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Chapter 4

Abstract
Objective: To perform a post-deployment usability evaluation of a radiology
Picture Archiving and Communication System (PACS) client based on pattern
mining of user interaction log data, and to assess the usefulness of this approach
compared to a field study.
Methods: All user actions performed on the PACS client were logged for four
months. A data mining technique called closed sequential pattern mining was used
to automatically extract frequently occurring interaction patterns from the log data.
These patterns were used to identify usability issues with the PACS. The results of
this evaluation were compared to the results of a field study based usability
evaluation of the same PACS client.
Results: The interaction patterns revealed four usability issues: (1) the display
protocols do not function properly, (2) the line measurement tool stays active until
another tool is selected, rather than being deactivated after one use, (3) the PACS’s
built-in 3D functionality does not allow users to effectively perform certain 3Drelated tasks, (4) users underuse the PACS’s customization possibilities. All
usability issues identified based on the log data were also found in the field study,
which identified 48 issues in total.
Conclusion: Post-deployment usability evaluation based on pattern mining of
user interaction log data provides useful insights into the way users interact with
the radiology PACS client. However, it reveals few usability issues compared to a
field study and should therefore not be used as the sole method of usability
evaluation.
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“Data! Data! Data!” he cried impatiently. “I can’t make bricks without clay!”

– Arthur Conan Doyle, The Adventures of Sherlock Holmes
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Introduction
Post-deployment usability evaluation, in which a product’s usability is evaluated
during routine use in a real-world environment, is a valuable addition to predeployment usability engineering efforts [1–4]. It is especially useful in domains
such as radiology, where it is difficult to perform valid pre-deployment usability
evaluations due to difficulties in obtaining a representative user group for usability
tests and constructing a representative testing environment [5]. In a recent postdeployment usability evaluation of a radiology workstation [5], we found that
radiologists encountered a large number and wide variety of usability issues when
using a commercially available radiology workstation in clinical practice. Many of
these issues could not realistically have been identified before deployment of the
workstation.
This usability evaluation was based on interviews and observations of users
during their daily work. While this is a valid and widely used method for postdeployment usability evaluation, it has two important limitations. First, it is
difficult to collect large amounts of data from a large sample of users. Second, it is
time-consuming to analyze the data that this method yields (e.g. spoken interviews,
video recordings of user interaction).
A solution for these problems may lie in a different usability evaluation method:
(semi-) automatic analysis of user interaction log data. The basic idea behind this
method is to log the actions that users perform on the system and extract usabilityrelated information from these log data. The main advantage of this approach is
that it is easy to obtain enormous amounts of data from a large and geographically
separated group of users. However, this strength is also its weakness: how to
extract meaningful information from these voluminous and low-level log data?
Several solutions to this problem have been proposed (see [6] for an excellent
overview). For example, generating counts and summary statistics [7,8],
automatically extracting interaction patterns from the log data [9,10], and
visualizing the log data in a way that facilitates human interpretation [11,12].
However, there is little empirical research on the relative effectiveness of these
methods for usability evaluation. Several studies (e.g. [13–17]) have shown that
usability issues could be identified based on user interaction log data, but it is
unclear how effective this approach is compared to other methods of usability
evaluation.
In this study, we performed a post-deployment usability evaluation of a client
for the Picture Archiving and Communication System (PACS), which is the main
software component of the radiology workstation, based on an analysis of user
interaction log data. We used a data mining technique called closed sequential
pattern mining [18,19] to automatically extract frequently occurring interaction
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patterns from the log data. These patterns were used to identify usability issues
with the PACS. In order to assess the relative usefulness of this approach, we
compared the results of this evaluation to the results of a field study based usability
evaluation of a radiology workstation that included the same PACS client [5].

