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ABSTRACT 4 

Managers at e-commerce firms are in need of proven methods for evaluating the usability of 5 

their Web sites.  So, one of the most pressing issues is whether the design of their online 6 

storefronts is effective, and if not, which areas require attention and improvements.  However, 7 

current usability evaluation methods (e.g., user testing, inspection and inquiry) are not well 8 

suited to the tasks at hand.  This paper proposes a new Web site evaluation approach, which is 9 

grounded in the economic theory of production.  We conceptualize human-computer interaction 10 

(HCI) during online shopping as an economic production process in which customers make use 11 

of various functionalities provided by the e-commerce Web site to complete a purchase 12 

transaction.  This view enables us to formulate a novel perspective on Web site usability — the 13 

ability to transform inputs (i.e., use of Web site functionalities) into outputs (i.e., completed 14 

purchase transactions).  We use data envelopment analysis (DEA) methods for evaluating e-15 

commerce Web sites, and propose two new metrics, InefficiencyBreadth and UnitInefficiency, to 16 

help identify potentially problematic Web site functionalities.  The value of the proposed method 17 

is illustrated by applying it to the evaluation of a real-world e-commerce Web site.   18 
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1.  INTRODUCTION 4 

In the electronic commerce context, the class of software applications where the 5 

importance of understanding end user needs and requirements is most pronounced is Web sites 6 

for Internet-based selling.  There are several reasons why the usability of Internet-based selling 7 

Web sites is emphasized more than traditional organizational information systems (IS) or 8 

interactive desktop applications.  First, the target users of e-commerce applications are 9 

consumers, which is untypical of traditional business applications developed for use by 10 

employees within a firm (Keeney 1999).   As a result, greater constraints are placed on what a 11 

designer or developer must do to create a desirable setting for system use by a user/consumer 12 

since end-user training is not an option (Albert et al. 2004).  Second, Web sites exhibit lower 13 

search and switching costs than do traditional desktop applications or organizational systems 14 

(Bakos 2001; Chen and Hitt 2002).  Since there is no need to purchase and install software prior 15 

to use, consumers may easily switch to a competitor’s Web site which is “only a click away” 16 

(Johnson et al. 2003).   17 

The concept of usability, which is concerned with making software systems easy to learn 18 

and easy to use, has recently gained increased attention with the development and wide diffusion 19 

of end-user interactive software applications (Dray 1995).  Usability evaluation, which originally 20 

was considered as an added burden on software development costs and time, has now taken 21 

center stage as an integral part of the software development process (Anderson et al. 2001).  The 22 
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goal of usability evaluation is to identify usability problems in the user interface so that 1 

designers can make informed decisions about how to improve the user interface and ultimately 2 

achieve a more usable system (Nielsen 1993).  Although a variety of usability evaluation 3 

methods have been proposed and are widely used, most can be categorized into the following 4 

major classes (Ivory and Hearst 2001):   5 

• Testing involves an investigator observing users interacting with a user interface to 6 

identify usability problems that users run into.  A common example would be 7 

usability testing in controlled laboratory settings (e.g., Dumas and Redish 1999, 8 

Spool et al. 1999). 9 

• Inspection methods involve a usability expert who uses a set of criteria (or heuristics) 10 

to analyze and critique an interface.  Examples include cognitive walkthroughs 11 

(Wharton et al. 1994) and heuristic evaluation (Agarwal and Venkatesh 2002; Nielsen 12 

and Molich 1990).  13 

• Inquiry methods engage target users, who are asked to provide feedback on the user 14 

interface via structured questionnaires, interviews or focus groups.  The 15 

Questionnaire for User Interface Satisfaction (QUIS) (Chin et al. 1988), the Web 16 

Assessment Questionnaire (Schubert and Selz 1999), and facilitated group techniques 17 

(Duggan 2003) are well-known examples.  18 

• Analytical modeling involves the development of formal models of users and 19 

interfaces, which are used to generate predictions about the performance outcomes of 20 

HCI.  Examples include GOMS (Card et al. 1983) and CPM-GOMS (John and Kieras 21 

1996).   22 
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• Simulation builds formal user models that mimic a user interacting with an interface 1 

so that simulated data on activities and errors can be measured and reported.  ACT-IF 2 

(Pirolli 1997; Pirolli and Card 1999) is a notable case of the simulation method.   3 

Even though these approaches to usability evaluation have been successfully applied in 4 

the evaluation of user interfaces for traditional organizational IS and interactive desktop 5 

applications, they are not perfectly suited for Web-based applications, especially e-commerce 6 

applications.  First, the iterative development life cycle is dramatically shorter for e-commerce 7 

applications (Gallaugher 1999).  Market pressures for speed often force companies to launch 8 

their Web-based storefronts prematurely without making sure of the Web sites’ usability.  In fact, 9 

most managers at e-commerce firms value on-time site launch more than a later launch of a more 10 

usable site (Bias 2000).  In addition, e-commerce Web sites are frequently updated and 11 

redesigned (Brajnik 2000), which makes the recurring costs of recruiting test users, experts or 12 

survey respondents, and/or the development of user and interface models for the evaluation of 13 

each redesign excessive for most organizations with limited financial and human resources.  14 

Finally, general consumers display a greater level of heterogeneity of human-computer 15 

interaction (HCI) than managers or users of business applications (Albert et al. 2004).  This 16 

makes it difficult to assume that a large enough set of usability problems will be detected with a 17 

limited number of subjects in usability studies (Spool and Schroeder 2001).   18 

Despite these difficulties and challenges, there are opportunities afforded by the Web 19 

environment.  One notable opportunity stems from the availability of large volumes of 20 

clickstream data on Web site usage from log files.  Through careful preparation and examination 21 

of Web server log files, it is possible for usability evaluators to gain insights into how the Web 22 

site is actually being used by the customers (Drott 1998; Fuller and de Graaff 1996; Rosenstein 23 
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2000).  However, the problem with server log data is that there is often too much data available!1  1 

This situation calls for automated usability evaluation methods for handling the considerable 2 

amount of available data (Byrne et al. 1994).  In an extensive review of automated methods for 3 

usability evaluation, Ivory and Hearst (2001) noted that although methods for automatic capture 4 

of usability data has been extensively developed, methods for automatic analysis (or critique) of 5 

an interface are still quite limited and are in need of innovative research and development.  6 

We seek to contribute to this stream of research by conducting a design science research 7 

that develops a usability evaluation method for automated analysis of e-commerce Web sites for 8 

identifying potential and real usability problems.  Our proposed method makes extensive use of 9 

actual customer-Web site interaction data using Web server logs.  We believe that an automated 10 

approach to data collection has the potential to resolve some of the problems of current usability 11 

evaluation methods: Web server logs can be collected continuously and automatically, enabling 12 

on-going Web site evaluations without incurring extraneous costs; and data can be collected for 13 

all customers, making it possible to effectively cope with heterogeneity in consumer behavior.  14 

Indeed, given the critical importance of Web usability for e-commerce, one of the most pressing 15 

questions on the minds of e-commerce managers is whether the design of their online storefronts 16 

is effective, and if not, which areas should be improved.  A method that provides answers to such 17 

questions will allow managers to prioritize design and redesign projects to maximize return on 18 

investment of the firm’s development initiatives.   19 

                                                 
1 A study by NetGenesis showed that even though e-commerce managers acknowledge that immensely 
valuable information is contained in the server logs, they are stymied in effectively accessing this 
information due to a lack of people, resources, standard definitions and domain expertise (Cutler and 
Sterne 2000).   
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This research closely adheres to the guidelines for conducting design science research 1 

