure 1), which are closer to the user’s utility
function and thereby typically require less knowledge
about the underlying design space. Each approach
offers some potential advantages and disadvantages.
• The parameter-based approach allows direct and
predictable navigation of the design space. This approach also allows ﬁne tuning of a design with small
perturbations of design parameters, whereas the
needs-based approach allows ﬁne perturbation of the
relative importance of a need, but such a perturbation
in the “needs space” may require large and discontinuous changes to several design parameters by the
embedded optimization system.
• The parameter-based approach requires that the
designer know the technical language of the domain,
whereas the needs-based approach requires only that
the designer be able to express the relative importance
of user needs.
• The parameter-based approach is transparent to
the user, whereas the needs-based approach requires
an automated optimization procedure, which is typically a “black box” to the user.
Expertise in consumer decision making in general
has been established as an important element of transaction success (Sujan 1985, Bettman and Sujan 1987,
Mandel and Johnson 2002, Wood and Lynch 2002).
Prior research has shown that information “depth”
and “interactivity” are important factors underlying satisfaction, yet the ability to absorb information is likely to depend heavily on expertise (Shankar
et al. 2000). Therefore, it would not be surprising if
expertise plays a critical role in user design systems.
The potential strengths and weaknesses of the two
approaches to user design lead us to hypothesize that
neither approach will dominate for all users and that
domain expertise will play a critical role in determining satisfaction and the quality of actual outcomes.
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There are at least three dimensions of outcome performance for user-design systems: the optimality or
ﬁt of the resulting product with respect to the user’s
utility function, the comfort of the user with the design
process, and the speed with which a user can design a
product. We pose three hypotheses.
Hypothesis 1. For the parameter-based interface, ﬁt,
comfort, and speed increase with the expertise of the user.
Hypothesis 2. The advantage of the needs-based interface relative to the parameter-based interface decreases with
the user’s expertise.
Hypothesis 3. For novices, the needs-based interface
results in better ﬁt, comfort, and speed than the parameterbased interface.
Hypothesis 1 is the baseline hypothesis that novices
face difﬁculties with parameter-based interfaces.
Hypothesis 2 focuses on the relationship between
expertise and the magnitude of relative advantage
of the needs-based system. Note that, technically,
we do not imply with Hypothesis 2 that the needsbased system is always better; we imply only that
as user expertise increases, the relative advantage of
the needs-based system declines. In the event that
the needs-based system is worse than the parameterbased system, Hypothesis 2 implies that this disadvantage increases with the expertise of the user.
Hypothesis 3 explicitly posits that for novices, the
needs-based interface is better than the parameterbased interface.

3.

Parameter-Based and Needs-Based
Systems for Laptop Computers

A parameter-based system forms the baseline against
which we test the needs-based system. The current
Web-based user interface for Dell Computer’s consumer laptop business is essentially a parameterbased system. The system requires the user to specify
the values of design parameters such as the microprocessor type, microprocessor speed, memory size, hard
drive size, and video processor type.
For experimental purposes, we designed a parameter-based system (Figure 2) similar to Dell’s regular
commercial site.1 In addition to the main screen, the
system includes a “shopping list”—a separate Web
page with a table to which the user can add product
conﬁgurations for comparison. When the user ﬁnds a
1
Our experimental system differs in at least two ways from the
typical Dell shopping experience. First, many Dell consumers ﬁrst
explore the website but then call a sales representative who helps
the consumer conﬁgure his or her computer. Second, Dell offers
several standard products that a consumer can select and thereby
bypass the user design problem altogether.
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Figure 2
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The Main Screen for the Experimental Parameter-Based Interface

desirable conﬁguration, it can be added to the shopping list and can then be “purchased.” We encoded
essentially Dell’s entire consumer laptop computer
product line with this system, so that a user could, in
theory, design any consumer laptop product offered
by Dell.
We also designed and built a needs-based system
for the Dell consumer laptop product line. The main
screen of this interface is shown in Figure 3. Using the
needs-based system, the user ﬁrst positions slider bars
to indicate the relative importance of nine user needs,
such as “My computer is light enough that I can easily
carry it in my bag.” This approach directly explicates
the relative importance of needs. This is distinct from
a conjoint approach in which users would be presented with distinct, fully articulated product alternatives and asked to express their preferences for the
overall products (Green and Krieger 1991).
Once the values are set for the relative importance of the needs, the user clicks “Recommend
Computer” and the system displays a laptop computer with its associated product performance speciﬁcations, including price. Exactly the same product
performance speciﬁcations are displayed for a computer in both the parameter-based and needs-based
systems.