Methods
Apparatus
Fig. 1 shows the graphical user interface of the PACS client evaluated in this study.
At the top of the screen is a toolbar that consists of multiple tabs, each containing a
different set of functions. Users can add frequently used functions to the
customizable tab labeled My Tab, or to the upper region of the right click pop-up
menu.
Below the toolbar are one or more viewports, which contain the medical
images. When the user opens a patient study (a collection of one or more series of
images obtained during one scanning procedure), a display protocol determines
the initial viewport layout and arrangement of images based on the study
characteristics (e.g. imaging modality, body part scanned) and the user’s
preferences. Users can manually arrange the images using the Patient Mini Archive

Figure 1. The graphical user interface of the PACS client evaluated in this study.
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(PMA), which can be opened in a separate window or displayed as a strip at the
bottom of the screen.
Data logging procedure
A modified version of the PACS’s built-in logging tool was used to log actions users
performed on the PACS client. The following actions were logged: the start and end
of a study review; the study description, modality and body part of the study
reviewed; the matching display protocol; function selections and their mode of
selection (normal toolbar, customizable toolbar, right click menu, or shortcut key);
toolbar tab selections; mouse clicks and their coordinates; and the username of the
user logged in on the workstation.
All radiologists and radiology residents working in our hospital (a 1339-bed
university hospital) were informed of the data logging procedure and were given an
opt-out option, which meant that their data would be deleted. This opt-out
procedure had been approved by our hospital’s legal department before the start of
the study. Three out of 69 users chose to opt-out.
Logging started when the PACS client had been in operation in the hospital for
eleven months. All users had received equal PACS training.
A script was used to deploy the logging tool on the PACS workstations in our
hospital. The logging tool could not be deployed if the workstation was switched off
or if the PACS client was running. The script was run at three different time points
to maximize the number of successful deployments. Deployment succeeded on 37
out of 64 workstations.
The log files were stored locally and were retrieved from the workstations after
four months of logging. A script was used to combine the log data into a single
database. Data of opt-out users were removed. Patient information (Patient ID,
Accession number, Study UID, Series number and Image UID) was also removed.
Usernames were replaced with numbers.
Data analysis
From the log database, a database of interaction sequences was generated. An
interaction sequence spanned one study review and consisted of the type of study
reviewed (modality + body part) followed by all actions the user performed during
the review. The left/right modifiers of the body part were removed, which meant
that for example x-rays of the left and right hand were considered the same type of
study. Display protocol information and mouse clicks were not included in the
sequences, because they were not considered meaningful in preliminary analyses.
In the vast majority of cases, the display protocol information was redundant with
the study description, modality and body part of the study reviewed. Mouse clicks
on interface buttons were redundant with function selections. Mouse clicks on
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images were meaningless because they did not specify which images was clicked
on. This could also not be inferred from the coordinates of the click, because we did
not know how the images were arranged on the screen. The resulting sequence
database contained 10,948 interaction sequences of 66 users.
A data mining technique called closed sequential pattern mining was used to
discover frequently occurring interaction patterns in the log data. Given a sequence
database, this technique generates all closed sequential patterns above a
predefined support threshold. A sequential pattern is a sequence of actions (not
necessarily consecutive) and the support of a pattern is the number of interaction
sequences in which the pattern occurs. A sequential pattern is closed if it has no
super-pattern (a longer pattern that includes it) with the same support.
We illustrate this with an example. Given the following sequence database:
MR skull  Line measurement  Mark as key image
CT thorax  Window level tool  Oval ROI  Mark as key
image
CT thorax  MPR  Sagittal plane  Line measurement 
Mark as key image
closed sequential pattern mining with a minimum support of 2 yields the following
patterns:
Pattern
Mark as key image
Line measurement  Mark as key image
CT thorax  Mark as key image