(Hevner et al. 2004).  Our main design science contribution is the development of a conceptual 2 

model of customer-Web site interaction that enables the assessment of e-commerce Web site 3 

effectiveness, a set of measurement constructs that represent the scope (i.e., InefficiencyBreadth) 4 

and scale (i.e., UnitInefficiency) of usability problems, and an empirical method that enables the 5 

computation of the InefficiencyBreadth and UnitInefficiency constructs.  Collectively these 6 

design artifacts provide important contributions and implications to how we think about 7 

designing (and redesigning) e-commerce Web sites, in particular, and information systems, more 8 

generally.   9 

The paper is organized as follows.  The next section presents a production model of 10 

online shopping that provides the theoretical and analytical foundation for our empirical method 11 

for usability evaluation of Web sites that support Internet-based selling.  The third section 12 

outlines the empirical method for Web site evaluation based on this conceptualization.  We use 13 

data envelopment analysis (DEA) as the methodological vehicle for assessing e-commerce Web 14 

site usability.  We also define two metrics to help identify Web site functionalities that are less 15 

than effective in use.  InefficiencyBreadth quantifies the extent of inefficiency for each different 16 

kind of Web site functionality.  The UnitInefficiency metric computes the relative severity of 17 

inefficiency for each of the different Web site functionalities.  In the fourth section, we illustrate 18 

the usefulness of the proposed method by applying it to the evaluation of a real-world e-19 

commerce Web site.  The paper concludes with discussions of the contributions, limitations of 20 

the proposed approach, and several areas of extension for future research.   21 
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2.  A PRODUCTION PERSPECTIVE OF E-COMMERCE WEB SITE EFFECTIVENESS 1 

2.1.  A Production Model of Online Shopping 2 

The usability evaluation method proposed in this paper is motivated by our ongoing work 3 

on a production economics based model for assessing the effectiveness of e-commerce Web sites 4 

for Internet-based selling.  We summarize the major elements of the production model of online 5 

shopping to provide the conceptual and analytical background for our method for identifying 6 

usability problems in e-commerce Web sites.   7 

We conceptualize consumer-Web site interaction during online shopping as a production 8 

process in which the customer makes a purchase transaction by utilizing various functionalities 9 

provided by the e-commerce Web site.2  In economics, a production process defines the 10 

technical means by which inputs (e.g., materials and resources) are converted into outputs (e.g., 11 

goods and services) (Varian 1992).  This technical relationship is represented by the production 12 

function, which articulates the maximum level of outputs produced for each given level of inputs 13 

(i.e., the efficient frontier or the “best practice” production frontier).  Deviations from the 14 

production frontier reflect inefficiencies in production (Aigner and Chu 1968).  In the context of 15 

online shopping, the inputs consist of the customers’ use of the various functionalities provided 16 

by the e-commerce Web site.  They represent the effort put forth by customers in filling their 17 

virtual shopping carts (e.g., the number of product page views, extent of navigation through 18 

product listings, references to help pages, etc.).  The outputs of the production process are the 19 

contents of the purchase transaction.  For example, the number or dollar value of items 20 

                                                 
2 This conceptualization is based on literature in service operations management (Chase 1978; Chase and 
Tansik 1984; Lovelock and Young 1979; Mills and Morris 1986; Walley and Amin 1994), service 
marketing (Meuter et al. 2000; Zeithaml et al. 1990) and retailing (Ingene 1982; Ingene 1984; Kamakura 
et al. 1996).   
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purchased during a shopping trip can be regarded as possible outputs of the production process.  1 

Other factors may additionally impact the efficiency of the production process.  For instance, a 2 

customer’s general competence and skill level with computers and the Internet, her familiarity 3 

with a particular e-tailer’s Web site design, and the speed of her Internet connection all could 4 

impact how efficient the customer is in producing an online transaction.  Borrowing the 5 

modeling formalisms of production economics, we represent the online shopping service 6 

production process as a production model and as its inverse, the cost model:3 7 

y = f(x, s, εoutput)      (Production Model) 8 

yr = f(xi, sk, εr
output) 9 

or  10 

x = g(y, s, εinput)      (Cost Model) 11 

xi = g(yr, sk, εi
input) 12 

where 13 

f(⋅)  =  production function that translates inputs into outputs,  14 

g(⋅) =  cost function (or inverse production function) that translates outputs into inputs, 15 

y = vector of r outputs (yr) resulting from the production; r > 0, yr ≥ 0,  16 

x = vector of i inputs (xi) used in the production process; i > 0, xi ≥ 0, x ≠ 0,        17 

s = vector of k environmental variables (sk) influencing production process,  18 

εoutput  = vector of r deviations from production frontier (εr
output), r > 0, εr

output ≥ 0,  19 

εinput  = vector of i deviations from the production frontier (εi
input), i > 0, εi

input) ≥ 0. 20 

The distinction between the output-oriented production model and the input-oriented cost 21 

model is useful due to several reasons.  First, the different perspectives provide us with 22 

                                                 
3 In management science and operations research, these models are typically referred to as “the primal” 
and “the dual” – different specifications of the key optimization problem that managers must solve to 
achieve high value from their technology investments. 
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flexibility to capture distinctive purchasing behaviors (e.g., goal-directed purchasing vs. 1 

experiential shopping) that have been identified in the marketing literature (Babin et al. 1994; 2 

Bloch et al. 1986; Moe and Fader 2001).  Goal-directed purchasing typically involves a 3 

consumer who has a target product purchase in mind.  Hence, her purchasing process is geared 4 

toward finding that product with the least amount of effort.  For example, a consumer who is 5 

shopping for a particular brand of cereal would exhibit goal-directed purchasing behavior.  The 6 

input-oriented cost model, which attributes greater efficiency to production processes which 7 

utilize less input given a predetermined level of output, is more appropriate for modeling such 8 

goal-directed purchasing behaviors.  On the other hand, experiential shopping occurs when a 9 

consumer does not have a particular product in mind but is casually browsing through the store 10 

to find an item that might catch her fancy (e.g., shopping for pleasure, impulse purchasing).  An 11 

illustrative example is a consumer who is shopping for clothes.4  In this case, the output-oriented 12 

production model, which attributes greater efficiency to production processes which produce 13 

more outputs with a given level of inputs, would be more appropriate for modeling such 14 

experiential shopping behaviors.    15 

Second, this distinction is also useful because it provides an analytical basis for 16 

interpreting inefficiencies in the online shopping behaviors.  Inefficiencies in the output-oriented 17 

production model (εr
output) relate to slack output: more outputs could have been produced with 18 

the same amount of inputs.  Inefficiencies in the input-oriented cost model (εi
input) relate to excess 19 

                                                 
4 We note that the distinction between goal-directed purchasing and experiential shopping is not a pure 
dichotomy but represents two end points along a continuum of shopping behaviors.  For example, 
shopping for clothes can be quite goal-directed when the exact configuration (i.e., brand, color, size etc.) 
is predetermined.  This has been shown to be the case for some male shoppers (Underhill 1999).  So, the 
example of shopping for clothes as representing experiential shopping behavior is as an illustration.   
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input: the same amount of outputs could have been produced with less input.  Figure 1 shows the 1 

basic intuition of the production framework.   2 

INSERT FIGURE 1 ABOUT HERE 3 

The production (cost) function frontier represents the most efficient production (cost) 4 

process.  All points that lie on the curve (e.g., points A and C) are said to be efficient since they 5 

do not deviate from the frontier (εoutput = εinput = 0).  All observations that lie below (above) the 6 

production (cost) curve (points B and D) are inefficient.  A level of output greater by εoutput may 7 

be achieved with the same level of input (point B’) or the same level of output may be achieved 8 

with εinput less input (point D’). 9 

2.2.  Measuring Web Site Effectiveness: A DEA Approach 10 

Conceptualizing online shopping as production enables us to develop a novel perspective 11 

for e-commerce Web site evaluation.5  Since customers are producing a transaction through the 12 

e-commerce Web site, the design of the Web site can be viewed as a service production 13 

environment.  Usability of the Web site thus can be assessed by examining how well the 14 

production environment on the e-commerce Web site supports efficient transformation of inputs 15 

based on user interaction with the Web site into outputs as purchase transactions.  Furthermore, 16 

we may utilize frontier estimation methods from production economics – empirical methods 17 

typically used for productivity analysis – in evaluating e-commerce Web site performance.  Of 18 

the various analysis methods available, we selected data envelopment analysis (DEA), a linear 19 

