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ABSTRACT

We describe a mixed-initiative framework designed to support the customization of complex graphical user interfaces.
The framework uses an innovative form of online GOMS
analysis to provide the user with tailored customization suggestions aimed at maximizing the user’s performance with
the interface. The suggestions are presented non-intrusively,
minimizing disruption and allowing the user to maintain full
control. The framework has been applied to a general userproductivity application. A formal user evaluation of the
system provides encouraging evidence that this mixedinitiative approach is preferred to a purely adaptable alternative and that the system’s suggestions help improve task performance.
ACM Classification: H.5.2 User Interfaces, Graphical user

interfaces, Evaluation/methodology
General terms: Design, Human Factors, Experimentation
Keywords: mixed-initiative, adaptive, adaptable, GOMS

analysis

INTRODUCTION

With every new release, software applications are packed
with an increasing number of features. Feature-rich software
applications have the potential to suit a wider range of individuals and thus are attractive from a marketing standpoint.
This increase in functionality, however, has also been accompanied by an increase in the size and complexity of the
graphical user interfaces (GUIs).
A wide variety of applications suffer from interface complexity, ranging from spreadsheet packages, to statistical analysis
software, to image-editing software, all of which can have
hundreds of features distributed throughout their menus and
toolbars. These applications are often used by a diverse set of
individuals, who differ not only in the types of tasks they
wish to perform, but also in their application-specific knowlPermission to make digital or hard copies of all or part of this work for
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edge and their general computer expertise. For the average
user, this high degree of interface complexity translates into a
visually cluttered interface, which can lead to both frustration
[22] and decreased performance [1]. Even seemingly
straightforward productivity software, such as word processors, suffer from these problems, as is evidenced by the
number of researchers working on ways to assist users with
this class of application (e.g., [7,9,16,19,21,24]).
Providing the user with a customized interface could mitigate
the problem of interface complexity; however, how to best
achieve an appropriately customized interface is a contentious issue (e.g., [25]). Two opposing approaches are adaptable and adaptive, which differ in terms of who is responsible for performing the customization (the system or the user)
and consequently in the amount of control provided to the
user. Adaptable interfaces permit full user control by providing users with interface mechanisms that allow them to customize their own interfaces. System-controlled adaptive interfaces, on the other hand, perform the customization automatically based on user-specific information, such as the
user’s work patterns and preferences. Since both approaches
have their own benefits and drawbacks, the optimal solution
likely lies somewhere in the middle. With adaptable interfaces, users are in full control, but not all users are willing to
invest the effort necessary to customize [20] and some users
may have limited ability to customize effectively [1]. Adaptive interfaces, on the other hand, do not require any extra
effort from the user, but can suffer from a lack of user control, transparency and predictability [14].
In this paper we present the MICA (Mixed-Initiative Customization Assistance) system, which employs an innovative
mixed-initiative approach, where the system and the user
cooperate to produce a customized interface. Specifically,
users are provided with an interface mechanism that gives
them full control over the customization process, as well as
adaptive support to help them customize their interfaces effectively. This approach is novel in that it is based on a form
of cognitive modelling known as GOMS analysis [3], which
provides MICA with two unique functionalities. First, MICA
makes customization suggestions based on a principled and
comprehensive quantitative assessment of how these suggestions are expected to impact the user’s performance. To the
best of our knowledge, no other work on interface customization uses a formal quantitative assessment of performance to
make informed decisions on how to customize. Second,

Figure 1: The two-interface model: a Personal Interface (PI) is on the left, the Full Interface (FI) is on the right.

MICA communicates these underlying expected performance savings to the users by providing access to its rationale,
potentially improving the lack of transparency and predictability often present in adaptive interfaces. This also distinguishes MICA from other related systems.
In addition to MICA’s framework, a second contribution of
our work is a formal user study comparing the mixedinitiative approach to a purely adaptable alternative. The results of the study show that given an accurate user model,
users prefer the support offered by the mixed-initiative system and the system’s recommendations have a positive impact on user performance. The evaluation is a first step in
validating the overall approach and is also one of the few
evaluations to directly compare mixed-initiative and adaptable approaches to GUI customization.
RELATED WORK

