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ABSTRACT
To gain insight about new methods for automated us-
ability assessment, we systematically compare methods
for usability evaluation to those of performance evalu-
ation. We find that the major challenges include au-
tomatically generating high-level usage traces, mapping
these high-level traces into UI operations, and simulat-
ing UI behavior across a range of tasks. We describe
solutions to these challenges for two example tasks and
suggest future directions for automated usability meth-
ods.
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INTRODUCTION
Automated usability evaluation (AUE) is a promising
complement to non-automated methods, such as heuris-
tic evaluation and user testing. AUE methods enable an
evaluator to identify potential usability problems quickly
and inexpensively compared to non-automated methods
and can decrease the overall cost of the evaluation phase
of the iterative design cycle [6, 10]. Despite the poten-
tial benefits of AUE, this field is greatly underexplored,
as described in our extensive survey on this topic [3].

Performance evaluation (PE) is an established method-
ology for measuring the performance (e.g., speed, through-
put and response time) of a system and for understand-
ing the cause of measured performance [4]. Since com-
puter systems were first invented in the 1950’s, system
designers and analysts have employed this methodology
extensively to compare and improve the performance of
hardware and software systems.

Our intent in this paper is to illustrate how AUE can
complement traditional evaluation methods at all stages
of the design process. As such, we have systematically

compared usability evaluation to performance evalua-
tion. We provide background for the two methods and
introduce two example applications. We then describe
how to apply PE to UE for three different classes of eval-
uation: measurement, simulation and analytical model-
ing. In each case we illustrate the potential for new
AUE methods based on this comparison. Finally, we
discuss these results, and state the directions we intend
to pursue in future work.

METHODOLOGIES
Performance Evaluation
PE consists of three broad classes of evaluation meth-
ods: measurement, simulation, and analytical modeling
[4]. A key feature of all of these approaches is that they
enable an analyst to automatically generate quantita-
tive performance data. Such data can: (i) help designers
explore design alternatives; (ii) help analysts tune sys-
tem performance; and (iii) help consumers purchase sys-
tems that satisfy their performance requirements. We
describe these three approaches in detail in subsequent
sections. However, we omit some distinctions that are
important to PE but not relevant to the application of
PE to usability evaluation.

Usability Evaluation
Usability evaluation is a methodology for measuring us-
ability aspects (e.g., effectiveness, efficiency and satis-
faction) of a user interface (UI) and for identifying spe-
cific problems [10]. UE consists of five classes of meth-
ods: user testing, inspection, inquiry, analytical model-
ing and simulation. Although there has been some work
to automate these approaches, automated UE methods
are greatly underexplored. Furthermore, less than 10%
of existing methods support the same level of automa-
tion as PE methods [3].

In this paper we discuss how PE can be used as a guid-
ing framework for developing fully-automated UE meth-
ods for both WIMP (Windows, Icons, Menus and Point-
ers) and Web interfaces. Similar to PE, fully-automated
UE methods can provide additional support to evalua-
tors employing non-automated methods and for design-
ers exploring design alternatives. These methods are
even more crucial in instances where performance is a
major consideration. Table 1 summarizes the mapping
between these two methodologies.
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PE UE

measurement testing, inspection & inquiry
simulation simulation
analytical modeling analytical modeling

Table 1: Mapping between PE and UE methods.

Example Applications and Tasks
Throughout this discussion we will refer to two example
applications and representative tasks. The first applica-
tion is a word processor with a task of creating address
labels six to a page where each label has a rectangu-
lar border. Figure 1 depicts a sample set of labels in
Microsoft Word.

Figure 1: Address label example in Microsoft Word.

We assume that the application is running and that the
cursor is at the top left margin of a blank document
when the user begins the label creation task. An anal-
ysis of this task within Microsoft Word revealed that it
requires an expert user 55 steps to complete. Figure 2
shows the first 13 steps required to create the first label,
along with the corresponding high-level goals. We use a
high-level task structure similar to NGOMSL [6] in our
discussions.