                                                 
5 The International Organization for Standardization (ISO) defines usability as “… the quality of use – the 
effectiveness, efficiency and satisfaction with which specified users achieve specified goals in particular 
environments…” (ISO 1998).  Typically, effectiveness is measured by the number of errors, efficiency as 
task completion time, and satisfaction via self-reported survey instruments.  We note that our proposed 
method cannot capture the satisfaction dimension of usability since we are not conducting primary data 
collection.  Instead, our proposed method focuses on the dimensions of effectiveness and efficiency only.   
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programming-based non-parametric method for production frontier estimation.  We first provide 1 

an overview of the analytical method of DEA and then provide details of how DEA can be used 2 

to identify usability problems.    3 

2.2.1.  Overview of the DEA Method 4 

DEA is a linear programming-based non-parametric method for production frontier 5 

estimation.  DEA only requires simple assumptions of monotonically increasing and convex 6 

input-output relationships and does not impose strict assumptions with respect to the functional 7 

form of the production function.  Moreover, DEA can effectively handle production functions 8 

where multiple inputs and multiple outputs are involved.  Prior research has also shown that the 9 

parametric formulation for stochastic frontier estimation and the non-parametric formulation of 10 

DEA yield similar results (Banker et al. 1991).6   11 

In DEA, the unit of analysis is called the decision making unit or DMU.  This represents a 12 

production unit, which may be defined narrowly as an individual or as broadly as a firm, an 13 

industry, or even as an economy.  DEA estimates the relative efficiencies of DMUs from 14 

observed measures of inputs and outputs.  The productivity of a DMU is evaluated by comparing 15 

it against a hypothetical DMU that is constructed as a convex combination of other DMUs in the 16 

dataset.  Several variants of DEA are available to the analyst to fit the situation at hand.  The 17 

analyst may choose between input-oriented or output-oriented DEA models.  This choice reflects 18 

the distinction between the input minimization and the output maximization perspectives.  In 19 

addition, the analyst may choose between Charnes-Cooper-Rhodes (CCR) and Banker-Charnes-20 

Cooper (BCC) models, depending on whether the production process exhibits constant or 21 

                                                 
6 Additional details on DEA and its recent developments can be obtained in recent comprehensive texts 
such as Charnes et al. (1994), Cooper et al. (2000) and Cooper et al. (2004). 
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variable returns to scale.  The CCR model (Charnes et al. 1978; Charnes et al. 1981) structures 1 

the analysis with the assumption of constant returns to scale, whereas the BCC model (Banker et 2 

al. 1984) allows for variable returns to scale.  By combining these two considerations, the analyst 3 

may model a wide variety of situations.  For example, the input-oriented BCC model is 4 

appropriate for estimating the productivity of DMUs in terms of input minimization when the 5 

production process exhibits variable returns to scale.   6 

The efficiency hj0 of DMU j0, characterized on the basis of the consumption of inputs xij0 7 

and production of outputs yrj0, is assessed by solving the linear program shown in Table 1. 8 

INSERT TABLE 1 ABOUT HERE 9 

The first constraint ensures that all observed input combinations lie on or within the production 10 

possibility set defined by the production frontier.  The second constraint maintains that the 11 

output levels of inefficient observations are compared to the output levels of a reference DMU 12 

that is composed of a convex combination of observed outputs.  The third constraint ensures that 13 

all values of the production convexity weights are greater than or equal to zero so that the 14 

hypothetical reference DMU is within the production possibility set.  The final constraint 7 15 

allows variable returns to scale.  The specification of the constraints is such that the production 16 

possibilities set conforms to the axioms of production in production economics (i.e., convexity, 17 

monotonicity, variable returns to scale and minimum extrapolation) (Banker et al. 1984).  18 

The DEA program is run iteratively for all DMUs (j = 1,…,J) to yield efficiency scores 19 

hj
*.  A DMU j is said to be fully efficient if the optimal solution hj

* to its linear program yields  20 

                                                 
7 This constraint is relaxed for the CCR model, so that it restricts the production process to have constant 
returns to scale.   
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hj
* = 1 without any slack output or excess input (i.e., εr

output = εi
input = 0, ∀i, r).  All other DMUs 1 

with 0 ≤ hj
* < 1 are said to be inefficient (i.e., εij

input > 0 or εrj
output  > 0, ∃i, r).  See Figure 2.   2 

INSERT FIGURE 2 ABOUT HERE 3 

The empirical best practice production frontier is shown by the line segments connecting 4 

DMU4, DMU1 and DMU3.  Since DMUs 1, 3 and 4 lie on the frontier, they are efficient (i.e., h*
1 5 

= h*
3 = h*

4 = 1).  DMU2, however, is inefficient. Compared to the hypothetical DMU’2 (a convex 6 

combination of DMU1 and DMU3), the same level of output could have been produced with εx1 7 

and εx2 less inputs.  So DMU2 exhibits excess inputs of εx1 for input x1 and εx2 for input x2.  The 8 

optimal solution when the DEA model is solved for DMU2, h*
2, is the ratio of the distance 9 

between the origin and DMU’2 and that between the origin and DMU2. 10 

2.2.2.  Identifying Usability Problems 11 

Efficiency estimation via DEA produces efficiency scores, h*
j, for each transaction.8  12 

Hence, we may gain an overall assessment of the effectiveness of the e-commerce Web site by 13 

examining the distribution of these efficiency scores or inefficiency deviations, θ*
j  = 1/h*

j - 1.  If 14 

most efficiency scores lie close to the efficiency frontier (i.e., h*
j ≈ 1 or θ*

j  ≈ 0), then we may 15 

infer that the e-commerce Web site is quite effective.  However, recall from our earlier 16 

discussion that an important managerial concern is to understand not only how the e-commerce 17 

Web site is performing, but more importantly, which areas of the Web site are not effective, so as 18 

to identify areas for improvement.  In such cases, overall efficiency scores do not help us since 19 

                                                 
8 In prior studies using DEA, the focus was typically on generating efficiency scores and comparing 
individual DMUs to identify which observations are efficient and which are not.  We are not particularly 
interested in the efficiency scores of the DMUs per se.   Instead, our focus is on the distribution of the 
efficiency scores, which generates insights about the overall effectiveness of the production environment 
in terms of enabling efficient production processes.   
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the efficiency score relates to the productivity of the production environment as a whole (i.e., the 1 

e-commerce Web site).  Instead we would need to delve deeper into the potential causes by 2 

investigating the sources of the observed inefficiencies.  One straightforward way to do this is to 3 

examine the breadth or scope of observed inefficiencies for each Web site functionality (i.e., how 4 

many transactions exhibited inefficiencies with respect to a particular Web site functionality) and 5 

the severity or scale of the observed inefficiencies for each Web site functionality (i.e., the level 6 

of observed inefficiencies when inefficiencies are observed for a particular Web site 7 

functionality).  Toward this goal, we define two metrics:  8 

• Definition 1 (InefficiencyBreadth).   The InefficiencyBreadth of Web site functionality 9 

represents how widespread inefficiencies due to the particular Web site functionality are. 10 

• Definition 2 (UnitInefficiency).  The UnitInefficiency of Web site functionality on output 11 

represents how much the inefficiencies due to the particular Web site functionality are 12 

with respect to a unit of output.     13 

The two metrics above can be easily computed from the DEA results.  14 

InefficiencyBreadth can be calculated by determining the proportion of observations for which 15 

input inefficiencies were observed.   Since input i in the online shopping production model is 16 

conceptualized as the customer’s use of Web site functionality i, all non-zero εij
input represent 17 

excess input in the use of Web site functionality i that resulted in the inefficiency in the 18 

production of output r.  If we define the set { }0input
i i ijD j J ε= ∈ >  (i.e., all DMUs where 19 

inefficiency in the use of Web site functionality i was observed), ni = |Di| (i.e., the cardinality of 20 