While there are many examples of mixed-initiative systems
(e.g., [15,26]), there has been little work on applying
mixed-initiative approaches to the problem of GUI customization. The first exception involves systems that focus
on a different form of customization: adding interface
shortcuts for frequently executed sequences of commands
(e.g., [5,24,27]). As is the case with our work, Debevc et al.
[7] focus on helping users customize existing interface features. However, their adaptive suggestions are based on a
combination of recency and frequency of use, whereas
MICA performs a more formal and comprehensive assessment of the impact of customization suggestions on performance. Finally, SUPPLE, a fully-fledged adaptive interface, does include a customization facility that allows users
to override the adaptive decisions [10], but it appears to be
preliminary given the small amount of detail provided on
its implementation. To the best of our knowledge, none of
the above systems provide the user with the system’s rationale. A complementary body of work focuses on helping
users understand the available functionality in feature-rich
interfaces, as opposed to reducing complexity through interface customization (e.g., [16,19] ).
Direct empirical comparisons of specific adaptive and
adaptable interfaces [8,17,21] have shown mixed results,
motivating a solution that combines aspects of the two approaches. In two of the evaluations [8,21], the adaptable
interface was most often found to be superior. The third
evaluation, however, reported a more even division between users who preferred the adaptable interface and those
who preferred the adaptive interface [17]. Furthermore,
studies comparing adaptive interfaces to static alternatives
(e.g., [9,12,23]) have also produced mixed results, indicating that adaptive interfaces can be beneficial, but that care
should be taken to decide when and how adaptive support
should be provided.
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Figure 2: MICA’s architecture

We are aware of only one other direct empirical comparison of a mixed-initiative system for GUI customization to
either an adaptive or adaptable alternative: the evaluation
by Debevc et al. [7]. A key difference between our evaluation and theirs is that our evaluation obtains direct information on user interface preference.
SYSTEM FRAMEWORK

MICA’s mixed-initiative support is designed to help the
user customize given the two-interface model for Microsoft
Word (MSWord) proposed by McGrenere et al. [21]. The
two-interface model, displayed in Figure 1, provides the
user with access to two versions of the MSWord interface:
1. Full Interface (FI): the default full MSWord interface (Figure 1, right).
2. Personal Interface (PI): a feature-reduced version of
the MSWord interface, containing only features that
the user has chosen to add (Figure 1, left).
The motivation for this two-interface model is to allow the
user to create a PI that contains only the menu and toolbar
items that best suit her needs, but to also allow the user to
switch to the FI (using a toggle button) for rarely used features. The PI is built by the user using a lightweight Customization Mechanism: the user enters a mode where the FI
is displayed and any feature she selects (as in normal usage)
will be added to the PI when she exits the customization
mode. A similar mechanism allows users to delete features
from the PI. The two-interface model was fully evaluated
in a six-week field study [21], ensuring that we are augmenting a customization mechanism that is highly usable.
MICA’s mixed-initiative approach relies on finding the
user’s optimal PI based on the time it would take the user to
invoke the features that she needs given the distribution of
these features between the PI and FI. Figure 2 depicts
MICA’s architecture. The user customizes the PI using the
Customization Mechanism described above (a direct extension of the mechanism proposed by McGrenere et al. [21]).

The Customization Support Module (CSM) is responsible
for determining the optimal PI and using it to generate customization suggestions. Determining this optimal interface
is done with the help of the User Model, which assesses the
user’s performance given a particular PI. This performance
assessment is based on GOMS analysis [3], a low-cost cognitive modelling technique used to predict the time necessary to perform tasks in a given interface. GOMS analysis
has traditionally been used offline to evaluate interfaces and
has been shown to be particularly effective at making relative performance comparisons between interfaces [11]. The
User Model performs online GOMS analysis to evaluate
specific customization possibilities. The CSM compares
these evaluations and uses the results to make optimal customization suggestions. The relevant GOMS methods are
stored in MICA’s Knowledge Base. We now describe each
component in the framework.
Customization Support Module (CSM)

The CSM decides when to provide the user with tailored
customization suggestions and which suggestions to make.
To minimize disruption, currently the CSM provides the
user with suggestions only when the user initiates customization. These suggestions consist of features that the user
should add or remove from her PI and are targeted at optimizing the user’s performance with the two-interface
model. In general, the more features present in an interface,
the greater its complexity, which has the potential to hinder
user performance. Therefore, to decide whether to recommend a given set of features for inclusion in the PI, the
CSM weighs the extra complexity that these features would
introduce into the PI against the time it would take the user
to switch to the FI and make the selections from the more
complex interface. For an individual feature, this involves
a tradeoff between the performance savings that would result from selecting the feature in the PI, versus the negative
impact this feature’s presence in the PI would have on the
remainder of the expected PI feature selections. More formally, a feature fx will be recommended for inclusion in the
PI if and only if the following inequality holds, where SelectTime(X, Y) is the time required to perform all expected
selections of feature X in interface Y, and EA is the set of
all features that are expected to be accessed:
SelectTime( fx, FI ) − SelectTime( fx, PI + fx) >

∑

i∈EA− fx

SelectTime( fi, PI + fx) −

∑ SelectTime( f , PI − f ) .
i

x

i∈EA− fx

These selection times depend on i) user-specific information stored in the User Model, ii) the contents of the PI currently under consideration and iii) the layout of both the PI
and the FI. To decide which suggestions to make, the CSM
performs a greedy search on the space of candidate PIs,
each of which has a different subset of features present, to
find the one that would maximize the current user’s performance. Determining this optimal PI involves asking the
User Model to assess the user’s expected performance
given each candidate PI.