  2.  Select Envelopes and Labels item
  3.  Click Options button
  4.  Select label size from list
  5.  Click OK button
  6.  Click New Document button
  7.  Type address in first label
  8.  Highlight address

Type address

  9.  Click Center button
10.  Select Format menu
11.  Select Borders and Shading item
12.  Select Box setting
13.  Click OK button

to label format
Change document

Add border

  1.  Select Tools menu

Center address

Figure 2: Label creation steps in Microsoft Word.

The second application is an information-centric Web
site typical of large-scale federal and state agencies. The
task for this application is to navigate from a site entry
point to a page that contains some target information.
We depict this example with a sample navigation path
in Figure 3. Unlike the label creation example, there is
no clear step-by-step procedure for completing the task.

The user could start from any page within the site and
follow various paths to the target information. Hence,
it is not possible to specify an explicit task structure as
we did for the label creation example without restrict-
ing ourselves to one navigation path through the site.
We assume that users are unfamiliar with the site and
that locating the information is a one-time task. Thus,
bookmarking is not employed to access the information.
We also assume that users enter the site via a search
engine or other external link.
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Figure 3: Information-centric Web site example.

In the remainder of this paper, we will demonstrate how
to determine the number of errors and the navigation
time for the label creation and site navigation tasks re-
spectively. We use the PE measurement, simulation and
analytical modeling techniques as a framework for the
discussion.

MEASUREMENT
Performance Evaluation
Measurement is by far the most credible yet most ex-
pensive PE method [4]. It requires a means of running
a workload on a system as well as a means of captur-
ing quantitative performance data while the workload
runs. A performance analyst usually derives the work-
load from current or anticipated system use. Capturing
quantitative data for the workload enables the analyst
to identify performance bottlenecks, tune system perfor-
mance, and forecast future performance. Table 2 sum-
marizes techniques for running workloads and capturing
quantitative performance data.

The two typical ways of running a workload are bench-
mark programs and real users. A benchmark is a soft-
ware program that can automatically collect performance
data for specific aspects of a system [4]. Benchmarks
encapsulate code for running the workload and for cap-
turing the data. The major problem with this approach
is that running the workload may interfere with sys-
tem performance, as shown in Table 2. An alternative
technique is to conduct studies with real users issuing re-
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Measurement Measurement Type
Workload Monitoring Profiling

Benchmark
Granularity fine coarse
Interference yes yes

Real User
Granularity fine coarse
Interference no no

Table 2: Characteristics of measurement techniques.

quests from remote machines to the system under study.
This approach is used in client/server computing envi-
ronments where studying request transmission time is
important. Nonetheless, this approach can result in ir-
reproducible behavior and is expensive [4].

Analysts use monitoring and profiling techniques to cap-
ture quantitative performance data. The major differ-
ence between these two approaches is that monitoring
requires the analyst to manually instrument a software
program to collect timing data, whereas profiling only
requires the analyst to compile a program with certain
flags to automatically collect timing data during pro-
gram execution. Although profiling requires less effort,
it typically captures system performance at a coarser
granularity than monitoring. For example, profiling may
report the total time spent in a subroutine, while moni-
toring can report the total time spent in critical sections
of a subroutine. Profiling is adequate for preliminary
performance studies, while monitoring is more appro-
priate for detailed ones. Both techniques report timing
data and may also produce execution traces (i.e., time-
stamped records of system events). An analyst can then
use these traces to determine input parameters for ana-
lytical models or to drive a simulator.

Monitoring with benchmarks is the most frequently used
measurement technique because it is the easiest and
least expensive to employ. It also enables the analyst
to capture performance data at a finer granularity than
profiling. Industry-standard benchmarks exist as a means
for comparing hardware and software systems [4]. Con-
sumers, especially in the high performance computing
arena, use benchmark results to inform purchases.

Usability Evaluation
Inspection, testing and inquiry UE methods are equiv-
alent to PE measurement techniques; they require an
interface to exist in order for measurements to be per-
formed. In [3] we surveyed UE measurement methods
for both WIMP (40 methods) and Web (17 methods) in-
terfaces. Of these methods roughly 40% capture quanti-
tative data. They employ both profiling and monitoring
techniques similar to their PE counterparts, and all of
the methods require a real user (e.g., an evaluator or
test participant).