Di, the number of elements or observations in set Di), and Ji as the total number of DMUs that 21 

made use of Web site functionality i, then the proportion of ni relative to Ji represents the scope 22 
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of inefficiency due to functionality i: InefficiencyBreadthi = ni / Ji.  InefficiencyBreadth is a thus 1 

proportional measure.  It counts the number of observations or transactions that have inefficiency 2 

or excess input, εij
input, observed with respect to a particular input measure (e.g., Web site 3 

functionality i) out of the population of all observations Ji that made use of the Web site 4 

functionality i.  For instance, if we have a total of 100 observations (J = 100), and of those, 80 5 

observations made use of Web site functionality x1 (e.g., the search function), and of those 80, 20 6 

observations exhibited input inefficiencies for input x1, usage rate of x1 (i.e., J1 / J) would be 7 

80/100 = 0.80 or 80% and InefficiencyBreadth1 would be 20/80 = 0.25 or 25%.  This means that 8 

25% of all transactions that actually made use of the search functionality of the Web site showed 9 

signs of inefficiencies.   10 

The UnitInefficiency metric, representing the severity of observed inefficiencies for a 11 

specific Web site functionality, can be determined by analyzing the magnitude of observed input 12 

inefficiencies, εij
input.  Since, each observation may have differing levels of outputs, we normalize 13 

by output volume: UnitInefficiencyirj = εij
input  / yrj.  For instance, the first observation (j = 1) had 14 

input inefficiency with respect to the first Web site functionality x1 (e.g., search) and the actual 15 

measure of that inefficiency was 5 (i.e., ε11
input = 5).  If we further assume that the output (e.g., 16 

number of products purchased) of this observation was 50 (i.e., y1 = 50).  Then, the 17 

UnitInefficiency111 is 5/50 = 0.1.  In other words, this observation exhibited input inefficiency of 18 

5 (i.e., ε11
input = 5) but since her output was quite large (i.e., y1 = 50), on average her inefficiency 19 

with respect to input x1 is 0.1.  Note that this measure is computed for each transaction (j = 1 to J 20 

observations) for each input xi (i = 1 to I inputs) and for each output yr (r = 1 to R outputs).  21 

Hence, we need to investigate distributional measures (e.g., mean, median, variance (or standard 22 

deviation) etc.) in order to interpret the results.  In the next section, we illustrate the utility of our 23 
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proposed Web site evaluation method by applying it to a real-world operational e-commerce 1 

Web site to obtain empirical insights.  2 

3.  AN EMPIRICAL APPLICATION 3 

We first discuss the background of our research site and data collection, the specification 4 

of our empirical model for the computation of efficiency scores.  Then we present the usability 5 

insights derived from our analysis.    6 

3.1.  Research Site and Data 7 

Data for this study were collected at an online grocery retailer, which requested to remain 8 

anonymous.  The online grocer is a pure-play Internet-based retailer that delivers groceries 9 

directly to its customers’ doorsteps with the mission of “taking the dread out of grocery 10 

shopping.”  The company made its first delivery in April 1999 and by mid-July 2000, it had over 11 

9,000 customers who generated more than $16 million in revenue.  In 2004, the reported revenue 12 

was increased to approximately $65 million.  At the time of data collection (mid-2001), the 13 

company operated in one metropolitan area, where it was the only e-grocer in its regional market.   14 

Clickstream data were collected directly from the online grocer’s Web servers.  The Web 15 

site uses HTTP session cookies downloaded onto the visitor’s computer to track the customer’s 16 

shopping behavior at the Web site.  Typical data pre-processing procedures for using web server 17 

logs were used to extract navigation path sequences for visitors from the clickstream data 18 

(Cooley et al. 1999).  The navigation sessions were combined to identify purchase transactions. 19 

Web site meta-data were defined to adequately represent the structure and content of the e-20 
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commerce Web site.9  This helped to make sense of the Web site usage behaviors by identifying 1 

the nature and content of the pages the customers have gone through to browse and purchase 2 

products on the Web site.  Web site usage metrics were then extracted to measure the extent to 3 

which various areas of the Web site were used in each of the purchasing processes.  The data 4 

span two weeks from June 23 to July 5, 2001.  A total of 36,051 sessions were recorded for 5 

18,297 unique customers.  Our analysis focuses on 5,383 actual completed purchase transactions 6 

from 4,941 customers.  The data integration process is presented in Figure 3.   7 

INSERT FIGURE 3 ABOUT HERE 8 

3.2.  DEA Model Specification 9 

We employ the input-oriented BCC DEA model (Banker et al. 1984) to estimate the 10 

efficiencies of the online purchase transactions in the evaluation of the effectiveness of the online 11 

grocer’s e-commerce Web site.  Before presenting the specification of the input and output 12 

variables, we first discuss the rationale for selecting the input-oriented model in lieu of the 13 

output-oriented model, as well as the BCC model over the CCR model.   14 

The input-oriented DEA model, with its focus on input minimization for a given level of 15 

output, is appropriate for modeling online purchase situations where goal-directed purchasing is 16 

prevalent.  Shopping efficiency is meaningful and important in the online grocery shopping 17 

context that is investigated here.  In fact, the target consumer market for the grocery shopping 18 

Web site is the time-pinched customer who seeks convenience in her grocery shopping activities.  19 

Consequently, one of the key operational goals for Web site design set forth by the managers at 20 

                                                 
9 Web site structural meta-data provide the topology of the Web site (e.g., entry points, the product 
hierarchy, link structures, etc.) that can be represented as a directed graph structure.  Web site meta-data 
also included semantic information related to the content on the individual pages, which we represented 
as keyword matrices.   



 

17 

the research site is to have first-time customers be able to checkout (i.e., complete a purchase 1 

transaction) within an hour and have their subsequent transaction sessions not exceed thirty 2 

minutes.  Hence, shopping efficiency is a major focus in the current context.   3 

We also employ the BCC model (Banker et al. 1984) because it allows for variable 4 

returns to scale in the production process.   The CCR model (Charnes et al. 1978; Charnes et al. 5 

1981) enforces constant returns to scale in the production process, and so it is less desirable for 6 

this context.  This is because in the online shopping context the size of the transaction (i.e., the 7 

number of items purchased), as an indicator of production scale, is under the control of the 8 

customer and not the e-commerce firm.  If an optimal production scale exists, one cannot enforce 9 

it.10  Besides the theoretical reason for this choice, it is also possible to determine empirically 10 

whether the production function exhibits constant or variable returns to scale (Banker and 11 

Slaughter 1997).  Our analyses show that the online shopping production process exhibits 12 

variable returns to scale, hence the BCC model formulation is appropriate.11  13 

Once the model orientation and specification have been determined, the next step is to 14 

select the appropriate input and output variables for empirical estimation.  DEA analysis is only 15 

as good as the initial selection of input and output variables.  The inputs must represent the 16 

resources consumed by the DMUs and the outputs must characterize the end results of the 17 

production by the DMUs.  Another conceptualization of the outputs is unit performance.  This 18 

works so long as DEA’s axioms of production are satisfied.  In online shopping, inputs consist of 19 

                                                 
10 Enforcing a production scale on a consumer is analogous to suggesting that she purchase more (or less) 
items because she would be more efficient with a different transaction size.   
11 Details of the returns-to-scale analyses are not shown here, but are available upon request.   