User Model

When the User Model receives a request from the CSM to
assess the user’s performance for a candidate PI, the User
Model (in coordination with the Knowledge Base) estimates how long it will take the user to perform all expected
feature selections given that PI. This performance assessment requires the User Model to store information on the
following relevant factors (also depicted in Figure 2):
• Expected Usages: how often the user is expected to access
each feature in the interface. For each feature, the User
Model maintains a probability distribution over ranges of
plausible access values, with the expected usage defined
as the expected value of the distribution.
• Expertise: the user’s expertise for each feature, where
expertise is defined as the amount of time a user takes to
locate the feature in the interface. The performance of
users with lower expertise will be more negatively impacted by excess functionality than more expert users because it takes lower-expertise users more time to visually
search for individual features [1]. For each feature, the
User Model represents the expertise of a specific user as
a probability distribution over the four expertise categories defined in our previous work [1]: Extreme Expert,
Expert, Intermediate and Novice.
• Switching Overhead: the amount of time it takes the user
to realize that switching to the FI is required for a feature
not present in the PI. This allows the User Model to account for the performance implications of having a feature reside solely in the FI if that feature is expected to be
used.
To determine appropriate values for the Switching Overhead, we first performed extensive sensitivity analysis to
assess the impact of this parameter on CSM suggestions.
We then conducted a small study with three participants
(ranging from novice to expert users) to obtain a range of
plausible values. Since this range lies in a portion of the
parameter space where the system is not very sensitive to
small deviations, we are currently using the average switching time from the study as an approximation.
By comparison, the sensitivity analysis showed that expected usages and expertise do have a meaningful impact
on the CSM’s suggestions; however, the User Model does
not yet assess them online. There are existing techniques
that could readily guide both types of assessments. Expected usages could be assessed through a mixture of plan
recognition [2], usage history [13] and dialogues with the
user (since MICA is a mixed-initiative system). The Lumiere work [16] could serve as a guide to assessing expertise. We felt, however, that it was first necessary to assess
the overall approach before investing time to implement
these techniques. Thus, we decided to initially leave expected usages and expertise as black boxes and run a formal
user evaluation of MICA’s approach, which is described in
the “Evaluation” section of this paper.
Knowledge Base

The Knowledge Base is a GOMS simulation environment

Figure 3: Mixed-initiative customization mechanism

whose responsibility is to determine the time necessary for
a given user to select a single feature in the two-interface
model with a given PI (supplied by the CSM). To predict
overall performance, the User Model asks the Knowledge
Base for the time necessary to select each feature with an
expected usage greater than zero.
The GOMS simulation environment is our extension of the
GLEAN tool [18], which, given an interface layout, generates performance predictions of the following basic operations on an interface item: 1) visually searching, 2) pointing
and 3) clicking. We extended GLEAN to generate expected
visual search predictions based on the probabilistic assessment of user expertise generated by the User Model. Thus,
for each feature in question, the User Model provides the
Knowledge Base with the expertise probability distribution.
For each value in the distribution, the extended GLEAN
performs a visual search calculation appropriate for that
expertise level (see [1] for details). The expected visual
search time is the expected value of these calculations.
In its original form [3], GOMS predicts performance based
on the assumption of a highly skilled user. Our current
GLEAN extension accounts for varying levels of expertise
in one specific way – namely the impact of expertise on the
time necessary to visually search for features (given the
number of items present in the interface). Expertise and
interface complexity, however, may interact in a number of
other ways. For instance, as interface complexity increases,
novice users may make more feature-selection errors than
experienced users. Extending our GOMS simulation environment to account for such additional impacts of user expertise is an area for future investigation.
DELIVERING THE ADAPTIVE SUPPORT

To avoid some of the common disadvantages of purely
adaptive interfaces, the delivery of MICA’s customization
suggestions is designed to 1) maintain user control, 2) provide customization support non-intrusively, and 3) maintain
predictability and transparency.
As mentioned above, MICA provides customization recommendations only when the user initiates customization