Although monitoring with benchmarks is the predom-
inate approach in the PE domain, it is unused in the
UE domain. The closest approximation is replaying
previously-captured usage traces in an interface [9, 12].
Early work with Playback [9] involved recording actions
performed on the keyboard during user testing and then
sending the recorded commands back to the applica-
tion. The evaluator could then observe and analyze the
recorded interaction.

More recent work automatically generates usage traces
to drive replay tools for Motif-based UIs [7]. The goal of
this work is to use a small number of input parameters
to inexpensively generate a large number of test scripts
that a tester can then use to automatically find weak
spots and application failures during the design phase.
The authors implemented a prototype system that en-
ables a designer to generate an expert user test script
and then insert deviation commands at different points
within the script. The system uses a genetic algorithm
to choose user behavior during the deviation points as
a means for simulating a novice user learning by exper-
imentation.

Recent work in agent technology captures widget-level
usage traces and automatically critiques user actions
during replay [12]. The IBOT system interacts with
Windows operating systems to capture low-level window
events (e.g., keyboard and mouse actions) and screen
buffer information (i.e., a screen image that can be pro-
cessed to automatically identify widgets). The system
then combines this information into higher-level abstrac-
tions (e.g., menu select and menubar search operations)
that it can use to infer UI activities at a high-level. The
IBOT system can also perform the same operations as a
real user by adding window events to the system event
queue. Similar work has been done in the software engi-
neering field for generating test data values from source
code [5].

Applying PE to UE
As previously stated, benchmarking is widely used in PE
to automatically collect quantitative performance data
on computer systems. Usability benchmarks, especially
benchmarks that can be executed within any UI, is a
promising open area of research. Nonetheless, there are
three major challenges to making this a reality in the
UE domain.

The first challenge is generating usage traces without
conducting user testing or reusing traces generated dur-
ing user testing. One approach to the latter case is
discussed above [9], however, more work needs to be
done to automatically generate traces that represent
a wider range of users and tasks to complement real
traces. In particular, a genetic algorithm could simu-
late usage styles other than a novice user learning-by-
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experimentation [7]. It may also be beneficial to imple-
ment a hybrid trace generation scheme wherein tradi-
tional random number generation is used to explore the
outer limits of a UI [7]. Data from real users, such as
typical errors and their frequencies, could serve as in-
put in both cases to maximize the realism of generated
tasks.

The second challenge is making such traces portable to
any UI. In the PE domain this is accomplished by writ-
ing hardware-independent programs in a common pro-
gramming language, such as C or Fortran. Analysts
then compile these programs with the appropriate com-
piler flags and execute them to collect performance data.
There needs to be a similar means of creating portable
usage traces. One way may entail mapping high-level
tasks captured in a trace into specific interface opera-
tions. Another approach employed in the IBOT system
is to use system-level calls (e.g., mouse and keyboard
event messages); this simplifies porting to other operat-
ing systems. The authors claim that the IBOT agent
can interact with any off-the-shelf application because
it is independent of and external to the UI.

The final challenge is finding a good set of quantita-
tive metrics to capture while executing a trace. Task
completion time, the number and types of errors, and
other typical UI metrics may suffice for this. One of
the drawbacks of relying solely on quantitative metrics
is that they do not capture subjective information, such
as user preferences given a choice of UIs with compara-
ble performance and features.

Challenges PE UE

Executable software programs usage traces (real
Workload & generated)
Portability hardware-ind. high-level traces

software programs with UI mapping
Quantitative execution time, number of errors,
Metrics standard metrics navigation time

Table 3: Summary of measurement challenges.

Usability benchmarks are appropriate for evaluating ex-
isting UIs or working prototypes. Evaluators can use
benchmark results to facilitate identifying potential us-
ability problems in two ways: (i) To compare the results
of an expert user trace to results from those generated
by a genetic algorithm. This may illustrate potential de-
sign improvements to mitigate performance bottlenecks,
decrease the occurrence of errors and reduce task com-
pletion time. (ii) To compare results to those reported
for comparable UIs or alternative designs. This is useful
for competitive analysis and for studying design trade-
offs. Both of these uses are consistent with benchmark
analysis in the PE domain. Table 3 summarizes the
challenges for employing benchmarking in the UE arena.

The next section describes usability benchmarks for the
example tasks in more detail.

