
Helping end users 
understand and control

 intelligent agents
Todd Kulesza

Sunday, May 6, 12



Workshop papers
• Making user interface adaptation in multi-device 

environments understandable to end users
[Fabio Paternò, Christian Sisti, & Giuseppe Zichitella]

• Transparency and controllability in user 
interfaces that adapt during run-time
[Matthias Peissner & Thomas Sellner]

• The role of explanations in assessing and 
correcting personalized intelligent agents
[Todd Kulesza, Margaret Burnett, Simone Stumpf, & Weng-Keen Wong]
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Examples of agents

Recommender
systems

 4 

figure 3. Customization tool for desktop-mobile adaptation. 

Figure 3 shows the user interface of the tool for 
customization. It groups various types of properties. 
Some concern general attributes (e.g. font attributes), 
others refer to specific interactor types (e.g. radio 
buttons, listboxes). Then, we have the attributes that 
can have an impact on whether or not to perform page 
splitting and to what extent. Figure 4 shows the result 
of adaptation on the example page with the parameters 
shown in Figure 3. 

 

figure 4. Result of desktop-mobile adaptation. 

As you can see the result consists of three mobile 
pages, in the first one a couple of links (circled in red) 
to access the other two have automatically been 
included. However, if the customization parameters are 
changed, for example increasing the vertical tolerance 
and indicating that the scrolling to avoid is vertical then 
we can obtain the results shown in Figure 5, in which 
only two mobile presentations are generated. 

  
figure 5. Another result of desktop-mobile adaptation 
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Problems people face

• Trust & acceptance

• Usability & consistency

• Controllability
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Problems people face

• Trust & acceptance

• Usability & consistency

• Controllability

How can explanations of the system’s features & 
reasoning (i.e., transparency) help end users?
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Just last week...
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Transparency helps us...
• Understand classifiers 

[Lim et al. 2009, Kulesza et al. 2012]

• Feel satisfied with 
recommendations
[Sinha 2002]

• Act upon recommendations
[Herlocker et al. 2000, Cramer et al. 2008]

• Work faster with context-aware programs 
[Dearman et al. 2007]
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But it also leads us to...

• Misuse agents in situations
where they are unreliable
[Dzindolet et al. 2003, Lim 2012]

• Perceive a higher cost to 
working with the agent
[Bunt et al. 2012]
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Types of transparency
Category Type of explanation

Ontological What is…?

Mechanistic How does it work?

Operational How do I use it?

Design rationale Why does it work like this?

[Haynes et al. 2009]
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What can be transparent?

Source Type of explanation

ML model Static explanation of how the 
classifier works

ML reasoning Dynamic explanation of what the 
classifier currently “thinks”

Real-world evidence Human-observable reasons for 
classification (including context)

[Lacave & Díez et al. 2003]
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Knowledge Base 
The Knowledge Base is a GOMS simulation environment 
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, gener-
ates performance predictions of the following basic opera-
tions 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 assess-
ment 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 envi-
ronment to account for such additional impacts of user ex-
pertise 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) pro-
vide customization support non-intrusively, and 3) maintain 
predictability and transparency. 

As mentioned above, MICA provides customization rec-
ommendations only when the user initiates customization 
(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 cen-
tral part of Figure 3. MICA’s recommended additions are 
made visually distinct by highlighting (in yellow) recom-
mended 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 inten-
tion was to highlight the entire menu item/heading in yel-
low, but this was not possible with the available API for 
MSWord. Users can accept the recommendations by select-
ing the features as in normal usage. Alternatively, the “Ac-
cept 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 recommen-
dations 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) ex-
pertise and 3) interface characteristics. The user can obtain 
more information on each factor, which consists of an ex-
planation of this factor and, if relevant, access to a high-
level snapshot of the User Model’s assessment. Figure 4 

Figure 3: Mixed-initiative customization mechanism 
Figure 4:  Portions of the system’s rationale 

Transparent adaptations
• MICA [Bunt et al. 2007]

• User always in control

• Makes recommendations

• MyUI [Peissner & Sellner]

• Mixed initiative approach

• Customizations based 
on patterns
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Controlled adaptations
• Paternò, Sisti, & Zichitella

• MARIA to model 
logical content

• Users can specify 
preferences and 
constraints for 
adaptation

 2 

annotations that are manually created and included in 
the Web page. Such annotations are then used for 
automatically transforming the original pages to obtain 
pages more easily accessible for visual-impaired users. 
In our case, we want to provide a tool that does not 
require any manual intervention on the application code 
and is able to automatically analyse the content of a 
Web page and transform it into an application for the 
target device. For this purpose we consider 
intermediate model-based representations [2], which 
aim to represent the logical structure of the user 
interface and enable relevant reasoning to derive a 
more suitable structure for the target device. Given this 
type of approach, we want to investigate novel 
solutions that allow end user to customize the effects of 
the adaptation transformations. 