Figure 4: Portions of the system’s rationale

(i.e., clicks the “Modify” button in Figure 1). Figure 3
shows MICA’s mixed-initiative customization interface for
adding features. When the user enters this mode, the FI is
displayed, along with the dialogue box located in the central part of Figure 3. MICA’s recommended additions are
made visually distinct by highlighting (in yellow) recommended toolbar items (see top of Figure 3) or by having
squares (also yellow) beside recommended menu items (see
the pull-down menu in Figure 3) and beside menu headings
with recommended features inside them. Our original intention was to highlight the entire menu item/heading in yellow, but this was not possible with the available API for
MSWord. Users can accept the recommendations by selecting the features as in normal usage. Alternatively, the “Accept All” button in the dialogue box allows users who trust
the system’s recommendations to accept all of them at
once. Users maintain control because it is ultimately up to
them to decide when and how to customize and to what
degree they wish to follow MICA’s recommendations. The
design of the mixed-initiative interface was informed by
informal usability testing with pilot participants.
To maintain predictability and transparency [14], the user is
provided with access to MICA’s rationale. This includes a
description of why MICA is making recommendations and
how it generated them. This explanation can be obtained by
clicking the “More” button in Figure 3, which expands the
dialogue box to include an additional pane of information.
The why component of the rationale, which is shown at the
top of Figure 4, explains that MICA is making recommendations because it predicts the recommendations will save
the user time. MICA reports the average estimated time
savings per feature invocation should the user choose to
accept all recommendations (i.e., the entire optimal PI). The
how component of the rationale describes three factors that
impact the system’s decisions: 1) usage frequencies, 2) expertise and 3) interface characteristics. The user can obtain
more information on each factor, which consists of an explanation of this factor and, if relevant, access to a highlevel snapshot of the User Model’s assessment. Figure 4
displays the extra information for the “Usage Frequencies”
factor. The rationale displayed in Figure 4 represents our

first attempt at conveying this information to the user and
we expect that its design will have to be refined through
user evaluations. While explaining adaptive behaviour has
been explored in other contexts (e.g., [6]), this is the first
attempt to show system rationale in GUI customization
research. As a result, evaluation is necessary to ascertain
what types of information, if any, users find useful, along
with how to convey the information.

equal number of each) because we wanted to avoid having
a large number of participants who may have little opinion
on their interfaces (i.e., Feature Neutrals). While we did
want our participants to care about the state of their interfaces, we did not anticipate Feature Keen vs. Feature Shy
differences with respect to our independent variable
(mixed-initiative vs. adaptable).

EVALUATION

The experiment was conducted on an IBM Thinkpad running Windows XP with a 2.0 GHZ processor, 1.5 MB
RAM, and a 15” screen. The adaptable and mixed-initiative
interfaces were coded for MSWord 2003 using Visual Basic for Applications (VBA) macros. The mixed-initiative
framework was implemented in C++.

The goal of the evaluation was to gain an initial understanding of the value of MICA’s mixed-initiative approach. We
felt that the most appropriate first evaluation of the system
would be to run a lab study comparing the mixed-initiative
interface to an adaptable alternative. Therefore, we conducted an experiment with two conditions: 1) the purely
adaptable two-interface model, where users could customize but did not receive system recommendations, and 2)
MICA’s mixed-initiative interface described above. The
conditions were identical except for the mixed-initiative
component. We chose this overall design to provide insight
into a number of issues. 1) Do users prefer the mixedinitiative support to customizing on their own? 2) Does
MICA’s support have positive effects on task performance?
3) How does the presence of recommendations impact customization behaviour?
Design

The experiment used a within-subjects factorial design with
interface type (Mixed-Initiative or Adaptable) as the primary factor. Participants completed two tasks, one with
each version of the interface (described in the “Tasks” section of this paper). Therefore, task was a within-subjects
control variable. Both interface order and task order were
between-subject controls. To account for learning effects,
we counterbalanced the order of interface and tasks, resulting in four configurations.
A within-subjects design (i.e., each participant completes
both conditions) was chosen to gain direct preference data
and to account for variability owing to individual differences. In addition, this design requires fewer participants,
since each participant provides data for two conditions.
Participants

Twelve participants completed the study (nine females,
three males). Participants were recruited by posting signs
around the university campus. All participants were in the
18-29 age range, except one participant who was 50-59.
Ten were students, one was an admin manager, and one
was a retired teacher. Participants were paid $10/hr.
Prior to signing up for the experiment, interested participants first completed a preliminary questionnaire developed
by McGrenere and Moore [22] that classifies users as either
Feature Keen, Feature Shy or Feature Neutral based on
their answers to questions on the following: i) how they feel
about having many functions in the interface, ii) how much
they want to have a complete version of their interface and
iii) how up-to-date they would like their interface to be. We
selected only Feature Keen and Feature Shy participants (an