Support
3
2
2

Note that patterns can consist of only one action and that actions do not have to
be consecutive in order to form a pattern. The pattern Mark as key image has a
support of 3 because it occurs in 3 interaction sequences. The patterns Line
measurement and CT thorax are above the support threshold (their support is 2),
but they are not included because they have super-patterns with the same support
(i.e. they are non-closed).
The closed sequential pattern mining approach is similar to using other data
mining techniques (e.g. association rule mining [20,21], sequential pattern mining
[22,23], maximal repeating pattern analysis [9]), but it has some advantages. First,
it only mines closed patterns, which leads to clean output (without irrelevant nonclosed patterns). Second, the user actions within the patterns it generates are
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sequential, but not necessarily consecutive. This allows for the detection of patterns
in which an action eventually leads to another action. It does not matter how many
irrelevant actions occur in between.
We used the CM-ClaSP algorithm of the open-source SPMF data mining library
[20] to perform the closed sequential pattern mining. The ClaSP algorithm has
been shown to outperform other algorithms for this task [19] and CM-ClaSP is a
modified version of ClaSP that is even more efficient [21].
We ran the algorithm with a minimum support of 200 (i.e. the patterns should
occur in at least 200 study reviews), which produced 62 closed patterns. We
marked the patterns that indicated suboptimal user interaction, which was defined
as a pattern or a set of patterns that violated our expectations about effective or
efficient use of the PACS client based on our knowledge of the PACS client’s user
interface.
To acquire more information about the suboptimal user interaction, we ran the
algorithm again with a support of 50, which produced 633 closed patterns. For all
marked patterns, we searched these 633 patterns for related patterns (superpatterns or patterns containing related user actions) that could provide additional
information on the interaction. We used our knowledge of the PACS client’s user
interface to infer usability issues from the interaction patterns.
The results of this evaluation were compared to the results of a field study based
usability evaluation of a radiology workstation that included the same PACS client
[5]. This evaluation consisted of interviews and observations of users during their
daily work and identified 92 usability issues with the radiology workstation. 48 of
these issues occurred in the PACS client.
During the identification of usability issues based on the interaction patterns,
we did not have access to the results of the field study.

Results
Table 1 shows the most frequently occurring closed interaction patterns (with a
minimum support of 200). It is important to recall that the sequence database
consisted of 10,948 study reviews and that the support of a pattern represents the
number of reviews in which this pattern occurred. The marked patterns indicate
suboptimal user interaction. The inference of usability issues from the interaction
patterns is described in the following paragraphs.
Patterns 7, 23 and 50 show that users often open the patient mini archive
(PMA), which is used to manually arrange the patient images on the screen. This
indicates that the display protocols, which automatically arrange the images on the
screen based on their characteristics and the user’s preferences, do not function
properly.
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Table 1. The most frequently occurring closed interaction patterns (with a minimum support of 200).
The marked patterns indicate suboptimal user interaction. Patterns marked with the same color belong
to the same interaction.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45

Pattern
DX thorax
CT thorax
Line measurement
CT abdomen
MPR
US abdomen
Open PMA
CT skull
Window level preset 4
Pointer
Coronal plane
Window level preset 8
DX hand
Sagittal plane
Zoom from cursor
MPR  Coronal plane
Pan
Window level preset 7
MPR  Sagittal plane
MR Skull
Mark as key image
Window level preset 3
Open PMA  Open PMA
Axial plane
Open external 3D application
Graphics tab
Layout tab
Export tab
Line measurement  Pointer
Line measurement  Line measurement
MPR  Axial plane
MPR  MPR
Window level preset 4  Window level preset 4
CT total body
Window level preset 1
Export tab  Open external 3D application
Window level tool
CT thorax  Window level preset 4
Window level preset 4  Window level preset 3
MR thorax
Viewer rendition
Window level preset 4  Window level preset 7
Coronal plane  Axial plane
Mark as key image  Mark as key image
MR abdomen

Support
1193
996
982
960
926
807
784
778
673
604
542
535
519
505
500
452
444
440
425
416
386
377
371
360
356
326
314
313
304
280
279
273
263
258
256
253
244
240
238
231
229
229
229
226
223
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46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62

MPR  Window level preset 8
CT abdomen  MPR
DX pelvis
CT spine
Open PMA  Open PMA  Open PMA
Window level preset 7  Window level preset 7
MIP
Window level preset 8  Window level preset 8
Window level preset 4  Window level preset 8
Automatic registration
Window level preset 9
Coronal plane  Coronal plane
DX spine
DX foot
Window level preset 6
Line measurement  Mark as key image
Coronal plane  Sagittal plane