To recommend a conﬁguration, the needs-based
system computes performance speciﬁcations for each
conﬁguration in the design space and then estimates
the utility of each of these conﬁgurations, using a linear multiattribute utility model, with the values of the
slider bars (0–99) as the weights in the utility function.
To navigate the design space, the user can either
reset the slider bars and click for another recommendation, or he or she can incrementally improve or
diminish the performance of the current recommendation with respect to one of the product performance
speciﬁcations. For example, if the recommended conﬁguration is too expensive, the user can simply click
on “less” (price) to see one that is less expensive. This
feature is implemented by ﬁnding the conﬁguration
with the next highest utility that also is an incremental improvement in the desired direction with respect
to the user’s input.
The incremental navigation of the “needs space”
proved to be an important feature of our implementation of the needs-based approach, as it has several
advantages. Iterating in this fashion allows the consumer to test the sensitivity of price with respect to
performance. Given that the system restricts incremental recommendations to those computers with
high scores on the utility function, it is possible to
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Figure 3

The Main Screen for the Experimental Needs-Based Interface

explore the marginal impact of one need (e.g., portability), holding everything else nearly constant. Furthermore, complex design spaces exhibit local optima,
leading to an overall rugged solution landscape. In
such an environment, using design parameters as the
knobs is likely to lead to local optimization in one
area of the solution space. In contrast, our implementation of the needs-based approach allows for jumps
from one local optimum to another, if so desired by
the user.

4.

Experimental Design

Figure 4 summarizes the design of our experiment,
described in greater detail as follows. In the initial
survey, we gathered data about the demographics of
the subjects and their prior experience purchasing
computers. We also measured the computer expertise of the subjects with a set of nine multiple-choice
questions. In the second part of the experiment, we
randomly assigned subjects to either the parameterbased system or the needs-based system. Subjects
were asked to use the assigned interface and design a
laptop computer to meet their own preferences. When
the subject pressed the “buy” button, a “receipt” of
the simulated purchase was printed and the subject
was then asked to ﬁll out a second survey.

The second survey collected information about the
users’ satisfaction, both with respect to their experiences using the interface as well as their satisfaction
with the conﬁgurations they selected. Following the
second survey, the subjects were directed to a simulated showroom, where they were told that they
would be provided with additional information and
given an opportunity to revise any of the choices they
had made with the Web-based system. The role of the
showroom was to measure how well the laptop conﬁgurations selected by the subjects actually ﬁt their
needs. In the showroom, we provided a display comprised of ten laptop computers. The ten laptops were
chosen so that they would cover all physical dimensions of Dell laptops, all screen sizes, and all video
cards and would span the range of microprocessor
and memory choices. While this approach does not
provide the subject with the exact postpurchase experience one would get if he or she actually purchased
a computer, it has the advantage that it demonstrates
to the subject the alternative choices for each design
parameter.
In addition to the ten laptops we obtained from
Dell, we provided the subjects with information
about laptops, both verbally and graphically (supported by posters). This information covered: (a) disk
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Figure 4
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drive characteristics, (b) processor performance, and
(c) memory performance.
During their time in the showroom, subjects
were shown alternative conﬁgurations (e.g., cheaper/
lower-performing conﬁgurations, more-expensive/
higher-performance conﬁgurations, lighter/heavier
conﬁgurations). Subjects were given the opportunity
to modify any of their previous decisions. The extent
to which they engaged in change at this step was used
as a measure-of-ﬁt between the initial customized
design and the subjects’ actual needs.
Subjects
Subjects for the experiment were recruited from the
students and staff of a large research university. The
characteristics of the sample are provided in Table 1
(Panel A). The experiment took about 1 hour on average, and subjects were given $10 for their time.
Measures
In the following paragraphs we describe the dependent and independent variables used in the experiment. Throughout the discussion, we refer to
descriptive statistics of each variable found in Table 1
(Panel B).
Dependent Variables.
Perceived Fit Perceived ﬁt is an aggregate construct
based on the average response to these three statements: (1) From the computers available on the system, I believe I found the one that would be best
for me. (2) If I were to buy a Dell computer in the
near future, I would purchase essentially the one
I selected. (3) I’m satisﬁed that the computer I selected
would meet my needs. Question 3 and the 9-point
scale were adapted from Häubl and Trifts (2000). The
Cronbach alpha score for the combined measure is
0.83, which exceeds acceptable limits on construct
validity (Nunnally and Bertstein 1994).