Apparatus

Tasks

One of the biggest challenges in designing a lab study involving customization is how to motivate users to customize, since customization is typically meant to be beneficial
over a period of time longer than a lab study. Thus, the experimental tasks had to be designed such that: 1) customization would actually have the potential to be beneficial;
and 2) participants would feel that customization could be
beneficial. Satisfying both constraints required that: i) the
tasks be designed so that participants would spend most of
the task time selecting features from the menus and toolbars
as opposed to entering text; and ii) participants would feel
that there was enough regularity in the feature usage to be
worth customizing their interfaces.
Participants performed two tasks (A and B) similar in
length and overall complexity, one with each version of the
interface. Each task consisted of a list of step-by-step instructions and a target final document. Each step described
an interface operation to be performed (or in some cases, a
small amount of text entry) and indicated whether to use the
toolbars or menus to complete the step, but did not explicitly give the name of the command. We refer to this type of
task as a guided task. The restricted nature of the guided
tasks served two purposes: 1) the tasks required a large
number of menu selections and could still be completed
within a reasonable-length session (3 hours), and 2) we
were able to assign accurate values to the expected usage
component in the User Model (described below).
Alternatives to guided tasks include asking participants to
select a stream of named menu and toolbar features (an
approach used in a previous study comparing an adaptive
and adaptable interface [8]), or a more open-ended task,
such as “write a short report on topic X.” We wanted to
make our tasks somewhat more ecologically valid and engaging than the selection stream alternative, however, an
open-ended task would result in too few menu selections in
the same study duration and less accurate information for
the User Model. Guided tasks appeared to strike the right
balance between these two extremes.
To further motivate customization, we used task repetition
in combination with a small amount of deception. Each task
was actually repeated three times; however, to make cus-

tomization appear even more beneficial, participants were
told that each task would be repeated up to five times. The
customization mechanism was enabled only after the first
repetition of each task to allow participants to become familiar with the task before customizing. To motivate usage
of the PI, for each task, participants were given a starting PI
that contained many, but not all of the features required for
the task and some features that were not needed.
Procedure

The procedure for the experiment was as follows. 1) Participants completed a detailed questionnaire designed to
assess their expertise for each feature used in the experiment. 2) The questionnaire results and the information on
each feature’s anticipated usage frequency in each of the
guided tasks were used to initialize the User Model. Recall
that this is necessary because the User Model currently
cannot assess these online. 3) The two-interface model and
customization mechanism were briefly demonstrated to the
participants using the interface (i.e., mixed-initiative or
adaptable) to be present during the first trial. 4) Participants
performed the first guided task (repeated three times, the
customization mechanism was enabled after the first of
three repetitions). 5) The interface to be used in the second
trial was introduced. For the mixed-initiative interface, this
new interface was briefly demonstrated. For the adaptable
interface, participants were simply told that the customization mechanism would no longer contain system recommendations. 6) Participants performed the second guided
task (repeated three times, the customization mechanism
was enabled after the first of three repetitions). 7) Participants completed a post questionnaire. 8) Participants were
interviewed by the first author. A session typically lasted 2
hours and 30 minutes, but ranged from 2 to 3 hours.
Measures

Our evaluation had a number of quantitative and qualitative
measures. These measures are described below, grouped
according to category.
Performance:
• Overall Performance: the amount of time it took the participants to complete the tasks overall, including customization time.
• Task Performance: the amount of time the participants
spent on the tasks, ignoring time spent in the customization mechanism.
Customization Behaviour:
• Customization Time: the amount of time spent in the
customization mechanism when some customization actually occurred.
• Features Added/Deleted: the total number of features
added/deleted to/from the Personal interface.
Impact of Recommendations on Customization Decisions:
In addition to the above quantitative within-subjects measures, we also measured how user customizations matched
system recommendations in the mixed-initiative condition.
In the adaptable condition we measured how user customi-

zations matched what the system would have recommended.
Interface Preference: On the post questionnaire participants
were asked to state which of the two interfaces they would
install on their machine (Overall Preference). Participants
were also asked to state which interface they preferred (or if
they found them equal) for the following five criteria: 1) the
ease of use (Easy of Use), 2) the ease of adding features to
the PI (Easy to Add), 3) the ease of deleting features from
the PI (Easy to Delete), 4) whether the PI matched their
needs after customization (Match Needs), and 5) the time
necessary to customize (Fast).
Reasons for Customizing and Feelings Towards Recommendations: The post questionnaire also asked participants
to rate (on a five-point scale) three potential reasons for
customizing (listed in Table 2) and their feelings towards
the system recommendations on four dimensions (listed in
Table 3). Additional feedback on customization, the recommendations and the rationale were gathered in the interview.
Results

Out of the 12 participants who completed the study, 8 customized in both conditions. The remaining 4 participants
customized only in one condition: 3 in the adaptable condition and 1 in the mixed-initiative condition. For 3 of these
participants, the customization occurred in the second condition. Unless otherwise specified, the results presented in
this section are based on the data from only the 8 participants who customized in both conditions.
The within-subjects quantitative dependent measures were
analyzed using univariate ANOVA with interface (mixedinitiative or adaptable) as the primary within-subjects factor. Two between-subjects control factors were included in
the analysis as a result of the counterbalancing: Interface
Order and Task Order. Along with statistical significance,
we report partial eta-squared (η2), a measure of effect size.
Effect size measures the practical significance of the differences found. To interpret this value, .01 is a small effect
size, .06 is medium, and .14 is large [4].
Before performing the ANOVA analysis with interface as
the primary within-subjects factor, we checked for an effect
of task (A vs. B). As expected, we did not find a main effect of task on any of our dependent measures. We begin by
describing how interface impacted performance and customization behaviour (summarized in Table 1).
Performance: For Overall Performance, participants were
faster in the mixed-initiative condition, spending an average
of 28 minutes 6 seconds total time compared to 30 minutes
19 seconds in the adaptable condition. The analysis revealed a marginally significant main effect of interface for
this dependent measure (F (1, 4) = 6.522, p = 0.063) with a
large effect size (partial η2 = 0.620). The results were similar when considering Task Performance only (see Table 1).
While both results are only marginally significant, the fact
that they had large effect sizes implies that the mixed-