Example Usability Benchmark
As previously discussed, in order to construct a bench-
mark, one must have executable and portable usage
traces and a set of quantitative performance metrics.
We demonstrate a procedure for constructing and exe-
cuting a usability benchmark in Figure 4. We describe
this procedure in more detail using the label creation
example below.

for
mappings

Demonstrate
UI-specific
operations

Evaluator

captured
mappings

Genetic Algorithm
Generate high-level
usage traces

Expert user
     traces
Real user
     traces

monitored
performance

issue UI

prompt

operations

Results
Run benchmark
Report results

Prompt evaluator for mappings
Generate benchmark

Software Agent

high-level tasks

task templates

report results

Perform operations

UI

Benchmark

Figure 4: Usability benchmarking procedure.

To generate high-level usage traces, we could specify a
high-level representation of the label creation task se-
quence previously discussed as a starting point. Figure
5 depicts the 9 high-level steps that correspond to the
55-step Microsoft Word sequence for this example. We
could also process a real user trace to create a high-level
task sequence. We could then use a high-level trace as
a task template, add deviation points and provide it as
input to a genetic algorithm similar to the work done in
[7]. The algorithm would then generate plausible vari-
ations of this task sequence that represent alternative
user behaviors for this task. Figure 6 shows the type of
output that such a procedure might generate; an exam-
ple in which a user mistakenly enters text before chang-
ing the document format, corrects the mistake and com-
pletes the task as specified by the task template. This
approach enables the evaluator to amplify the results
taken from a small number of inputs or test subjects to
generate behavior equivalent to a larger number of users
and wider UI coverage.

 2.  Enter text
 3.  Center text
 4.  Add square border to text
 5.  Copy text

 1.  Change document to label format

 6.  Move cursor to next label
 7.  Paste text
 8.  Add square border to text
 9.  Repeat steps 6-8 for remaining 4 labels

Figure 5: High-level steps for the label creation task.

An evaluator or designer could then map all of the high-
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level tasks in the generated traces into equivalent UI-
specific operations as depicted Figure 4. Figure 2 shows
one such mapping for creating the first label in Microsoft
Word. Programming-by-demonstration [8] is one way to
facilitate this mapping. An agent program could prompt
the designer to demonstrate a task sequence, such as
delete document, and record the steps to facilitate play-
back. If there is more than one way to accomplish a task,
then the designer could demonstrate multiple methods
for a task and specify a frequency for each, similar to
GOMS [6].

 2.  Change document to label format
 3.  Delete document
 4.  Create new document
 5.  Change document to label format

 .

 6.  Enter text

 1.  Enter text

 :

Figure 6: Example trace for the label creation task.

Given the high-level usage traces and UI mappings, the
agent could then automatically generate executable bench-
mark programs to replay in a UI as depicted in Figure 4.
To facilitate error analysis, the agent would also gener-
ate a designer benchmark from the task template and UI
mappings. The agent would then “run” (i.e., send oper-
ations to UI) this designer benchmark once to record
system state after each operation. The agent would
repeat this procedure for each generated benchmark,
record discrepancies as errors, note error locations, and
report whether the task completed successfully1. The
agent could also aggregate data over multiple traces to
provide more conclusive error analysis data.

A similar approach could be applied to the information-
centric Web site example. Generating traces for multiple
navigation paths (and in some cases all possible paths)
is the most crucial component for this example. An
algorithm can determine plausible paths based on the
navigation structure and content of the links and pages.
Again, as input we could use real user traces from Web
server logs or an designer-generated trace. Since navi-
gation operations (e.g., select a link, click the back or
forward button, etc.) are standard in Web browsers,
it may be possible to eliminate the mapping operation
that was required for the other example. Hence, the ge-
netic algorithm could generate executable benchmarks
directly as depicted in Figure 7. The corresponding nav-
igation path is shown in Figure 3.

A software agent could simulate navigation, reading,
form completion and other user behavior within the ac-

1Actually “running” both benchmarks in a UI is required, since
it may not be possible to ascertain successful task completion by
comparing two task sequences. This can only be accomplished by
comparing system state.