Perceived Comfort Perceived comfort is an aggregate construct based on the average response of a
subject to these ﬁve statements: (1) I felt it was easy
to explore the alternatives that were available to me.
(2) I felt that I was able to easily ﬁnd a computer
that would meet my needs. (3) I wish an independent
Table 1

Descriptive Statistics

Panel A: Subject descriptive statistics
Total Subjects
Subjects not responding to ﬁt and comfort questions
Total subjects for analysis with ﬁt and comfort outcomes
Subjects with model changes
Total subjects for changes outcomes

164
3
161
31
130

Percent female
Median age
Median household income
Percent married
Percent with children
Median number of times purchased a laptop
Median number of times purchased a desktop
Percent that previously purchased computers via the Internet

36.7%
24
$25,000
46.4%
16.4%
1
0
18.9%

Panel B: Study variable descriptive statistics
Percentiles

Dependent variables
Perceived Fit
Perceived Comfort
Time Spent
Absolute Value of Price Change
Sum of Absolute Value of
Price Changes
Number of Changes a
Perceived Bias
Independent variables
Answers Correct
Answers Attempted
Weighted Answers Correct
a

Mean

Std. dev.

10th

50th

90th

7.29
6.52
293
233
214

1.29
1.42
157
262
250

5.67
4.60
130
0
0

7.33
6.80
262
170
129.5

9.00
8.20
480
575
524

2.01
4.40

1.71
2.24

0
1

2
5

5
7

2.70
5.66
4.14

1.97
2.42
2.02

0
2
1.43

3
6
3.86

6
9
7.04

Due to exclusion of observations with model changes, statistics for number
of changes are for a subsample of 130 subjects.
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Table 2

Pearson Correlation Coefﬁcients

Variables
Perceived Fit
Perceived Comfort
Absolute Value of
Price Change
Sum of Absolute Value
of Price Change
Time Spent
Number of Changes
Number Correct
Number Attempted
Weighted Correct
∗∗∗ ∗∗

Perceived
ﬁt

Perceived
comfort

Absolute value of
price change

1
054∗∗∗
−007

1
−010

1

−002

−014

088∗∗∗

−012
−003
003
006
004

−021∗∗∗
−007
023∗∗∗
023∗∗∗
025∗∗∗

Sum of absolute value
of price change

013∗
059∗∗∗
−020∗∗∗
−012
−019∗∗

Time
spent

Number of
changes

Number
correct

Number
attempted

1
−008
−001
−007

1
072∗∗∗
091∗∗∗

1
091∗∗∗

Weighted
correct

1
014
065∗∗∗
−022∗∗∗
−017∗
−021∗∗

1
013
−021∗∗
−022∗∗∗
−019∗∗

1

∗

, , and indicate values signiﬁcant at p < 001, 0.05, and 0.10 levels, respectively. For Number of Changes, n = 161 and n = 130.