In the position paper we discuss in particular 
adaptation to mobile devices and for vocal browsing 
and indicate preliminary ways to customize them 
([5][6]). In both cases we provide designers with the 
possibility of customizing the adaptation rules, in order 
to obtain results that better suit their preferences. 

Architecture of the Solution 
We exploit the model-based framework MARIA [4] for 
performing a more semantically-oriented 
transformation. The framework provides abstract 
(independent of the interaction modality) and concrete 
(dependent of the interaction modality but independent 
of the implementation languages) languages. Such 
languages share the same structure but with different 
levels of refinements. A user interface is composed of  
a number of presentations. In each presentation there 
are groupings that identify the main logical parts and 
contain the interface elements, which are called 

interactors. Examples of interactors are navigators 
(allow moving from one presentation to another), 
activators  (allow  triggering  functionality)…   

Our solution is based on an adaptation server, which 
provides a number of functionalities: 

 Reverse engineering, it automatically parses the 
content of the Web page and the associated style 
sheets and scripts, and builds a corresponding 
concrete logical description; 

 Orchestrator, it receives contextual information and 
depending on it decides which adaptation 
transformation to apply; 

 Adaptation, the graphical concrete description 
provided by the reverse module is transformed into 
a concrete description adapted for the target 
device, there are various adapters for each target 
platform; 

 Generation, an implementation of the concrete 
description for the target device is generated. 

figure 1. The architecture of our approach.  Transparency ➤ Adaptive interfaces ➤ Classifiers ➤ Recommenders
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Transparent classifiers

• Why… explanations 
more effective than 
Why not… or 
How to…
[Lim et al. 2009]

• When dimensionality 
is high, there are still 
barriers to control
[Kulesza et al. 2011]

4.5 EXPERIMENT 1    73 

 

between intelligibility types (F[2,84]=8.85, p<.001; see Figure 4.3).	  To	  analyze	  participants’	  ability	  

to formalize their understanding, their reasons were coded using the rubric in Table 4.2 and 

dummy variables were generated indicating: Inequality or better (0 or 1), Partially or Fully Correct 

(0 or 1), and Fully Correct (0 or 1). The analyses were done with the reason coding as the 

dependent measure and with condition as a fixed effect. Participants were modeled as a random 

effect and nested within condition. A Tukey HSD pair-wise test of the occurrences of each coded 

score shows that providing explanations leads to more correct answers than not providing any 

(contrast of None with Why and Why Not: F[1,50]=15.1, p<.001). However, there was no significant 

difference in the number of correct answers between Why and Why Not type explanations.  

 
Figure 4.3. Participants receiving explanations (in the Learning section) answered 

significantly more questions correctly in the Fill-in-the-Blanks section. 

 

Figure 4.4. Percent of reasons coded as Inequality, Partially Correct, or Fully Correct in the 

Reasoning Test section. 

Using the grading rubric in Table 4.2 on the Why reasons provided in the Fill-in-the-Blanks Test, we 

found that participants in the Why and Why Not conditions were able to produce more Partially 

Correct reasons compared to those in the None condition (F[1,50]=27.4, p<.001) (see Figure 4.4). 
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Other forms of transparency

 

As with other matrix visualizations, the ordering of the ma-
trix can greatly influence the patterns visible. EnsembleMa-
rix orders each of the Component Classifier matrices inde-
pendently to highlight sets of classes which are frequently 
confused by that particular classifier. This corresponds to 
grouping clusters in an adjacency matrix. Additionally, as 
users update the Ensemble Classifier view, the main matrix 
is reordered interactively. This necessitates a fast reordering 
algorithm, so we chose to use the barycenter heuristic [23], 
borrowed from the layout of bipartite graphs.  

Small horizontal bars below each matrix in the Component 
Classifier view show the accuracy for each of these classifi-
ers. A similar set of bars in the Linear Combination pane 
show the overall accuracy of the current Ensemble Classifi-
er and the accuracy of the currently selected partition. 