Overall Performance
(minutes)

Mean (SD)
MI

AD

F(1,4)

p

η2

Task Performance
(minutes)

28:06
(6:09)
26:40
(5:29)

30:19 6.522 0.063 0.620
(5:29)
28:44 6.587 0.062 0.622
(5:05)

Customization Time
(minutes)

1:06
(0:33)

1:35 8.170 0.046 0.671
(0:38)

Features Added

6.1
(0.8)

6.8
(1.5)

2.778 0.171 0.410

Table 1: Results for the quantitative withinsubjects measures (N = 8) MI=Mixed-Initiative,
AD = Adaptable

initiative had a large impact on both performance measures.
Customization Behaviour: We analyzed the impact of interface on customization behaviour in terms of both the time
necessary to customize and the number of features that participants added and deleted. For Customization Time, Table
1 shows that participants spent significantly less time customizing in the mixed-initiative condition than in the adaptable condition (F(1,4) = 8.170, p=0.046, partial η2 = 0.671).
There was also a significant between-subjects main effect
of Interface Order (F(1,4)= 10.062, p=0.034, partial η2 =
0.716), showing that participants spent less time customizing across both conditions if they saw the adaptable condition first (average: 55 seconds, SD: 24.4 seconds) than if
they saw the mixed-initiative interface was first (average: 1
minute 46 seconds, SD: 12.3 seconds). Interpreting this
order effect is difficult since there were only 4 participants
per order and there appeared to be large individual differences. This may be an indication, however, that the simpler
adaptable interface provided scaffolding for the mixedinitiative interface and not vice versa. This result could also
potentially be attributed to the fact that participants in the
Adaptable/Mixed-Initiative order received an additional
interface demonstration (see the “Procedure” subsection).
While interface did have an effect on Customization Time,
it did not appear to impact the number of features added,
since the difference between the two conditions was not
significant (F(1, 4) = 2.778, p=0.171). The fact that participants added roughly the same number of features in both
conditions implies that the faster customization time with
the mixed-initiative interface was not caused by participants failing to customize.
None of the 12 participants deleted any features. When
asked why in the interview, the majority of participants (8)
said that the extra features in the PI weren't bothersome
(67%). Four explicitly mentioned that it wasn’t worth the
time necessary to delete them (33%); 2 said that the PI was
small enough already (17%); and 2 thought the extra features might be useful at some point (17%). The percentages
do not sum to 100 because some users provided more than
one reason.

8
# of participants

Dependent Variable

Preference

Mixed-Initiative

7

Adaptable

6

Equal

5
4
3
2
1
0
Overall
Easy to Use Easy to Add
Preference

Easy to
Delete

Match
Needs

Fast

Figure 5: Preference rankings for the two interfaces
(N=8)

When analyzing the data for Customization Time, we discovered that the design of the “Accept All” feature (shown
in Figure 3) may need to be revisited. This more automatic
form of customization was utilized by five participants for
some portion of their customization. After customizing
using “Accept All”, one participant had particular difficulty
remembering what she had customized, entering the
mechanism an additional seven times without customizing.
In the interview, this participant revealed that she would
enter the customization facility when she couldn't immediately locate the feature in the PI.
Impact of Recommendations on Customization Decisions:
We found that the 9 participants in the mixed-initiative
condition followed the vast majority of the system's recommended additions. Specifically, out of the total number
of “add” recommendations, 96% were followed. Participants in the mixed-initiative condition also added features
that were not recommended. In particular, 11% of their
customizations were not recommended features.
To gain an understanding whether participants would have
made the same customization decisions with or without the
system’s help, we also examined the customizations of the
11 participants in the adaptable interface. We compared
their customizations to what would have been recommended by the mixed-initiative system (with the User
Model appropriately initialized) and found that these participants added only 78% of features that would have been
recommended (compared to the 96% discussed above).
Furthermore, 35% of their customizations did not match
features that would have been recommended (compared to
the 11% discussed above).
The above results in conjunction with the performance results indicate that the recommendations impacted the participants’ customization decisions in a positive manner. The
data provides encouraging evidence that in the mixedinitiative condition, participants followed the recommendations, added fewer non-recommended features and performed better than those in the adaptable condition.
Interface Preference: In addition to the above mainly quan-

titative results, our evaluation also provides qualitative support for the mixed-initiative interface. For example, our
within-subjects design allowed us to obtain direct prefer-

Reasons for Customizing
To reduce the number of features that had to

Mean SD

Statement About Recommendations

Mean SD

3.09

1.70

4.11
3.78

0.60
1.09

3.45

1.39

I trusted the system to make good recommendations
It was easy to tell which features were recommended.
Recommendations were appropriate for the tasks.
I understood why the system made the recommendations that it did.