person could have helped me select the right computer (reverse coded). (4) I felt confused during the
selection process (reverse coded). (5) I felt comfortable with the process of selecting a computer. The
Cronbach alpha score for the construct is 0.72, which
exceeds acceptable limits for construct validity.
Absolute Value of Price Change This variable is measured as the absolute value of the net price changes
a subject made while in the showroom. For example,
a change from an Inspiron 600m to a Latitude 200
increases the base price of the computer by $250.
Sum of Absolute Value of Price Changes The previous measure of price change only accounts for the net
effect of price changes. It does not account for the
total dollar value of changes made by participants. For
example, a subject might increase RAM by 256 MB at
a cost of $150 but decrease the hard drive capacity by
30 GB at a gain of $199. The previous measure would
measure this as a $49 change in the absolute value of
price. The Sum of the Absolute Value of Price Changes in
this example would be $349.
Time Spent The elapsed time used to select a computer conﬁguration from the website.
Number of Changes The number of changes is the
raw quantity of changes a subject made to their chosen computer conﬁguration when in the showroom.
A value of zero implies the best ﬁt. In our analysis
of number of changes, we exclude the subjects who
make a model change because a model change almost
always requires a change to many other attributes
of the computer. For example, a subject that changes
from the Latitude 200 to the Inspiron 8500 is forced to
change screen size, screen resolution, processor, and
video processor, whether or not these other changes
are desired, because the same values of these parameters are not available on the Inspiron 8500.
Independent Variables.
Treatment Subjects were randomly assigned to the
parameter-based system or the needs-based system.
In the analysis that follows, the assigned system is

coded as an indicator variable with Treatment = 1
for the needs-based system and Treatment = 0 for
the parameter-based system. We observe no statistically signiﬁcant differences between groups in terms
of expertise, age, gender, income and education.
Expertise Number Correct, Weighted Correct, Number
Attempted When measuring expertise, it is important to distinguish between objective and subjective
expertise (Brucks 1988). Whereas objective expertise
relates to actual knowledge, subjective expertise measures to what extent subjects perceive themselves to
be knowledgeable.
We use two variables to measure objective expertise. First, we use the number of correct answers to
a nine-question multiple-choice test consisting of speciﬁc questions in the domain of laptop computers
(Number Correct). This approach is adapted from the
instruments reported by Sujan (1985) and Bettman
and Sujan (1987). Secondly, we use a variant on
the number-correct measure that gives partial credit
for “close” answers (Weighted Correct). For example,
one question asks for the thickness dimension of the
thinnest laptop computers. The correct answer was
“less than 1 inch.” However, the response “1 inch to
1.25 inch” is more correct than the response “1.5 to
2 inches.” The measure Weighted Correct provides partial credit for wrong answers and thus reduces some
of the random variability in the expertise measure.
We also measure subjective expertise. For each
question a respondent could answer “I don’t know.”
We use the Number Attempted, deﬁned as nine less the
number of “I don’t know” responses, as a measure of
subjective expertise.

5.

Results

To test Hypotheses 1 and 2, we estimate the following
model,
Y =  + 1 × Treatment + 2 × Expertise
+ 3 × Treatment × Expertise + Controls + 

(1)
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where Y is one of the dependent variables described
in the previous section and age and gender are control
variables. The equation is estimated using ordinary
least squares for the dependent variables Perceived Fit,
Perceived Comfort, Absolute Value of Price Change, Sum of
Absolute Value of Price Change, and Time Spent.2 For the
Number of Changes outcome measure, we estimate the
equation using Poisson regression, which is suggested
by Greene (1997) when the data represent counts of
events.3 We mean center the expertise measure in our
analysis.
This formulation provides two equations to interpret results based on the two different treatments.
For subjects using the parameter-based interface
(Treatment = 0), the relevant model is:
Y =  + 2 × Expertise + Controls + 

(2)

For subjects using the needs-based interface (Treatment = 1), the relevant model is:
Y =  + 1  + 2 + 3  × Expertise
+ Controls + 

(3)

Under our hypotheses, the above equations can be
represented with a graph as shown in Figure 5.
Assuming a more-is-better dependent variable such
as Perceived Fit and Perceived Comfort, 2 must be signiﬁcant and positive for Hypothesis 1 to hold. This
would indicate that as a subject’s expertise increases,
the quality of outcome using a parameter-based interface increases. For Hypothesis 2 to hold, we expect
3 to be signiﬁcant and negative. This would indicate
that the relative advantage of the needs-based interface decreases with the user’s expertise (2 > 2 + 3 .
Note that Hypothesis 2 does not strictly posit that the
outcome for the needs-based interface decreases with
expertise (2 + 3 < 0), although it is shown this way
in Figure 5, only that the relative advantage of the
needs-based interface decreases with expertise. For a
less-is-better dependent variable, such as Time Spent,
Absolute Value of Price Change, Sum of Absolute Value of
Price Changes, or Number of Changes, the signs in the
preceding argument would be reversed.
2