Interacting with EnsembleMatrix 
EnsembleMatrix provides two basic mechanisms for users 
to explore combinations of the classifiers. The first is a par-
titioning operation, which divides the class space into mul-
tiple partitions. The second is arbitrary linear combinations 
of the Component Classifiers for each of these partitions.  

We selected these two operations since they are the core 
portions of a variety of more complicated machine learning 
algorithms. We expect that the most effective use of these 
operations is in tight conjunction, iterating back and forth, 
with each other. For example, one possible strategy is to 

adjust weights and find good partitions, and then to recur-
sively iterate to the sub-partitions. 

To enable these mechanisms, we assume that our compo-
nent classifiers can produce a vector of real numbers, one 
number per possible class. The predicted class is the class 
with the maximum numeric value. This formulation is very 
natural in many multi-class classifiers including SVMs and 
logistic regression. If a classifier can only output a single 
predicted class, this can be represented as a vector with a 
single non-zero value.  

We also suggest that the component classifiers be trained in 
a robust manner, such as with 10-fold cross validation. 
Doing so increases the likelihood that partitioning or linear 
combination operations which improve accuracy on the 
training data will generalize well to the entire dataset [9].  

Partitioning 
Partitioning the class space separates the data instances into 
two subsets, allowing the user to develop classifiers specia-
lized for each subset. To specify a partition, the user selects 
a vertical line on a matrix. Data instances which fall to the 
left of the partition are placed in one set and those which 
fall on the right in the other. Once partitioned, data in-
stances may not cross the partition line despite further parti-
tioning or refinements to the classifiers on either side. 
Technically, this means that the two subset classifiers are 
restricted to only predicting classes which fall on the ap-
propriate side of the partition line. This is accomplished by 
maximizing over an appropriate subset of the numeric vec-
tor. This constraint makes the behavior of the partition easi-
er to interpret and to represent visually. 

One impact of this partitioning constraint is that data in-
stances that are on the wrong side of the partition will re-
main on the wrong side despite further refinement. To em-
phasize this fact, EnsembleMatrix automatically adds a 
horizontal split at the same position as the vertical, thus 
creating four quadrants for each partition (Figure 1). Data 
instances in the off-diagonal quadrants are those which will 
remain incorrectly classified. 

By clicking on an on-diagonal quadrant users can select 
either the left or right subset and can continue refining just 
the classifier for that subset by further partitioning or by 
adjusting the linear combination. The selected subset is 
highlighted with an orange border and the Component Clas-
sifier thumbnail views update to only show data instances 
contained on that side of the partition (Figure 3). 

In practice, we found that over-partitioning the space led to 
poor generalization since the sample of data items was too 
small to adequately represent the whole dataset, but that 
users seemed able to gauge when they should stop. 

Linear Combinations 
There are two ways in which users can manipulate the li-
near combination of Component Classifiers. First, Ensem-
bleMatrix provides a simple 2D interpolation control, the 
Linear Combination Widget in the upper right (Figure 1). 

 

 
Figure 2. Representations of confusion matrix for a handwrit-
ten digit classification task. (top) standard confusion matrix; 

(bottom) heat-map confusion matrix. It is much easier to iden-
tify underlying patterns in the visual representation; 3 and 8 
are often misclassified as each other and 5 is misclassified as 

many different numbers.  

CHI 2009 ~ Visualization 2 April 8th, 2009 ~ Boston, MA, USA
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Figure 1 shows how different cost matrices can result in 
different classification boundaries. The figures on the left 
depict the estimated probabilities over a 2-dimensional 
space for three different classes. These probabilities are 
derived from an underlying classification system that was 
built using a training corpus. We compute an expected cost 
of using the classifiers on the test sets by combining these 
probabilities with different cost matrices in order to produce 
different classification boundaries. We see that different 
settings of cost shift the boundary in order to minimize the 
classification risk. 

Unfortunately, specifying such fine-grained preferences via 
the cost matrix can be tedious. A c class classification prob-
lem requires the user to specify c2 parameters which be-
comes infeasible as c becomes even marginally large. 
Furthermore, setting these parameters by hand can be chal-
lenging as the classification model and the costs interact in 
complex, non-linear ways which is often unpredictable, 
even to expert users. In some scenarios, one might estimate 
such parameters using monetary considerations (such as 
direct profit or loss). However, such considerations are hard 
to make in various HCI settings where the cost of the mis-
classification can correspond to such outcomes as user an-
noyance, frustration, usability, and other subjective metrics.  