222
221
221
215
215
212
211
210
210
210
207
206
205
202
202
200
200

Note that the logging tool only logged the action of opening the PMA. The actual
PMA usage frequency was therefore higher than the pattern data suggest, because
many users use the PMA in strip mode or display it on a second monitor which
means they do not have to open it every time they need it.
Pattern 10 shows that users often selected the pointer function, which changes
the function of the left mouse button back to the default mouse cursor. The reason
for this is that functions that change the mouse cursor behavior (e.g. line
measurement, zoom, pan) stay active until another function that changes the
mouse cursor behavior is selected. Users select the pointer function, which in itself
is useless, to deactivate other functions.
Pattern 29 shows that users often use the pointer to deactivate the line
measurement function. The fact that the line measurement function stays active
until it is deactivated could be useful when users have to perform multiple
consecutive measurements. However, the pattern data show that performing one
line measurement in a review is more common than performing multiple line
measurements (Line measurement, support = 982; Line measurement
 Line measurement, support = 280; Line measurement  Line
measurement  Line measurement, support = 110). In the 982 reviews
in which users made a line measurement, they only made more than one line
measurement in 280 reviews. Therefore it would be better to automatically
deactivate the function after one use.
Pattern 25 shows that users often open an external 3D application. Most of this
application’s functionality is also available within the PACS. The fact that users
spend additional time and effort to load the patient images into this application
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indicates that the PACS’s built-in 3D functionality does not allow users to
effectively perform certain 3D-related tasks.
Patterns 26, 27 and 28 show that users often switched to other tabs in the
toolbar. This indicates that they underuse the PACS’s possibility to add frequently
used functions to the customizable toolbar tab (My Tab) and right click menu,
which would eliminate the need to switch between the tabs. Pattern 36 shows an
example of a function that would be useful to have in the customizable toolbar for
many users. Of the 356 times users opened the external 3D application, they did so
by first switching to the export tab, in which this function is located, 253 times.
Table 2 shows the usability issues identified based on the log data analysis and
related issues identified in the field study [5]. All usability issues identified based
on the log data were also found in the field study. The field study revealed more
detailed information about the issues regarding the display protocols and 3D
functionality. In total, four usability issues were identified based on the log data
analysis compared to 48 in the field study.
Table 2. Usability issues identified based on the log data analysis and related issues identified in the
field study.
Log data analysis – usability issues

Field study – related usability issues





The display protocols do not function
properly.










The line measurement tool stays active until
another tool is selected, while it would be
better to deactivate it after one use.



There are no appropriate display protocols
for some types of studies (e.g. brain MRI and
musculoskeletal studies).
Display protocols treat digital radiography
and computer radiography studies as
different studies, while they are equivalent to
the user.
Display protocols do not recognize relevant
images within a study that consists of
multiple body parts (e.g. CT abdomen images
within a CT total body study).
Display protocols do not recognize studies
received from other hospitals.
If there is a study (e.g. a lumbectomy)
between the current and the previous
mammogram, the mammography display
protocol displays this study instead of the
previous mammogram.
Measurement tools stay active until another
tool is selected. This requires an additional
user action and often leads to accidental
measurements.
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The 3D functionality does not allow users to
effectively perform certain 3D-related tasks.




















Users
underuse
the
customization
possibilities of the My Tab/right click menu.



The scroll bar disappears when switching
between 2D and multi-planar reconstruction
(MPR)1 mode.
When two series have been registered and at
least one of them is an MPR, scrolling in the
MPR series results in a lag in the other series.
Getting two multi-view MPRs next to each
other is cumbersome and counterintuitive.
In multi-view MPR mode, when users adjust
the angulation of the planes and drag a
different plane into the main viewport, the
angulation is reset.
In multi-view MPR mode, users can only
rotate the plane that is in the main viewport.
This means that they have to drag a plane
into the main viewport in order to rotate it.
The planes in multi-view MPR mode move
independently of each other. This makes it
difficult for users to judge whether they have
adjusted the angulation correctly.
Switching between planes in multi-view MPR
mode is inconvenient. Users have to drag the
plane they want to view to the main viewport
by a small action region in the top left of the
plane.
In multi-view MPR mode, the plane rotation
symbol often fails to appear, which means
that users cannot rotate the plane. If users
move the plane once, the rotation symbol
does appear.
There is a significant lag when interacting
with 3D reconstructions, especially when
zoomed in.
Many users are unaware of the My Tab’s
customization possibilities, while they
indicated that they would find them useful.