4.44
4.00

0.53
1.00

4.64

0.50

be accessed using the Full Interface.
To make the Personal Interface as small as
possible while still being appropriate for the tasks.
To help complete the tasks more quickly.

Table 2: Reasons for customizing ranked on a 5point scale (N=12)

ence information. Figure 5 displays these results. For Overall Preference, MICA’s mixed-initiative interface was preferred by 7 of the 8 participants who customized in both
conditions. This is consistent with the individual criteria,
which showed that participants either preferred the mixedinitiative interface or found the two to be equal on all criteria. The two exceptions to this are that one user rated adaptable best for Easy to Delete and another user rated adaptable best for Fast. For Easy to Delete, all responses were
hypothetical since none of the participants entered this
mode of customization. The participant who found customization faster with the adaptable interface (and preferred
it overall) was an expert user who said that he knew exactly
which features to add and found that there was too much
text in the dialogue box describing the customization procedure in the mixed-initiative interface (Figure 3).
Reasons for Customizing: Table 2 summarizes the participants’ responses (for all 12 participants) concerning the
three potential reasons for customizing. The fact that the
highest rated reason is task performance is encouraging,
since it forms the basis of MICA’s recommendations. A
free-form section provided participants with an opportunity
to list additional reasons for customizing. Three participants
entered comments in this section, indicating that the nature
of the experimental setup was also a factor (e.g., the restricted/repetitive nature of the tasks and the novelty of the
interface). During the follow-up interviews, participants
were also asked why they customized and why they added
features. Again, performance had the most support (50%)
but some also liked the simplicity of the PI (34%) and some
seemed to want to use it exclusively (17%).
Feelings Towards Recommendations: On the postquestionnaire, the 9 participants who customized in the
mixed-initiative condition were asked to rank aspects of the
system’s recommendation. Table 3 summarizes these results. Overall responses were positive, as were responses on
a free-form section of the questionnaire that asked participants to indicate what they liked about the recommendations. Most participants stated that they liked how the recommendations were presented (33%) or that the recommendations were appropriate for their tasks (55%).
In terms of what participants disliked about the recommendations, some wanted all features needed for the task to be
recommended (22%). Three participants pointed to three
different usability issues: 1) having to look through the

Table 3: Feelings towards recommendations
ranked on a 5-point scale (N = 9)

menus to see what was recommended, 2) the amount of text
in the dialogue box, and 3) the fact that the entire menu
heading wasn’t highlighted (see Figure 3).
Rationale: Despite not being an explicit focus of the study,
we had hoped that at least some users would view MICA’s
rationale in order to provide preliminary information on its
usefulness. Unfortunately, none of the participants in the
study chose to look at the rationale. In the post-session interview, the majority of participants indicated that they either were too focused on completing the tasks to look at it
(44%) or didn’t need the information (44%). It is important
to note, however, that participants were not aware of what
information was in the rationale, since this feature of the
mixed-initiative interface was not demonstrated during the
interface training.
Feature Keen/Shy Differences: While we did not anticipate
the Feature Keen/Shy classification to impact our main
quantitative or qualitative measures, we did look for any
clear trends. One noticeable difference was that out of the 8
participants that customized in both conditions, 6 were Feature Keen and 2 were Feature Shy. In addition, Feature-Shy
participants rated all the customization reasons listed in
Table 2 higher (on average) than the Feature-Keen participants. These findings may suggest a difference between
these two groups with respect to customization, although
not necessarily in terms of mixed-initiative interfaces. Further research would be required to substantiate this, before
which additional validation work on the Feature Shy/Keen
questionnaire may be needed.
Discussion