The variables Absolute Value of Price Change and Sum of Absolute
Value of Price Change are truncated at zero. However, the truncation
at zero does not imply the use of truncated regression techniques
such as Tobit (Maddala 1991). Instead, we use the OLS estimator.
The errors from this regression are not normal and, hence, the estimates are not the best unbiased estimator; however, these estimates
are the best linear unbiased estimator (Gujarati 1995). The net result
is that the coefﬁcients are unbiased, but our test statistics are less
efﬁcient.

3

We also estimated the Number of Changes equation using NBD
regression. Results do not differ from the results reported using
Poisson regression.

Figure 5

Graphical Representation of Equations 2 and 3

Outcome
Needs-based
interface (Treatment = 1)

α + β1
β2 + β3

β2

Parameter-based
interface (Treatment = 0)

α

Novice

Expert

Expertise

Panels A, B, and C of Table 3 report results of the
regression analysis for our three different expertise
measures. To facilitate the discussion of these results,
we show plots in Figure 6 of the outcomes as a function of expertise using the coefﬁcient estimates from
the regression models in Panel C only.
Consistent with Hypothesis 1, we report positive
and signiﬁcant coefﬁcients for 2 across all measures
of expertise in models for Perceived Comfort and a negative and signiﬁcant coefﬁcient for the Absolute Value
of Price Change, Sum of Absolute Value of Price Changes,
Time Spent, and the Number of Changes. We do not
report a signiﬁcant positive coefﬁcient for 2 in the
Perceived Fit model.
Consistent with Hypothesis 2, across all panels we
report negative and signiﬁcant coefﬁcients for 3 in
models for Perceived Comfort and positive and signiﬁcant coefﬁcients for Time Spent. Results for other
outcome measures vary according to the measure
of expertise used in the analysis. Consistent with
Hypothesis 2, we report positive and signiﬁcant coefﬁcients for 3 in the models for Absolute Value of Price
Change and Sum of Absolute Value of Price Changes in
Panel B and Panel C but not in Panel A. Consistent
with Hypothesis 2, we report negative and signiﬁcant
coefﬁcients for Perceived Fit in Panel A but not in Panels B and C. We do not ﬁnd a signiﬁcant coefﬁcient
for 3 in the model for the Number of Changes.
Figure 6 graphically illustrates the results for
Hypotheses 1 and 2 based on the values for coefﬁcients reported in Panel C. We see that for Perceived
Fit, Perceived Comfort, Absolute Value of Price Change,
Time Spent, and Number of Changes, the relationship
between outcome and expertise is consistent with our
hypotheses. That is, we observe that ﬁt, comfort, and
time for the parameter-based interface improve with
expertise and that compared to the parameter-based
interface, the relative advantage of the needs-based
interface decreases with the user’s expertise.
We formally test Hypothesis 3 using multivariate
analysis of variance that tests for mean differences
between novices and experts while controlling for a
subject’s age and gender. For this test we dichotomize
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The Relation Between Outcomes, Expertise, and Design Interface

Dependent variable

Perceived ﬁt

Panel A: Expertise = Number of Answers Correct
Intercept
691∗∗∗
048
Treatment (Needs = 1)
020
035
Expertise
007
007
Expertise × Needs Interface
−019∗
011
Age
001
002
Male
009
023
Signiﬁcance statistic1
Adjusted R-squared
N
Statistical method used

113
000
162
OLS

Panel B: Expertise = Number of Attempted Answers
Intercept
717∗∗∗
046
Treatment (Needs = 1)
−030
020
Expertise
008
006
Expertise × Needs Interface
−010
009
Age
001
002
Male
004
022
Signiﬁcance statistic
Adjusted R-squared
N
Statistical method used