 2.  Select Main link
 3.  Select Topic A link
 4.  Click Back button
 5.  Select Topic B link

 1.  Select Topic D page (Site entry point)

 6.  Select Topic B3 link
 7.  Select Topic B2 link
 8.  Select Topic B2-3 link
 9.  Select Target Information link

Figure 7: Example trace for the information-seeking task.

tual site and report navigation timing data. WebCri-
teria’s Site Profile tool [1] uses a similar approach to
simulate a user’s information-seeking behavior within a
model of an implemented Web site. Site Profile employs
a standard Web user model to follow an explicit naviga-
tion path through the site and computes an accessibil-
ity metric based on predictions of load time and other
performance measures. This approach suffers from two
major limitations: it uses a single user model and it re-
quires specification of an explicit navigation path. Our
proposed approach with automatically generated navi-
gation paths would not have these limitations.

SIMULATION
Performance Evaluation
In simulation, the evaluator constructs a detailed model
of a system in order to reproduce its behavior [4]. Typ-
ically, a computer program (known as a simulator) ex-
ercises this underlying model with various input param-
eters and reports resulting system performance. Unlike
an analytical model, which represents a high-level ab-
straction of system behavior, a simulator mimics system
behavior. As such, it is possible to use actual execution
traces to drive a simulator, which is not possible with
analytical models (see below). Consequently, analysts
regard simulation results as more credible and accurate
than analytical modeling results [4]. Simulators also al-
low for the study of alternative designs before actually
implementing the system. This is not possible with mea-
surement techniques because the system must exist to
collect performance data.

The underlying simulation model is one of the major dif-
ferences among the various simulation approaches. The
defining characteristics of these models are: the way the
system evolves (time dependent or time independent),
how its parameters are generated, and the number of
states it can evolve into. In time-independent evolu-
tion, the system does not change characteristics based
on time (i.e., time is not a system parameter); the op-
posite is true of time-dependent evolution. System pa-
rameters can be fixed (i.e., set to specific values) or prob-
abilistic (i.e., randomly generated from probability dis-
tributions). Finally, simulation models can have a finite
or countable number of system states or an infinite or
uncountable number.
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Another distinguishing feature of a simulator is its work-
load format. The workload may be in the form of fixed
or probabilistic parameters that dictate the occurrence
of various system events or an execution trace captured
on a real system. Performance analysts consider trace-
driven simulations to be the most credible and accurate
[4].

Table 4 summarizes characteristics for two frequently-
used simulation types, discrete-event and Monte Carlo
simulation. Discrete-event simulations model a system
as it evolves over time by changing system state vari-
ables instantaneously in response to events. Analysts
use this approach to simulate many aspects of computer
systems, such as the processing subsystem, operating
system and various resource scheduling algorithms. Ex-
ecution traces are often employed in discrete-event sim-
ulations, since it is relatively easy to log system events.

Simulation Simulation Type
Workload Discrete-event Monte Carlo

Parameter
Evolution time-dependent time-independent
Parameters probabilistic probabilistic
# of States finite finite

Trace
Evolution time-dependent —
Parameters probabilistic —
# of States finite —

Table 4: Summary of simulation features.

Monte Carlo simulations model probabilistic phenom-
ena that do not change characteristics with time. Ana-
lysts use this approach to conduct what-if analysis (i.e.,
predict resulting performance due to system resource
changes) and to tune system parameters. Due to the
random nature of Monte Carlo simulations, execution
traces are not usually employed with this approach. How-
ever, a simulator may output an execution trace to fa-
cilitate analysis of its results.

Usability Evaluation
In [3] we surveyed simulation methods for both WIMP
(8 methods) and Web (1 method) interfaces. All of the
methods surveyed can be characterized as discrete-event
simulations. Typical events modeled in these simulators
include keystrokes, mouse clicks, hand and eye move-
ments as well as retrieving information from memory.
All of these simulation methods use fixed or probabilis-
tic system parameters instead of execution traces.

Applying PE to UE
The unexplored simulation areas, discrete-event simula-
tion with execution traces and Monte Carlo simulation,
are promising research areas for automated UE. Sev-
eral techniques exist for capturing traces or log files of
interface usage [9, 12]. As previously discussed, a tool

exists for automatically generating usage traces [7]. One
approach is to use real traces to drive a detailed UI sim-
ulation in the same manner discussed for measurement.
This would enable designers to perform what-if analysis
and study alternative designs with realistic usage data.