 

18 

customers’ use of various Web site functionalities and the output consists of a checkout of a 1 

basket of products.12  The input and output variables are summarized in Table 2.   2 

INSERT TABLE 2 ABOUT HERE 3 

Taken together, the nine input variables (x1 through x9) represent all major Web site 4 

functionalities a customer may use in fulfilling her purchase transaction.  The output measure, 5 

the number of different products at checkout (y1 = BasketSize), represents the level of transaction 6 

performance of the online shopping production process.   7 

3.3.  Empirical Results  8 

3.3.1.  Results of Overall DEA Efficiency Scores 9 

Figure 4 shows the efficiency scores of all DMUs (J = 5,383) against the respective 10 

output of each observation.  The horizontal axis represents the efficiency scores of the online 11 

shopping transactions (0 ≤ hj
* ≤ 1). The output level (i.e., number of items in cart at checkout) is 12 

represented on the vertical axis.  The efficient transactions lie on (or near) the right edge of the 13 

graph (h*
j ≈ 1).  Visual inspection gives a summary of overall Web site efficiency, with varying 14 

efficiency scores at all output levels, suggesting that the Web site may not be entirely effective 15 

and there is room to improve.   16 

INSERT FIGURE 4 ABOUT HERE 17 

3.3.2.  Inefficiency Results by Web Site Functionality   18 

To gain insights into the potential causes of the observed overall Web site inefficiency, 19 

we analyzed the inefficiencies by Web site functionality with the inefficiency metrics proposed 20 

earlier. (See Table 3 for actual measures and Figure 5 for a graphical summary.)    21 
                                                 
12 Following recommendations in the DEA literature (e.g., Thomas et al. 1998), the conceptualization and 
operationalization of input and output variables was determined via in-depth discussion with the 
managers at the online grocer.   
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INSERT TABLE 3 AND FIGURE 5 ABOUT HERE 1 

We first observe that not all Web site functionalities are used to an equal extent. (See the 2 

4th column in Table 3 and gray bars in Figure 5.)  Some are almost always used in purchase 3 

transactions (e.g., Checkout – 100%13 and ProductList – 99.94%).  However, we also see that 4 

several functionalities are used at a very low rate, with less than one-fifth of the transactions 5 

making use of such functionalities (e.g., Help – 11.70%, OrderHistory – 17.22% and Recipe – 6 

18.69%), while others are fairly extensively used (but not all the time), with over two-thirds of 7 

the transactions making use of such functionalities (e.g., Search – 68.31%, Promotion – 68.98%, 8 

PersonalList – 74.77% and ProductInformation – 81.83%).  Recall that InefficiencyBreadthi (5th 9 

column in Table 3 and white bars in Figure 5) measures the proportion of DMUs for which 10 

excess input for Web site functionality i was observed.  For example, the first Web site 11 

functionality (ProductInformation, DEA input variable x1) was used by 4405 DMUs (i.e., 12 

purchase transactions) of which excess input was observed in 2,272 cases (n1 = 2272).  Hence, 13 

InefficiencyBreadth1 for ProductInformation is 51.58% (i.e., 2272 / 4405 = 0.5158).  We see that 14 

of the various Web site functionalities, InefficiencyBreadth was greatest for Help (98.6%), then 15 

Promotion (57.1%), ProductInformation (51.6%), Recipe (49.6%), PersonalList (42.0%) and 16 

Search (37.5%).  With the remaining three Web site functionalities (i.e., OrderHistory, 17 

ProductList, and Checkout), the breadth of inefficiency was less significant.   18 

Even though InefficiencyBreadth provides a useful metric that represents how widespread 19 

inefficiencies due to specific Web site functionality were, it does not provide much information 20 

as to the severity of those observed inefficiencies.  We also investigate the UnitInefficiency 21 

                                                 
13 Since we are capturing completed transactions, the checkout functionality (Checkout) is inevitably 
always used.   
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metric to gain more insights. (See right-most column in Table 3 and the line data in Figure 5.)  1 

The results show that the severity of inefficiencies were greatest for Web site functionalities 2 

ProductList (0.385), Search (0.342) and ProductInformation (0.337), moderate for PersonalList 3 

(0.261), Promotion (0.176), Recipe (0.158), Checkout (0.143) and OrderHistory (0.125), and low 4 

for Help (0.035).   5 

Interpreting the metrics together provide a more holistic picture of Web site usage and 6 

effectiveness.  The combined results suggest that Web site functionalities ProductInformation, 7 

PersonalList, Promotion and Search were most problematic in incurring inefficiencies at the e-8 

tailer’s Web site.  These were the functionalities that exhibited extensive use (i.e., over 66% in 9 

usage rate), widespread inefficiencies (i.e., InefficiencyBreadth measures ranging between 10 

approximately 40-60%) and also severe inefficiencies (i.e., average UnitInefficiency measures 11 

ranging between 0.17 and 0.34).  On the other hand, although, Checkout and ProductList were 12 

used in almost all transactions (i.e., usage rate ≈ 100%), only a very small proportion of 13 

transactions exhibited inefficiencies in these functionalities even though the severity of the 14 

inefficiencies (when observed) was moderate to high.  In contrast, inefficiencies with Help were 15 

widespread, but this was rarely used and the severity of the observed inefficiency was negligible.    16 

We may also formally test the differences in the UnitInefficiency scores between the Web 17 

site functionalities to gain more confidence in the interpretation of the results.  In order to 18 

formally test differences in efficiencies, the statistical test procedure proposed by Banker (1993) 19 

can be used for comparing efficiency ratings between groupings.  The statistical procedure 20 

involves testing whether the means of the inefficiency score probability distributions for different 21 

conditions are different based on two test statistics. The application of each depends on whether 22 
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inefficiency deviations of the observed data are assumed to be drawn from an exponential or a 1 

half-normal distribution.14   2 

The test procedure is as follows.  Let j represent an online shopping transaction in the 3 

overall dataset.  The UnitInefficiency score of a shopping transaction j in group Gi is denoted by 4 

θj
Gi.  If one assumes the inefficiency deviations to be exponentially distributed with parameter σi, 5 

the null hypothesis for comparing two groups pair-wise (i.e., UnitInefficiency scores for two Web 6 

site functionalities, say a and b) is that inefficiencies due to the two Web site functionalities are 7 

not different, H0: σa = σb. The alternative hypothesis is H1: σa > σb:  the inefficiency level due to 8 

Web site functionality a is greater than those due to Web site functionality b (i.e., Web site 9 

functionality a is showing more inefficiencies than Web site functionality b).  The test statistic is: 10 
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.  This statistic again 14 

asymptotically follows an F-distribution with (na, nb) degrees of freedom for large values of n.  15 

Using this statistical testing method, we conducted pair-wise UnitInefficiency score comparisons 16 

for each of the Web site functionalities.  The results are summarized in Table 4.   17 

INSERT TABLE 4 ABOUT HERE 18 

                                                 
14 It is reasonable to assume an exponential distribution for the inefficiency deviations when one has 
reason to believe that most observations are close to the production frontier, whereas a half-normal 
distribution should be assumed when few observations are likely to be are close to the frontier.   
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We conducted all of the statistical tests with significance levels at α = 0.01.  The results 1 

show that, with a few exceptions, the rank ordering of the severity of inefficiencies by Web site 2 

functionality seems to represent quite distinct levels of severity.  For example, we see that 3 

inefficiencies due to ProductList are more severe (in the statistical sense) than all inefficiencies 4 

due to all other Web site functionalities.  Inefficiencies due to Search and ProductInformation 5 

are similar (i.e., not statistically different) but these inefficiencies are more severe than 6 

inefficiencies due to all other Web site functionalities except ProductList (i.e., PersonalList, 7 

Promotion, Recipe, Checkout, OrderHistory and Help).  The remainder of the results table can be 8 

interpreted in a similar manner.15 9 

Until now, we have presented general results from using the Web site evaluation method 10 

to identify potentially problematic Web site areas.  We note that there are numerous other ways 11 

in which insightful analyses can be conducted.  A simple extension would be to divide the 12 

dataset into multiple groups to see if observed Web site inefficiencies are similar (or different) 13 

across groups of customers.  For example, the dataset could be divided based on length of 14 

relationship with the online service (e.g., loyal and frequently returning-customers vs. newly-15 

registered customers) to see whether or not these different groups exhibit differences in 16 

inefficiencies or if a different set of Web site functionalities are problematic for different groups.   17 