093
−0002
162
OLS

Panel C: Expertise = Weighted Answers Correct
Intercept
720∗∗∗
047
Treatment (Needs = 1)
−027
020
Expertise
009
007
Expertise × Needs Interface
−018
010
Age
001
002
Male
007
023
Signiﬁcance statistic
Adjusted R-squared
N
Statistical method used

110
0003
161
OLS

Perceived
comfort

Absolute value of
price change

Sum of absolute value
of price change

Time spent

Number of
changes

667∗∗∗
050
019
021
025∗∗∗
007
−026∗∗
011
−001
002
012
025

47228∗∗∗
9325
−14719∗∗
6998
−3537∗∗∗
1343
2926
2121
−351
322
−2897
4545

48942∗∗∗
9340
−15531∗∗
7252
−3969∗∗∗
1482
2970
2199
−502
314
−157
4785

35522∗∗∗
5401
445
2412
−2421∗∗∗
802
2965∗∗
1267
−155
192
−3629
2727

094∗∗∗
037
−015
015
−009
005
006
008
−002
001
−006
017

311∗∗∗
006
162
OLS

12834
—
130
Poisson

35270∗∗∗
5382
885
2403
−2282∗∗∗
704
2378∗∗
991
−160
192
−3778
2673

100∗∗∗
037
−012
015
−009∗∗
004
010
006
−002
001
−012
016

330∗∗∗
007
162
OLS

12892
—
130
Poisson

35666∗∗∗
5420
1004
2422
−2276∗∗∗
822
2634∗∗
1213
−176
194
−3564
2739

095∗∗∗
037
−012
015
−011∗∗
005
011
008
−002
001
−008
017

310∗∗∗
006
161
OLS
666∗∗∗
049
016
022
025∗∗∗
006
−027∗∗∗
009
−001
002
018
024
375∗∗∗
008
161
OLS

277∗∗
005
163
OLS
38907∗∗∗
8960
−6187
4005
−2990∗∗∗
1176
4546∗∗∗
1656
−359
320
−5644
4444
310∗∗
006
163
OLS

302∗∗
007
134
OLS
39892∗∗∗
9104
−6718
4197
−3249∗∗∗
1240
3786∗∗
1707
−532∗
313
−2764
4618
301∗∗
007
134
OLS

675∗∗∗
050
018
022
027∗∗∗
007
−026∗∗
011
−001
002
011
024

32391∗∗∗
9396
−7784∗
4329
−5991∗∗∗
387
5895∗∗∗
2173
−293
327
−735
4919

37862∗∗∗
9182
−6742
4231
−4529∗∗∗
1512
4573∗∗
2123
−499
319
−577
4807

357∗∗∗
007
160
OLS

452∗∗∗
012
162
OLS

336∗∗∗
008
133
OLS

276∗∗
005
161
OLS

12857
—
129
Poisson

Notes. Standard errors are in parentheses.
∗
p < 010 one tailed tests, ∗∗ p < 005 one-tailed tests, ∗∗∗ p < 001.
1
The model signiﬁcance statistic is the F statistic from ordinary least squares models for the perceived ﬁt, perceived comfort, and time spent models.
The model signiﬁcance statistic is the Pearson chi-square statistic from a Poisson regression for the number of changes model. Note that with the Pearson
chi-square test, we compare the estimated model with a fully saturated model and, hence, expect no signiﬁcance in the statistic.
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Figure 6

Graphical Representation of Estimated Models for Needs-Based and Parameter-Based Interfaces
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the expertise variable at the median score for expertise. Subjects answering three or fewer questions correctly are categorized as novice.4 We then compare
outcomes for novice subjects using the parameterbased system and novice subjects using the needsbased system. The results are shown in Table 4.
In support of Hypothesis 3, we report that the Perceived Comfort level is higher while the Absolute Value
of Price Change and Sum of Absolute Value of Price
Change are lower in the needs interface for novice
users across all three panels. We report fewer changes
made by novices in Panel C. We report no signiﬁcant
difference in Perceived Fit or Time Spent.
Table 5 summarizes the results of our hypothesis
tests for each of the dependent variables.