MANIMATRIX 
ManiMatrix is an interactive system that allows users to 
directly manipulate the confusion matrix in order to specify 
preferences and explore the classification space. The system 
consists of a visualization and control interface joined with 
an optimization algorithm that computes the global implica-
tions of a user’s local refinements, enabling users to make 
changes and to understand how the predictive model inte-
racts with their preferences (Figure 2).  

Interacting with the Confusion Matrix 
At the core of ManiMatrix is a confusion matrix, which 
represents classification results by aggregating instances 
within a grid. Each row in the matrix represents an in-
stance’s true class and each column an instance’s predicted 
class. For example, Figure 2a (see left-most cell in the mid-
dle row of the matrix) shows that 6 cloudy days were mis-
classified as rainy within a party location planning problem. 

The confusion matrix is a common visualization because it 
is easy to interpret and can be used with any classification 
algorithm. Other visualizations may also serve as the basis 
for building insights and encoding preferences about classi-
fication. We leave exploration of such visualizations as 
future work. 

Depending on their preferences, users can specify an in-
crease or decrease in the tolerance for numbers of cases 
classified into each cell. For example, if users want to pre-
vent the cloudy days from being classified as rainy, they 
want to have as small a number as possible in the middle 
left cell. ManiMatrix supports this by allowing them to spe-
cify this desire with a single click directly on the confusion 
matrix. When users move the mouse pointer over a cell, 
ManiMatrix shows a green up arrow and a red down arrow 
on the right side of the cell (Figure 2a). Each click corres-
ponds to the desire to increment or decrement the value in 
that cell by 1. When users click on either button, ManiMa-
trix recomputes the decision boundaries for all cases, work-
ing to satisfy the confusion matrix that accommodates the 
user request. This is done at interactive rates and users re-
ceive immediate feedback. 

If ManiMatrix successfully finds a feasible confusion ma-
trix, it updates the visualization; otherwise it notifies users 
that the request is not feasible. For example, Figure 2b 
shows the new confusion matrix after the user clicked on 
the down button from the middle left cell. To facilitate large 
desired value changes, ManiMatrix repeats this click inte-
raction if users press and hold the button. 

Operations, even on a single cell, typically lead to changes 
in other parts of the matrix. To show changes in each cell, 
ManiMatrix provides feedback by highlighting the cells 
whose values have changed; green represents an increase 
and red a decrease. The magnitude of change is represented 
by the opacity; the bigger the difference is, the more opaque.  

It is important to note that multiple solutions may be consis-
tent with a user's preferences. In the current version of Ma-
niMatrix, a solution of parameters is generated that 
maximizes the stability of the matrix, minimizing the over-
all change in value as much as possible. As a result, the up 

                 
                      (a)                                                    (b)                                                    (c)                                                     (d) 

Figure 2. Interacting with ManiMatrix. 
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Transparent recommenders
• Combination of scaffolding and 

in-situ learning important for control
[Kulesza et al. 2012]

• Reasons for recommendations can 
increase satisfaction & follow-up actions
[Sinha 2002, Swearingen & Sinha 2002]

• Explanations can have negative impact 
on expert users
[McNee et al. 2003]
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Steering recommenders

• Interaction effectiveness depends on 
user characteristics
[Knijnenburg et al. 2011]

• Cost/benefit ratio improves as users 
understand the system’s mechanics
[Kulesza et al. 2012]
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Lim’s guidelines
108    CHAPTER 5 | ASSESSING DEMAND FOR INTELLIGIBILITY  
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Table 5.6: Design prescription of which intelligibility types to implement depending on the 

circumstances encountered by and functionality of the candidate context-aware application.  

Provision Type Tradeoffs 

Always on Obtrusive and space consuming. Only suitable for displays that are persistent 

(e.g. peripheral or kiosk displays). 

Automatic Context-Based Could be obtrusive for frequent events. May want to deactivate after a while. 

Adaptive / Intelligent  The system uses context to determine when to provide explanations. 

Applications with poor accuracy may provide or omit providing explanations 

at inappropriate times. 

This can be used to determine the most crucial time to send privacy-sensitive 

information. 

On Demanda Always Least obtrusive, but may not expose user frequently enough to improve their 

understanding. 

On Demande Context-Based Allows users to get intelligibility features contextually.  

Table 5.7: Reference of provision types to handle tradeoffs between providing intelligibility 

and other issues. 

[Lim & Dey 2009]
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Conclusion

• How can we improve existing 
techniques?

• What works best for end users?

• How generalizable are these solutions?
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