                                                 
15 Note that we are naively presenting these statistical test results without making use of additional 
background information that managers would typically have in practice.  For example, although we find 
that the Web site functionalities of Product Information, Search and Personal List are the most 
problematic, the managers of the Web site may not find this result particularly alarming if they have 
reason to believe that those functionalities are inherently inefficient.  In other words, Web site managers 
may (and should) incorporate their prior knowledge as benchmark expectations.  The purpose of this 
exposition is to illustrate that such statistical testing is possible, not to formally test any hypothesis about 
the efficacy of various Web site functionalities.   
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3.3.3.  Inefficiency Results by Output Volume   1 

To further demonstrate the value of the proposed evaluation method, we present 2 

additional results from a simple extension: investigating Web site inefficiencies by output 3 

volume.  The key question that guides this analysis is whether output volume (i.e., cart size) has 4 

an impact on efficiency.  In other words, since customers that conduct high volume transactions 5 

may exhibit different purchasing and Web site interaction behaviors from those that conduct 6 

lower volume ones, we analyzed the DEA results to explore these issues.   7 

Figure 6 shows the distributions of UnitInefficiency values by output volume for each of 8 

the Web site functionalities.  Several results are noteworthy.   9 

INSERT FIGURE 6 ABOUT HERE 10 

The distribution of UnitInefficiency values is skewed with most observations in the lower 11 

range (with a long tail).  As expected, UnitInefficiency seems to follow an exponential or half-12 

normal distribution rather than a symmetric distribution such as the normal distribution.  Second, 13 

we reconfirm some of the insights generated previously.  On average, UnitInefficiency was most 14 

salient for Web site functionalities ProductInformation, Promotion, Search and PersonalList.  15 

This can be seen by observing the height of the surface plots.  A closer look at the results 16 

indicates that higher volume transactions seem to be relatively more likely to incur inefficiencies 17 

than lower volume ones, regardless of the Web site functionality.   This suggests that the Web 18 

site may be geared toward supporting smaller carts more effectively than larger ones.   19 

The last finding is an interesting result when we consider the nature of the products being 20 

sold by the online grocer and how this impacts consumer purchase behaviors.  The overall design 21 

strategy of the current Web site is quite typical in Internet-based selling, with hierarchical 22 

product categories for drill-down navigation, a search function, basic checkout functions, help 23 
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pages and promotional pages for specials and recipes.  What the results may be suggesting is that 1 

even though such a design strategy may be effective for e-tailers where the typical number of 2 

products being purchased per transaction is small (i.e., cart size of 1 to 5 line-items), a different 3 

overall design strategy may be required for grocery shopping where the number of different 4 

items being purchased is substantially larger (i.e., cart size of 40+ line-items).   5 

4.  CONCLUSION  6 

The success of e-commerce retailers hinges largely on their ability to provide a high-7 

quality Web site.  So e-commerce retailers need to constantly monitor the effectiveness of their 8 

Internet-based storefronts to identify those Web site areas that are problematic.  However, 9 

evaluating the effectiveness of e-commerce Web site design is a complex problem for e-10 

commerce retailers.  Furthermore, current evaluative methods do not offer practical and effective 11 

means for a solution to this problem.  We proposed an innovative method for automated Web 12 

site usability assessment and identification of problem areas.   13 

4.1.  Contributions 14 

By modeling online shopping as an economic production process and using evaluative 15 

methods for frontier analysis, we developed a productivity-based model for Web site 16 

effectiveness and a set of metrics that help us to identify problematic areas within the site.  We 17 

also demonstrated the value of our method by applying it to the evaluation of a real-world e-18 

commerce Web site.  Through the application, it was possible to gain a deeper understanding of 19 

which Web site functionalities were potentially problematic.  It was also possible to discover 20 

unexpected knowledge related to the potential inappropriateness of the overall design strategy of 21 

the e-tailer’s Web site.  Such knowledge discovery provides a useful starting point for delving 22 

deeper into these design issues.   23 
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The proposed Web site evaluation method provides significant benefits over other 1 

methods that are currently widely used.   Our empirical insights could not have been uncovered 2 

using the traditional empirical methods of user testing, inspection or inquiry.  One of the major 3 

advantages of the proposed method is that firms can make use of observable customer actions for 4 

all users and customers at a given Web site.  In fact, the problem of scalability is a major concern 5 

with the extant evaluation methods.  With user testing, for instance, deciding how many subjects 6 

will be needed to produce a representative picture of Web site usability problems is still in debate 7 

(Bevan et al. 2003; Spool and Schroeder 2001).  Also, it is difficult for usability experts to be 8 

able to identify all usability problems that may arise for the wide variety of different users who 9 

may be customers at the Web site due to bounded rationality (Fu et al. 2002).  We are not 10 

arguing, however, that traditional testing, inquiry and inspection do not provide value.  Instead, 11 

these methods have their own specific complementary strengths (especially during the design 12 

stages in the systems development life cycle before a site is launched) and should be employed in 13 

conjunction with the proposed method.  For example, user satisfaction is an important attribute 14 

of usability that can only be measured with inquiry techniques (e.g., surveys or interviews).  A 15 

practical application scenario would be to use our proposed method to identify which areas of the 16 

Web site are most problematic and employ other methods such as testing or inquiry on these 17 

areas to understand why usability problems are arising.   18 

Our method also provides the benefit of an unobtrusive approach to data collection.  19 

Although online user surveys leverage available Web technologies, and are widely adopted, 20 

response bias (Schwarz 1999) and non-response bias (Andrews et al. 2003) will persist.  21 

Moreover, with frequent Web site redesigns, it becomes difficult to solicit continuous responses 22 

for each redesign cycle.  A major benefit of the proposed method is that one may bypass the 23 
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aforementioned problems by making use of automatically-collected Web server logs of customer 1 

Web navigation behavior that occur in a genuine real-world setting.  The empirical methods we 2 

used do not employ any proprietary data specific to our particular research site.  On the contrary, 3 

we expect that the required data will be available to all e-commerce firms.  So the proposed 4 

method should be readily applicable to any transactional e-commerce Web site.  With some 5 

additional effort, the data preparation and even the DEA programs can be systematically 6 

programmed into the Web application servers.  This makes it possible to automatically generate 7 

usability metrics so that e-commerce managers can continuously monitor the effectiveness of 8 

their Web site without incurring the costs of extraneous data collection and tedious analysis.   9 

4.2.  Limitations 10 

We should also acknowledge a number of caveats and considerations with respect to the 11 

interpretation of the results of this study, as well as the implementation of the proposed method.  12 

Even though the value of the proposed Web site evaluation method can be inferred by the 13 

interesting analyses and results enumerated above, care must be taken not only when interpreting 14 

the results but also when trying to apply the method more broadly.  For example, the results 15 

show that the some Web site functionalities (e.g., ProductInformation, PersonalList, Promotion 16 

and Search) were more problematic than others (e.g., Help, ProductList and Checkout).  17 

However, the reader should not over-generalize and assume that these Web site functionalities 18 

would also be problematic on other e-commerce Web sites.  The main focus of our evaluation 19 

method proposed here is not in uncovering universal design guidelines that may be applied to 20 

any setting (e.g., identifying the optimal organization of product hierarchies in an e-commerce 21 

Web site).  Instead, the focus of the proposed evaluation method is to provide to managers at e-22 
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commerce firms useful feedback concerning how their customers are actually performing in the 1 

presence of their current Web site design.   2 

Furthermore, it is important to note that the data collection window of two weeks may 3 

have introduced bias in the dataset; only transactions completed within the two-week window are 4 

included.  This is an important concern since many online consumers engage in “look-to-book” 5 

type shopping.16  Consequently, the results of the current analyses need to be interpreted with 6 

this limitation in mind.  That said, our method could be applied with a more complex model that 7 

tracks consumer purchases for a longer period so that such situations might also be handled.   8 