Discussion

The experimental results provide substantial support
for our hypotheses. Novices are less comfortable with
4

0.8
Parameter-based
0.6
0.4
0.2

Needs-based

0.0

Expertise

6.

Number of Changes

Time Spent

1.0
Parameter-based

300
250

Needs-based

0

Expertise

350

Parameter-based

We also use a mean cutoff to classify subjects as novice. Results of
these tests are qualitatively the same as those reported in Table 4.

Expertise

parameter-based systems and achieve better ﬁt in less
time with needs-based systems. In this section, we discuss some limitations of our study, along with several
issues related to application of needs-based systems in
industrial practice.
Limitations of the Study
Our sample is not fully representative of the overall
consumer population, as college-educated consumers,
especially business students, are overrepresented.
Therefore, inferences about all consumers may not be
valid. However, we conjecture that most consumers
are, in fact, likely to be less well suited to parameterbased approaches than college students of business.
Our study focuses on a single product domain, laptop computers. We would expect similar results for
other technology-based goods. For simple domains,
say, the design of a sandwich or a pizza, or for
domains in which even more modular architectures
are prominent, we expect that parameter-based systems exhibit fewer disadvantages relative to needsbased systems (Ulrich 1995).
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Differences in Outcomes for Novice Users
Needs Parameter-based Hotelling’s
interface
interface
T-square P -value

Variables

Panel A: Expertise = Number of Answers Correct n = 84
Perceived Fit
Perceived Comfort
Time Spent
Absolute Value of
Price Change
Sum of Absolute Value
of Price Change
Number of Changes

723
660
29693
17615

737
595
34001
34237

033
445
112
705

057
003
027
001

16391

32738

559

002

178

234

257

011

Panel B: Expertise = Number of Answers Attempted n = 94
Perceived Fit
Perceived Comfort
Time Spent
Absolute Value of
Price Change
Sum of Absolute Value
of Price Change
Number of Changes

721
663
30225
18376

737
602
34423
31496

053
434
128
500

047
004
026
003

17274

31017

499

003

185

223

133

025

Panel C: Expertise = Weighted Answers Correct n = 93
Perceived Fit
Perceived Comfort
Time Spent
Absolute Value of
Price Change
Sum of Absolute Value
of Price Change
Number of Changes

714
673
34007
18524

737
595
28808
34239

078
626
155
584

038
001
021
002

16468

32739

534

002

167

235

369

006

Several additional domains seem especially promising for needs-based approaches, including retirement
planning, medical plan choice, and product selection
in categories with hundreds of products, such as automobiles and cameras. Another avenue of research that
appears promising is to study how the alternatives
presented to consumers shape the user design process
(Huber et al. 1982).
Hybrid Systems
In testing our hypotheses, we chose to create a clear
distinction between the parameter-based system and
the needs-based system. A simple hybrid system could
offer the user the choice of a parameter-based interface or a needs-based interface. A more sophisticated
Table 5

hybrid system could allow the same interface to work
in both ways. That is, either parameters or needs could
be directly manipulated. One such system would be
equivalent to the needs-based system we developed,
with the additional feature that any parameter (e.g.,
amount of memory) could be directly manipulated
with the resulting impact on the customer needs
shown immediately (Ramaswamy and Ulrich 1997).

Conclusion

User design offers tantalizing potential beneﬁts to
manufacturers and consumers, including a closer
match of products to user preferences, which should
result in a higher willingness to pay for goods and
services. However, the user design experience can suffer from a mismatch between preferences and the
resulting product. Design defects can result from
overwhelming confusion for novice users and daunting design complexity.
There are two fundamental approaches that can be
taken to user design: parameter-based systems and
needs-based systems. In parameter-based systems,
users directly specify the values of design parameters of the product. In needs-based systems, users
specify the relative importance of their needs, and an
optimization algorithm recommends the combination
of design parameters that is likely to maximize the
user’s utility.
Through an experiment in the domain of consumer
laptop computers, we show that for parameter-based
systems, comfort and ﬁt increase with the expertise
of the user. We also show that for novices, the needsbased interface results in better ﬁt, comfort, and speed
than the parameter-based interface.
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Appendix. Tobit Analysis