Monte Carlo simulation could also contribute substan-
tially to automated UE. Most simulations in this do-
main rely on a single user model, typically an expert
user. One solution is to integrate the technique for auto-
matically generating plausible usage traces into a Monte
Carlo simulator. Such a simulator could simulate uncer-
tain behavior characteristic of novice users. This would
enable designers to perform what-if analysis and study
design alternatives with realistic usage data. Further-
more, the simulation run could be recorded for future
use with a discrete-event simulator.

We summarize the challenges for employing simulation
in the UE domain as it is used in PE in Table 5. We dis-
cuss simulation solutions for the example tasks in more
detail in the next section.

Challenges PE UE

Modeling software program, UI
System simulation development

environment environment

Capturing record during usage traces
Traces measurement (real & generated)
Using simulator reads simulate UI
Traces & “executes” behavior

traces realistically
Multiple Usage vary simulator usage traces
Scenarios parameters, (real & generated)

multiple traces

Table 5: Summary of simulation challenges.

Example Simulators
For both of the example tasks, we assume that the UI
is in the early design stages and so is not available for
running workloads. Hence, the designer must first con-
struct a model to mimic UI behavior for each operation.
The simplest way to accomplish this would be to expand
a UI development environment (UIDE) or UI manage-
ment system (UIMS) to support simulation. These envi-
ronments enable a designer to specify a UI at a high-level
and automatically generate an implementation.

For the label creation task, the designer could specify a
designer trace and use it to generate other usage traces
as previously discussed. For discrete-event simulation,
these traces need to be augmented with timing infor-
mation. This information can be captured when the
designer maps the high-level tasks into simulated oper-
ations. The simulator could then “run” these traces to
report error data in the same manner that our software
agent “runs” usability benchmarks. The designer could
repeat this procedure for other UI designs and then use
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simulation results to thoroughly explore design alterna-
tives to choose the best one for implementation.

The major difference between Monte Carlo and discrete-
event simulation is that the task sequence is not pre-
determined in a Monte Carlo simulation. This type
of simulation is appropriate for the information-centric
Web site example. Instead of usage traces, the Monte
Carlo simulator would pick a random starting point and
have a fixed ending point during each simulation run.
During the run, the simulator would choose links to
follow based on a probability function that takes into
consideration the content of links (e.g., scent [11]), user
goals and other pertinent information. This behavior
is quite similar to the approach used by the genetic al-
gorithm to generate usage traces in [7]. The simulator
would report simulated navigation time along with nav-
igation traces to facilitate analysis and to possibly use
with a discrete-event simulator. The designer could also
use simulation results for multiple site designs to deter-
mine the best information architecture for a site.

ANALYTICAL MODELING
Performance Evaluation
Analytical modeling entails building mathematical or
logical relationships to describe how an existing or pro-
posed system works. The analyst solves a model in or-
der to predict system performance. Such predictions
are useful for studying design alternatives and for tun-
ing system performance in the same manner as mea-
surement and simulation. The major difference is that
analytical modeling is much cheaper and faster to em-
ploy albeit not as credible [4].

Most analytical models do not adhere to a formal frame-
work, such as queuing theory2. These models use pa-
rameterized workloads (e.g., request characteristics de-
termined by probability distributions) and vary in com-
plexity. Some models may be solved with simple cal-
culations, while others may require the use of modeling
software.

Usability Evaluation
In [3] we surveyed analytical modeling methods for both
WIMP (8 methods) and Web (2 methods) interfaces.
Similar to most PE analytical modeling approaches, none
of the UE methods surveyed use a formal modeling frame-
work. GOMS analysis [6] is one of the most widely-used
analytical modeling approaches, but there are two ma-
jor drawbacks of GOMS and other UE analytical mod-
eling approaches: (i) They employ a single user model,
typically an expert user, and (ii) They require clearly-
defined tasks. This is appropriate for WIMP UIs but
does not work well for information-centric Web sites for
reasons previously discussed.

2Queuing theory is a formal framework for analyzing the per-
formance of service-oriented systems.