Another limitation with respect to the interpretation of the results stems from the 9 

assumptions of the production model.  The production model is essentially additive in that the 10 

use (or consumption) of inputs contributes independently to the production of outputs.  In other 11 

words, our method currently does not allow for investigating interaction effects in Web site 12 

functionalities.  Our future research agenda includes extending the online shopping model so that 13 

such interaction effects can also be dealt with.   14 

We also acknowledge potential concerns relating to the applicability of our proposed 15 

method to other contexts of Internet-based selling.  In our currently study, we have applied our 16 

method to gain insights into the effectiveness of the Web site of an online grocer.  An important 17 

characteristic of the grocery domain is that purchase behaviors are primarily goal-directed.  In 18 

our analyses, we have instantiated our online shopping model to specifically take into account 19 

this aspect.  For example, we have modeled the online shopping production process with an 20 
                                                 
16 Look-to-book shopping is where the customer adds items to the cart not for the purpose of immediate 
purchase, but to keep track of items of interest.  For example, when a consumer identifies an interesting 
book on Amazon.com she would put that item in her cart to keep track of it.  However, the actual 
purchase transaction (i.e., checkout) may occur at a later point in time when several such “look-to-book” 
sessions have been aggregated.   
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input-oriented production framework, which is more appropriate for goal-directed purchasing.  1 

Other e-commerce Web sites that deal with different types of goods (e.g., books, CDs, DVDs, 2 

apparel etc.) can and should be evaluated with a different modeling perspective depending on the 3 

nature of the purchase behaviors that are typically expected for such Web sites.  For instance, in 4 

the case of Internet-based selling of clothes, consumer purchase behaviors will typically entail 5 

experiential shopping motives.  In such cases, the online shopping production process should be 6 

instantiated with an output-oriented model which focuses on maximizing the level of outputs 7 

given a level of inputs.  In other words, Web site navigation behaviors that results in more 8 

products identified, considered and purchased (i.e., output) given the same amount of Web site 9 

use (i.e., input) would be regarded as more effective.  The proposed model and method is general 10 

enough so these different types of consumer behaviors can be appropriately captured.   11 

Even if the proposed usability evaluation method can be applied to Internet-based selling 12 

Web sites that deal with different types of products and shopping motives, we also need to think 13 

about whether the proposed method can effectively be applied to non-commercial Web site 14 

applications (e.g., search engines, online portals, informational Web sites, etc.)  We believe that 15 

our proposed method works so long as the perspective analogy is appropriate and applicable.  So, 16 

if it is appropriate to model HCI behavior as a production process (i.e., as an input-output 17 

mapping, even if the input are not “consumed” in the usual sense in production), our method will 18 

apply.  In fact, the production framework, and the ensuing efficiency orientation, is consistent 19 

with information foraging theory (Pirolli and Card 1999), which has been widely used in the HCI 20 

literature.  Information foraging theory posits that people, whenever possible, modify their 21 

information-seeking strategies or the structure of the information environment to maximize their 22 

rate of gaining valuable information.  This is referring to the maximization of outputs (i.e., 23 
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valuable information) while minimizing inputs (i.e., information-seeking strategies), which is in 1 

line with the production efficiency paradigm used here.  We acknowledge, however, that the 2 

production framework applies more easily in the context of transactional e-commerce Web sites 3 

due to the relatively unambiguous characterization of inputs, and more importantly outputs (e.g., 4 

products purchased).  For informational Web sites, it may be more difficult to distinguish 5 

between valid and invalid outputs.  For example, if a user retrieves a particular Web page, how 6 

can we be sure that that page contains information that the user is seeking, rather than a page a 7 

user mistakenly retrieved.  In e-commerce, this is less problematic because if a consumer 8 

purchases an item, or adds the item to her virtual shopping cart, then we can reasonably assume 9 

that the person was seeking that item.  Innovative techniques for inferring user needs from 10 

observable clickstream behaviors (e.g., Chi et al. 2001) should prove valuable in these regards.   11 

Finally, the proposed evaluation method is intended to be used as a tool for the 12 

continuous management of Web site quality.  The rationale is similar in spirit to an important 13 

research stream in software engineering economics, where metrics for evaluating software 14 

development and maintenance productivity have been developed as a vehicle for managing and 15 

maximizing the value of software development projects (e.g., Banker et al. 1991; Banker and 16 

Kauffman 1991; Banker and Slaughter 1997; Chidamber et al. 1998).  Likewise, our valuation 17 

method is intended for use within a firm for managing its Web site development initiatives.   18 

Given such use contexts, we need to discuss the broader applicability issues within the 19 

context of systems development for Internet-based selling.  Recall that one of the major goals of 20 

this research is to propose a Web site evaluation technique that provides automated analysis 21 

capabilities to help deal with faster software development life cycles by minimizing (or at least 22 

reducing) the evaluation costs at each redesign.  But automation does not come for free.  For 23 
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such automation to seamlessly occur, the Web site development process must incur additional 1 

costs of designing the user interface and application logic so that the log data that is 2 

automatically collected is in a structure and form that can be readily analyzed.  For example, 3 

developers may need to incorporate additional flags in the Web application code so that it is 4 

easier to automatically identify customers, transactions, sessions, page views and also content 5 

(i.e., products) within the Web pages shown.  Such additional activities may increase the level of 6 

complexity in the design and consequently increase the difficulty and costs of functional testing 7 

and debugging.  There are even firms that believe that the world is changing so fast that any 8 

attempt at analysis is fruitless since it would deter them from quickly adapting to take advantage 9 

of emerging market opportunities.  However, as Andreas Weigend, former chief scientist at 10 

Amazon.com, notes, the benefits of making better decisions based on careful analyses of implicit 11 

behavioral data (e.g., clickstream data) far outweigh the extra costs of developing and 12 

maintaining information systems that support such analyses (Wegner 2005).  We hope that our 13 

proposed method will help firms make better decisions.   14 

4.3.  Coda: Evaluating This Research from a Design Science Perspective 15 

The scientific value of any research needs to be rigorously assessed.  Furthermore, 16 

research following different epistemological philosophies (e.g., positivism vs. interpretivism) or 17 

paradigms (e.g., behavioral science vs. design science) should be evaluated according to 18 

standards that match the philosophy or paradigm of the research conducted.  In their recent 19 

article, Hevner et al. (2004) present a conceptual framework and guidelines for understanding, 20 

executing and evaluating design science research in Information Systems.  In conclusion, we 21 

candidly evaluate our current research in light of the seven guidelines presented in Hevner et al. 22 

(2004), and argue that this paper exemplifies rigorous design science research.   23 
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• Guideline 1 (Design as an Artifact).  “Design science research must produce a viable 1 

artifact in the form of a construct, a model, a method or an instantiation.” 2 

The current research has successfully produced several viable IT artifacts.  We develop 3 

two new metrics (i.e., InefficiencyBreadth and UnitInefficiency), constructs that provide a 4 

concise representation and vocabulary for understanding and interpreting overall Web site usage 5 

and usability problems.  These metrics represent the scope (InefficiencyBreadth) and scale 6 

(UnitInefficiency) of usability problems that can be associated with a particular Web site 7 

functionality.  These constructs are based upon our model of online shopping as economic 8 

production which provides the theoretical foundation for assessing Web site effectiveness in 9 

terms of productivity, efficiency and/or inefficiency.  Furthermore, we propose an empirical 10 

method for computing the proposed metrics.  While we do not develop a fully functional 11 

prototype that instantiates the proposed constructs, model and methods, we demonstrate the 12 

utility of our design artifacts by applying them to a real-world e-tailer.   13 

• Guideline 2 (Problem Relevance). “The objective of design science research is to 14 

develop technology-based solutions to important and relevant business problems.” 15 

Designing usable Internet-based selling Web sites is extremely important and relevant to 16 

e-commerce firms.  We have argued that current methods for assessing the usability of e-17 

commerce Web sites have some major shortcomings (e.g., excessive cost requirements, lack of 18 

scalability, potential for bias in results etc.) and are limited when it comes to rapidly providing 19 

managerially-actionable advice to managers.  We identified viable opportunities for solving these 20 

urgent managerial problems with automated tools for usability evaluation.  Our proposed method 21 

fills an important niche in the arsenal of available tools for e-commerce managers.   22 
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• Guideline 3 (Design Evaluation). “The utility, quality, and efficacy of a design artifact 1 

must be rigorously demonstrated via well-executed evaluation methods.” 2 

Our major design artifact is essentially a method for usability evaluation.  So the most 3 

relevant evaluation is to compare its performance against other methods for usability evaluation.  4 