Table A1 shows the results of Tobit regression models for
the price change variables. There are no qualitative differences between these results and the OLS results reported

Summary of Results of Hypothesis Tests
Perceived
ﬁt

H1: Fit, comfort, and time improve with expertise
for parameter-based interface
H2: Relative advantage of needs-based interface
decreases with expertise
H3: For novices, ﬁt, comfort, and time are better
with needs-based interface



Perceived
comfort

Time
spent

Absolute value of
price change

Sum of absolute value of
price change

Number of
changes
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Table A1

Tobit Analysis of Price Change Variables
Expertise measures
Number of Answers Correct

Dependent variable
Intercept
Treatment (Needs = 1)
Expertise
Expertise
× Needs Interface
Age
Male
Likelihood ratio test
N

Number of Answers Attempted

Weighted Answers Correct

Absolute Value of Sum of Absolute Value Absolute Value of Sum of Absolute Value Absolute Value of Sum of Absolute Value
Price Change
of Price Change
Price Change
of Price Change
Price Change
of Price Change
38788∗∗∗
11118
−6023
4982
−4417∗∗∗
1676
2891
2635
−586
405
−2885
5598

41328∗∗∗
12369
−6834
5591
−5277∗∗∗
2019
3615
2957
−859∗∗
437
−891
6357

39987∗∗∗
11061
−5096
4953
−3769∗∗∗
1453
5559∗∗∗
2035

43184∗∗∗
12313
−5687
5602
−4325∗∗∗
1653
4954∗∗
2264

38190∗∗∗
11129
−4984
4981
−5080∗∗∗
1702
5082∗∗
2498

40423∗∗∗
12404
−5728
5608
−6053∗∗∗
2038
5799∗
2828

−574
403
−6682
5482

−880∗∗
436
−4551
6214

−582
408
−3309
5608

−839∗∗
439
−1538
6334

1338∗∗
163

1473∗∗
134

1468∗∗
163

1488∗∗
134

2852∗∗∗
162

2994∗∗∗
133

Note. Standard errors are in parentheses.
∗∗
p < 005 one-tailed tests. ∗∗∗ p < 001.

in the body of this paper. Opinions differ on the applicability of Tobit in situations similar to ours. We share the
positions of Sigelman and Zheng (1999) and Maddala (1991)
that Tobit is not the right speciﬁcation in the absence of
explicit censoring; however, we believe that the results of
the Tobit analysis reported in Table A1 are an indication of
the robustness of our basic results.
We offer these comments on Tobit for the interested
reader. Maddala distinguishes between two types of censoring. First, there are situations in which the dependent
variable can take on negative values in theory but for which
such values are actually observed as zeroes. Such cases
qualify as true censoring for which Tobit is appropriate.
However, in a second situation, the dependent variable cannot, even in theory, take on negative variables, as is the case
for automobile expenditures, hours worked, or wages. This
second situation holds for our various change measures.
In such situations, Maddala (1992, p. 341) states that Tobit
models are inappropriate. Speciﬁcally, he states:
“Every time we have some zero observations in
the sample, it is tempting to use the Tobit model.
However, it is important to understand what the
model really says. What we have [with Tobit] is
a situation where [the dependent variable] can, in
principle, take on negative values. However, we do
not observe them because of censoring. Thus zero
values are due to non-observability. This is not the
case with automobile expenditures, hours worked or
wages. These variables cannot, in principle, assume
negative values.”
Sigelman and Zheng (1999) state that “if no censoring has
occurred or if censoring has occurred but not at zero, then
the standard Tobit speciﬁcation is inappropriate.”
Researchers have suggested remedies to several situations where Tobit models were used incorrectly with data

limited at zero. See, as examples, Cragg (1971) and Nelson
and Olson (1978). However, these situations do not apply
speciﬁcally to our situation. Based on these arguments, we
believe OLS is our best reasonable alternative. The OLS
estimates are still BLUE, but not BUE (Gujarati 1995).
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