Discussion
In this study, we performed a post-deployment usability evaluation of a PACS client
based on an analysis of user interaction log data. We used a data mining technique
called closed sequential pattern mining to automatically extract frequently
1

MPR is the most frequently used 3D functionality. The PACS evaluated in this study has two MPR
modes, which we refer to as MPR and multi-view MPR. The former displays one anatomical plane at a
time and allows users to switch between the planes. The latter displays the three anatomical planes
simultaneously.
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occurring interaction patterns from the log data. These patterns were used to
identify usability issues with the PACS. In order to assess the relative usefulness of
this approach, we compared the results of this evaluation to the results of a field
study based usability evaluation of the same PACS client [5].
The log data analysis revealed four usability issues with the PACS, compared to
48 issues that were identified in the field study. Previous usability evaluations
based on log data analysis also identified modest numbers of usability issues
(fourteen issues with an e-mail application [14], nine with an e-learning application
[13], two with the Ryanair and Journey Planner websites [16], and one with the
Skyscanner and TU/e websites [16]). However, because these studies used log data
analysis as the sole method of usability evaluation, they do not provide insight into
the relative effectiveness of this approach. Our results indicate that log data
analysis is an ineffective approach for identifying usability issues compared to a
field study.
The field study also yielded more detailed information about the usability issues
than the log data analysis. Two of the four issues identified based on the log data
were actually compound issues consisting of multiple more specific issues. These
compound issues are not directly actionable (e.g. what changes need to be made to
address the issue that ‘the display protocols do not function properly’?) and
therefore require a more in-depth follow-up evaluation.
Considering the limited resources available for usability evaluation, a log data
analysis could be useful as a preliminary analysis that guides the collection of other
sources of usability data. This could focus other usability evaluation methods on
aspects of the system with which a large number of users exhibit suboptimal
interaction patterns.
For the issue regarding the continued activation of the measurement tools, the
log data analysis was more actionable than the field study. Comments from the
PACS vendor revealed that the activation behavior of the measurement tools could
be customized, thereby solving the issue (none of the users in the field study were
aware of this possibility). The data from the field study suggested that it might be
more appropriate to change the default setting of the measurement tools to
‘deactivate after one use’. However, because this has negative consequences when
users perform multiple consecutive measurements, and the field study did not yield
any information about whether single or consecutive measurements were more
common, the optimal setting could not be determined. The log data analysis on the
other hand, did show that single measurements are far more common than
multiple measurements, and suggests that the optimal setting is therefore
‘deactivate after one use’.
An interesting possibility that could solve usability issues caused by suboptimal
configuration is to use the log data to automatically provide user-specific
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customization support. For example, based on users’ log data, the PACS could
automatically suggest that users should add a specific frequently used function to
the customizable toolbar, or that they should change the default activation behavior
of the measurement tools. If user interaction related to the arrangement of images
on the screen would be logged, the PACS could even suggest the most effective
display protocol for a given study for a specific user. A preliminary version of such
adaptive customization support in a radiology setting already produced promising
results [22]. However, more research is needed to truly determine the effectiveness
of this approach.
An important limitation of log data analysis is that it reveals what users are
doing, but not why they are doing it. The log data therefore leave a lot of room for
interpretation. For example, we interpreted the high usage frequency of the PMA as
an indicator that the display protocols were not functioning properly. This
interpretation was confirmed by the field study, but it could very well have been
incorrect. Maybe users just prefer to arrange the images manually. Or maybe they
open the PMA because it contains important information about the patient
(although this does not explain why they open it multiple times during one study
review). We believe that this difficulty in inferring the cause of interaction patterns
makes it vital to supplement log data analysis with observational usability
evaluation methods, in order to check whether the conclusions drawn from the log
data are actually valid.
Another limitation is that the scope and nature of usability issues that can be
identified based on log data analysis depend on the quality and level of abstraction
with which the interaction information was logged [6]. Some aspects of interaction
are difficult, if not impossible, to log properly (e.g. interaction with images), which
seriously hampers the ability of log data analysis to detect issues with these
interaction aspects.
To the best of our knowledge, this study was the first to use the closed
sequential pattern mining technique for usability evaluation. This approach is
similar to using other data mining techniques (e.g. association rule mining [23,24],
sequential pattern mining [25,26], maximal repeating pattern analysis [9]), but it
has some advantages. First, it only mines closed patterns, which leads to clean