However, direct comparison is difficult given that the purpose of our proposed method is 5 

different from existing approaches.  The purpose of our proposed method is to identify potential 6 

areas of usability problems from large-scale data so that managers can direct their attention to 7 

particular problem issues and areas.  Traditional methods (e.g., user testing, inquiry and/or 8 

inspection) focus more on the qualitative nature of usability problems.  In other words, if the 9 

emphasis of traditional methods is on understanding why some usability problems occur, then the 10 

focus of our method is to quickly identify where the usability problems might be occurring.   11 

Accordingly, we follow observational and descriptive approaches to evaluation.  We 12 

applied our method to the evaluation of the usability of a real-world online retailer and were able 13 

to uncover interesting insights that would have been difficult with traditional approaches.  We 14 

also made informed arguments about how our proposed method overcomes some of the 15 

shortcomings of prior approaches (e.g., automated data collection and computation of metrics 16 

reduce evaluation costs, unobtrusive data collection reduces potential for bias in evaluation 17 

results, use of large-scale data about all customers solves the scalability problems, etc.)   18 

• Guideline 4 (Research Contributions).  “Effective design science research must provide 19 

clear and verifiable contributions in the areas of the design artifact, design foundations, 20 

and/or design methodologies.” 21 

The major contribution of our research is a novel way to think about the effectiveness of 22 

Internet-based selling Web sites, in particular, and information systems, more generally.  The 23 
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adoption of the production paradigm for understanding systems effectiveness opens up 1 

interesting directions for future research.  For example, the long-standing literature in production 2 

economics has many concepts (e.g., marginal rate of substitution, technical vs. scale 3 

inefficiencies, etc.), analytical tools and methods that we have yet to apply in this context.  4 

Future research will benefit from our exploration. 5 

• Guideline 5 (Research Rigor).  “Design science research relies upon the application of 6 

rigorous methods in both the construction and evaluation of the design artifact.” 7 

Our research combines rigorous elements from multiple disciplines such as economics 8 

(e.g., production economics, production model, cost model), management science (e.g., data 9 

envelopment analysis), marketing (e.g., online consumer behavior, purchase decision making), 10 

HCI (e.g., usability engineering), computer science (e.g., data mining and Web usage mining) 11 

and IS (e.g., systems development life cycle, iterative development).  We draw from these 12 

rigorous knowledge bases in the development of our proposed usability evaluation method.   13 

• Guideline 6 (Design as a Search Process). “The search for an effective artifact requires 14 

utilizing available means to reach desired ends while satisfying laws in the problem 15 

environment.” 16 

Our research also follows an effective search process.  The conceptualization and 17 

formulation of the design objective utilized means-ends analysis by first clearly defining the goal 18 

state (i.e., the ability to inform managers whether their online storefront is effective, and if not, 19 

which areas are problematic and require attention).   Our research also identified opportunities 20 

(e.g., the availability and potential value of large-scale usage traces from Web server logs) as 21 

well as the constraints (i.e., the common denominator of available data such as Web server logs, 22 
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transaction data and customer data) to define the design requirements (i.e., a method for 1 

automatically identifying usability problems in e-commerce Web sites).   2 

• Guideline 7 (Communication of Research). “Design science research must be 3 

presented effectively both to technology-oriented as well as management-oriented 4 

audiences” 5 

We intend that the current research is presented for both technology-oriented as well as 6 

managerially-oriented audiences.  For the technology-oriented, we include the formal 7 

specification of our model (i.e., the production model) and empirical computation (e.g., the DEA 8 

formulation for efficiency computation) of the metrics.  We have shown that the proposed 9 

method can be readily implemented.  For the managerially-oriented, we have strived to clearly 10 

outline what additional investments (e.g., additional costs of programming the measurement 11 

logic into application servers) are required to adopt and implement our proposed method.  In 12 

addition, we also clearly highlight the value (and the limits of value) of our proposed method by 13 

showing what kinds of analyses can (or cannot) be performed and what kinds of insights may (or 14 

may not) be generated from such analyses.  Managers should be able to make informed decisions 15 

about whether the adoption, implementation and use of our method will generate value.   16 
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TABLES AND FIGURES 19 

Table 1.  DEA Models for Goal-Directed Purchasing and Hedonic Shopping 20 
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 21 

Table 2.  DEA Model’s Input and Output Variables 22 
Category Variable Measure  Description (Specified as #  of  …) 

x1 Products Product page views 
x2 Lists Product list views 
x3 Personal Personal list views 
x4 OrderHistory Order history page views 
x5 Search Search conducted 
x6 Promotion Promotional page views 
x7 Recipe Recipe page views 
x8 Checkout Checkout pages 

Inputs 

x9 Help Help page views 
Output y1 BasketSize Different products at checkout 
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Table 3.  Inefficiency of Web Site Functionality 1 
Web Site 

Functionality Ji ni 
Usage 
(Ji / J) 

Inefficiency 
Breadth 

UnitInefficiency
(Average) 

ProductInformation (x1) 4405 2272 81.83% 51.58% 0.3368 
ProductList (x2) 5380 359 99.94% 6.67% 0.3851 
PersonalList (x3) 4025 1690 74.77% 41.99% 0.2609 
OrderHistory (x4) 927 128 17.22% 13.81% 0.1248 
Search (x5) 3677 1378 68.31% 37.48% 0.3415 
Promotion (x6) 3713 2121 68.98% 57.12% 0.1763 
Recipe (x7) 1006 499 18.69% 49.60% 0.1580 
Checkout (x8) 5383 240 100.00% 4.46% 0.1427 
Help (x9) 630 621 11.70% 98.57% 0.0348 

 2 

Table 4.  Statistical Pair-Wise Comparison of UnitInefficiency for Web Site Functionalities 3 
Site Functionalities Site Functionality Dimensions 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) 
(1) ProductList  H E E, H E, H E, H E, H E, H E, H 
(2) Search    E, H E, H E, H E, H E, H E, H 
(3) ProductInformation    E, H E, H E, H E, H E, H E, H 
(4) PersonalList     E, H E, H E E, H E, H 
(5) Promotion       E, H E, H E, H 
(6) Recipe        H E, H 
(7) Checkout     H   H E, H 
(8) OrderHistory         E, H 
(9) Help          

Note: The comparisons are from row to column.  “E” denotes statistically significant differences in UnitInefficiency 4 
scores between the Web site functionality of the row and the Web site functionality of the column under the 5 
assumption of exponentially-distributed UnitInefficiency scores.  “H” denotes a statistically significant difference 6 
when assuming the UnitInefficiency scores follow a half-normal distribution. 7 

 8 

Figure 1.  Efficiency Frontiers    9 
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Figure 2.  DEA Production Frontier and Production Inefficiency (two inputs, one output) 1 

 2 
Note: The graph represents an output isoquant.  Hence, all data are normalized for unit output reflecting the product 3 
of a similar amount of output.  The inputs, x1 and x2, are shown as the axes.  4 
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Figure 3.  Data Integration   6 
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Figure 4.  DEA Efficiency Scores by Output Level for Shopping Basket Size at Checkout 1 
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Figure 5.  Usage, InefficiencyBreadth and UnitInefficiency by Web Site Functionality 4 
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 5 
Note: For clearer exposition, this graph uses two separate scales, with the proportional measures (i.e., Usage and 6 
InefficiencyBreadth) using the scale on the left-hand side, and average UnitInefficiency on the right-hand side.  The 7 
Web site functionalities on the horizontal axis (x-axis) are sorted in decreasing order of usage rate (Ji / J).   8 
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Figure 6.  Distribution of UnitInefficiency Scores by Output Volume and Functionality 1 
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Note: The height of the surface shows the proportion of transactions in which a particular UnitInefficiency value was 
observed for a particular output volume.   
 2 