Our results provide encouraging evidence that when MICA
has a fairly accurate User Model, users prefer the mixedinitiative system to the purely adaptable alternative. In addition to users preferring MICA’s support, participants followed the vast majority of the system’s recommended additions (96%) and the data suggests that these recommendations helped improve performance in terms of time on task.
Although the performance differences are small, this is to
be expected given the relatively short duration of the study.
The time savings should add up given longer periods of use
in real settings, especially if the user’s tasks maintain a certain amount of consistency. Exactly how much consistency
must be present in the user’s feature usage to make customization beneficial, in terms of both objective and subjective benefit, remains an area of future investigation. Feature usage doesn’t necessarily have to be as restricted as it
was our study. However, if the set of regularly used fea-

tures is changing dramatically and frequently, then the time
to customize may begin to outweigh any benefit.
The data also shows that MICA’s support has the potential
to decrease customization time. Since the effort necessary
to customize is one of the disadvantages of purely adaptable interfaces, decreasing customization time may make
users more willing to customize. The results, however, also
point out a potential downside of allowing the system to do
more of the customization on behalf of the user. For one
user in particular, the more automatic form of customization led to her having difficultly remembering what she had
already added to her PI when it came to features that she
was not as familiar with. However, not all participants who
used this feature experienced these problems, indicating
that this more automatic form of customization may be
problematic for some and not others. Furthermore, it may
simply be a matter of the current confirmation dialogue,
which displays the names of the newly added and deleted
features, being insufficient for some users.
While the evaluation provides support for MICA basing its
recommendations on performance and for the general appropriateness of its recommendations, the evaluation also
points to two assumptions embedded in MICA decisionmaking process that require further exploration. First,
MICA assumes that users will be willing to switch to the FI
for less-frequently used features, however, 22% of users
indicated that having features “missing” from the recommendations was something they disliked about the system.
It would be interesting to explore whether some users
would prefer to solely use the PI, regardless of the performance impact, or whether better understanding this performance tradeoff would influence their preference. Second,
MICA assumes users will be willing to delete features,
which in the context of our study, was not the case. Users
where also reluctant to delete features in McGrenere et al.’s
field study [21].
Finally, a number of study limitations deserve mention.
First, since it was a lab study, we do not know how users
would respond to the mixed-initiative support if they were
using the system on a day-to-day basis, performing tasks
that have less obvious structure. McGrenere et al.’s field
study [21] does provide evidence that most users saw
enough regularity in their feature usage in a real working
context to believe that customization would be beneficial.
Thus, there is reason to believe that users would see the
value of mixed-initiative support in such contexts as well.
Second, it remains to be seen whether or not our results will
hold in either the lab or the field when the User Model is
performing online assessment of user expertise and expected feature usage, which will be less accurate than the
settings we have used in our study. Third, our evaluation
indicates that the system recommendations had positive
influence on the user customization decisions; however, it
did not allow us to directly test the impact of all user-model
and decision-making parameters. Despite the above limitations, we believe that our evaluation is an important first
step. Showing that this type of mixed-initiative support can

be beneficial motivates investigating appropriate online
assessment techniques, in addition to conducting more detailed evaluations, first in the lab and then in the field.
CONCLUSIONS AND FUTURE WORK

In this paper we described MICA, a mixed-initiative
framework that provides interface customization suggestions tailored to the user’s work patterns, expertise and
characteristics of the interface itself. MICA performs online GOMS analysis, combining this user- and interfacespecific information to generate suggestions that improve
task performance. Explicit focus on performance is unique
to our system. Other work on interface customization assumes that customization saves time but never formally
quantifies these savings to make more informed decisions
on how to customize. To avoid disrupting the user, MICA
presents its recommendations only when the user initiates
customization and provides them in a non-intrusive manner.
To ensure that the recommendations are predictable and
transparent, MICA provides the user with access to its rationale.
In a formal evaluation, we compared MICA’s mixedinitiative interface to a purely adaptable alternative. The
results indicate that users prefer the mixed-initiative support, at least in circumstances where the system has an accurate user model. The evaluation also provides encouraging evidence that MICA’s recommendations improve time
on task and decrease customization time. Furthermore, the
evaluation is one of the few direct comparisons of a mixedinitiative and adaptable interface, and thus it extends the
body of knowledge pertaining to the value of mixedinitiative approaches. It is particularly encouraging that the
mixed-initiative support was preferred to an adaptable interface that had performed well in a previous study.
Since our evaluation did not provide any insight into the
value of showing the user the rationale for the system’s
customization suggestions, we are currently running a follow-up evaluation designed to test the effects of viewing
the rationale on user customization behaviour. Additional
areas of future work involve extensions to MICA’s framework. First, we would like to extend the framework to allow MICA to make recommendations without waiting for
the user to initiate customization, which could be beneficial
for users who are forgetting to customize. Adding this functionality will involve weighing the expected performance
improvement against the cost of interrupting the user to
make the suggestions. A second potential extension would
be to reason about when a feature is expected to be used in
addition to how often, both in deciding which recommendations to make and how to deliver them to the user. We
would also like to explore the generalizability of our approach. While our current implementation of MICA’s
framework is for MSWord, the underlying principles generalize to any menu/toolbar interface. Thus, it would be
interesting to apply this approach to other classes of applications with different levels of complexity. Finally, we plan
to investigate appropriate online assessment techniques for
the User Model.
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