output (without irrelevant non-closed patterns). Second, the user actions within the
patterns it generates are sequential, but not necessarily consecutive. This allows for
the detection of patterns in which an action eventually leads to another action. It
does not matter how many irrelevant actions occur in between. We found these
properties useful during our usability evaluation.
A difference between our study and previous usability evaluations based on log
data analysis is that they analyzed log data of users performing pre-defined tasks
(nine tasks in [14], six in [13] and one to three in [16]), whereas we analyzed the
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data of users performing their daily work in an unconstrained fashion. The
advantage of using pre-defined tasks is that the tasks corresponding to users’
interaction patterns are known. This simplifies the data interpretation, because the
observed interaction patterns for a given task can be compared to the optimal
pattern to perform this task. Deviations from the optimal patterns then indicate
usability issues (note that these still have to be verified with observational data).
However, the disadvantages are that the evaluation is based on artificial rather than
naturally occurring tasks, users have to take time off from their daily work to
perform the tasks, and the evaluation cannot identify issues with aspects of the
system that were not interacted with during the tasks. We believe that these
disadvantages outweigh the advantage and that logging natural interaction is
therefore preferable over logging task-based interaction. We have demonstrated
that meaningful interaction patterns can be detected in log data of natural
interaction.
A potential source of bias in our study is that we performed the pattern mining
on a single database consisting of the interaction sequences of all users. This means
that the mined patterns could theoretically come from a single user that was
therefore overrepresented in the interaction sequence database.
In the design phase of the study, we considered an alternative approach to
eliminate this potential bias: (1) construct a database of interaction sequences for
each individual user; (2) for each user, perform the pattern mining on his or her
database with a minimum support of x % of the total number of interaction
sequences in the database, where x is an empirically determined constant that is
the same for all users; (3) combine the patterns of the individual users into a single
set of patterns.
While this approach eliminates the possibility that all patterns come from a
single user (or a handful of users), it introduces several new problems. First, it is
possible that meaningful patterns are missed in step 2. For example, consider a
pattern that occurs for all users, but falls just below the support threshold for each
individual user. This pattern would not be included in the combined set of patterns
in step 3, whereas it would have been included if the pattern mining was done on a
combined sequence database of all users. Second, the combination of the patterns
of the individual users into a single set of patterns in step 3 also introduces a
potential bias. If equal weight is given to the patterns of each user, users with a
small sequence database (who maybe only used the PACS client once) are
overrepresented. On the other hand, if the weight given to each user’s patterns is
proportional to the size of his or her sequence database, we have a similar bias to
the one we were trying to eliminate, namely that users with a large number of
interaction sequences are overrepresented in the combined set of patterns. This
approach also has the practical disadvantage that it makes the pattern mining
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process more complex and more computationally expensive. We concluded that the
new problems this approach introduces do not outweigh the potential bias it
prevents. We therefore decided against this approach.
A limitation of our study is that we only evaluated the usability of one
application, we only used one log data analysis method, and we only compared the
log data analysis to one other usability evaluation method (a field study). Although
this provided meaningful insights into the relative usefulness of the log data
analysis approach, more empirical research on log data analysis for usability
evaluation is needed to obtain a more robust body of results. Future research
should ideally compare multiple methods of log data analysis to multiple other
usability evaluation methods for a variety of applications. Although it is not feasible
to cover all of these aspects in one study, each study that covers some of them adds
to the amount of empirical data on the usefulness of log data analysis for usability
evaluation.
Although the usability issues found in this study are most relevant for the
particular application we evaluated, they are definitely not limited to this
application alone. The data on the display protocol issue are relevant for any PACS
that uses display protocols, the data on the line measurement issue are relevant for
any application that allows users to measure on images, and the finding that users
underuse the customization facilities is relevant for any application with an
adaptable interface. Furthermore, our study can serve as a useful guide to people
who want to use log data analysis for usability evaluation of any application.

Conclusion
Post-deployment usability evaluation based on pattern mining of user interaction
log data provides useful insights into the way users interact with the radiology
PACS client. However, it reveals few usability issues compared to a field study and
should therefore not be used as the sole method of usability evaluation. It can
however be a useful addition to other usability evaluation methods, because the log
data can be used to guide the collection of other sources of usability data, to obtain
an accurate estimate of an issue’s frequency of occurrence, and to determine the
optimal default configuration settings.
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