It may be possible to address the first problem by con-
structing tasks representative of non-expert users us-
ing a programming-by-demonstration facility within a
UIDE. The CRITIQUE tool [2] automatically generates
a GOMS structure for a task demonstrated within a
UIDE. This requires the evaluator or designer to antici-
pate actions of novice and other types of users. However,
this information is usually only discovered during user
testing and so has a strong non-automated component.

Applying PE to UE
Another approach that addresses both of these problems
can be derived from the PE analytical modeling frame-
work. Recall that PE analytical models predict sys-
tem performance based on input parameters. To study
different usage scenarios, the analyst simply changes
the input parameters, not the underlying system model.
Analytical modeling in the UE domain is usually per-
formed in a manner contrary to the PE counterpart
(especially techniques using GOMS). These approaches
require the evaluator to change the underlying system
model rather than the input parameters in order to
study various usage scenarios.

It would be better to construct an abstracted model
(i.e., no task details) of a UI that encapsulates the most
important system parameters in order to predict per-
formance. For example, we could construct a basic UI
model that makes predictions about the occurrence of
errors for a task sequence based on the number of op-
erations in a task, the probability of errors and other
relevant system parameters. The designer could then
vary the input parameters to this model. Each variation
of input parameters corresponds to a different design or
different user model. This allows for quick, coarse com-
parison of alternative designs. Previous work on GOMS
and usability studies could be used to construct this ba-
sic UI model. Such models inherently support ill-defined
task sequences, since the model only requires specifica-
tion of key parameters for these tasks. Although predic-
tions from the model would be crude, such predictions
have proven to be invaluable for making design decisions
in PE [4].

Besides constructing an abstract model, the designer
must determine appropriate system and input param-
eters for the model. If an interface exists, either as an
implemented system or model, then the designer could
process generated or real usage traces to abstract the
required input parameters. If an interface or interface
model does not exist, then the designer must specify
required input parameters manually.

Table 6 summarizes the challenges for employing ana-
lytical modeling in the UE domain as it is used in PE.
Analytical modeling is most appropriate for performing
quick, coarse evaluations of various design alternatives.

7



Challenges PE UE

Modeling parameterized parameterized
System model model

Multiple Usage vary input usage traces
Scenarios parameters (real & generated),

vary input
parameters

Table 6: Summary of analytical modeling challenges.

Example Analytical Models
We would construct a basic UI model for both exam-
ple tasks. The label creation model could be a simple
mathematical equation that made predictions based on
the number of steps in a task, the likelihood of errors
during task completion, and other contributing param-
eters. Similarly, the Web site task could be a simple
mathematical equation that predicted navigation time
based on the number of links traversed, the average
reading time per page, etc. Both of these models could
be expressed as a spreadsheet or software program. The
designer could estimate the required system and input
parameters or extract them from real or generated usage
traces. Varying the system and input parameters would
enable the designer to explore alternative designs.

DISCUSSION AND CONCLUSIONS
Using PE as a guiding framework provides much insight
into creating new fully-automated UE methods. Our
analysis showed that the major challenges to address in-
clude: automatically generating high-level usage traces;
mapping these high-level traces into UI operations; con-
structing UI models; and simulating UI behavior as re-
alistically as possible. We described solutions to these
challenges for two example tasks.

Although automated UE has many benefits, it does not
capture important qualitative and subjective informa-
tion (such as user preferences and misconceptions) that
can only be unveiled via user testing, heuristic evalua-
tion, and other standard inquiry methods. Nevertheless,
simulation and analytical modeling should be useful for
helping designers choose among design alternatives be-
fore committing to expensive development costs, and
usability benchmarks should help assess implemented
systems globally, across a wide range of tasks.

Furthermore, evaluators could use measurement
approaches in tandem with non-automated methods,
such as heuristic evaluation and user testing. For ex-
ample, an evaluator doing a heuristic evaluation could
observe automatically-generated usage traces executing
within a UI.

We intend to pursue developing an automated method-
ology and tool for evaluating information-centric Web
sites. In particular, we will develop a Monte Carlo sim-

ulator to help designers explore design alternatives and
improve information architectures prior to Web site im-
plementation. As a starting point, we will study the
subproblem of determining an ideal navigation structure
at different levels of a site.
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