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ABSTRACT
When testing usability of applications, it is often needed to analyze behavior of users in terms of
identifying their activities. The activity may be that the user is working on the assignment without
problems, is searching for something, is absolutely lost in user interface, is filling a form, is studying
the manual, etc. Identifying of the activities is usually done by tagging a video and audio record of the
testing, optionally together with visualization of eye movements (eye tracking). It is a very timeconsuming work for the usability experts. When testing in a specialized laboratory, we can obtain data
from various measurements. Besides audio-visual record, data from eye-tracking, click tracking and
keyboard tracking can be analyzed. Moreover, we can engage biometrical data such as pulse, skin
temperature, humidity, hand movements, etc. The research question of the paper is whether it is
possible to analyze all the data and develop methods and algorithms to automatically identify the user
activities. We have performed several experiments in the specialized laboratory for usability testing.
The paper describes the research design, experiments, methods of data processing and analysis.
Finally, first conclusions and findings are discussed, as well as forthcoming research. The proposed
research can be generalized to usability of any products. For example, using glasses for eye tracking
and smartwatches, it is possible to conduct usability research of agricultural machinery.
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1. INTRODUCTION
In general, usability can be defined as the ease of use and learnability of a human-made object. In
software engineering, the usability is defined by ISO 9241-11 as “the extent to which a product can be
used by specified users to achieve specified goals with effectiveness, efficiency and satisfaction in a
specified context of use” (IDF, 2019). Usability plays an important role in selling any products, whether
it is software or equipment for precision farming (Jarolimek et al., 2019). In computer sciences,
usability is often extended by using a broader term User Experience (UX) (Benda et al., 2017).
Software products are becoming increasingly complex and it is necessary to consult their development
with target group. Therefore, testing usability with end-users has become very important. The testing
which utilizes end-users as test subjects can be divided into two basic techniques, testing remotely and
laboratory testing (Rubin and Chisnell, 2008). Distance testing requires that the users first start a
support application that records their actions (Atterer et al., 2006). Moreover, distance testing tends
to run into unexpected problems that complicate the process (Kaikkonen et al., 2005). The second
mentioned method appears as preferable for many cases. For laboratory testing, users are located
centrally in one place. Hardware and software testing requirements are thus secured by equipment in
the test lab.
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The complexity of the gathered data is constantly rising as new testing techniques are being
implemented. A visual form, such as audiovisual records, is a typical style of output when performing
a usability testing in laboratory. Analysis of such data is highly time-consuming (Prasse, 1990). In
contrast of quantitative data, it is not yet possible to algorithmically analyze the audiovisual outputs
or transform them into such form. Therefore, researchers have to perform a thorough review and
analysis of the recordings. When testing higher amount of users and tasks, the time consumption of
the analysis is astronomical (Nørgaard et al., 2006).
When testing usability of applications, it is often needed to analyze users’ behavior in terms of
identifying their activities. The activity may be that the user is working on the assignment without
problems, is searching for something, is absolutely lost in UI, is filling form, is studying the manual, etc.
The outputs then can be easily visualized using various technics such as pie chart. The pie chart has a
significant predictive value and can be easily understood by management workers. The time
consumption of the user activities is important, for example, in decision making about the usage of the
tested software (Harel et al., 2008). The Department of Information Technologies at CULS in Prague
used this type of output to support various usability research studies for the Czech Ministry of
Agriculture and the Ministry of the Environment. This type of analysis usually needs to employ a log of
the desired user activities. This can be achieved by the pre-analysis of the user activities during the test
followed by detailed tagging of the testing video recording (Wynn and Still, 2011). However, this type
of analysis has to be done manually by the usability experts. It is a very time-consuming activity. Some
usability test may last dozens of minutes. Many parts of the video recording need to be reviewed
repeatedly. One of the possible solutions to this critical problem is some kind of automatic processing
of the video recordings, and auto-tagging of the user activities (Petropavlovskiy and Nefedova, 2017).
Recently, there have been a lot of new advanced methods and technologies for usability testing in a
laboratory. The gathered data are highly valuable for understanding users’ behavior (Çakar et al.,
2017). Besides the audiovisual recordings, it is possible to track the user input (e.g. click tracking and
keyboard tracking). It is possible to visualize and analyze the user behavior using eye tracking
equipment (Hild et al., 2012) which can provide additional valuable insights (Wang et al., 2019).
Moreover, it is possible to get various biometrical data. These data can enrich the overall picture of
users’ experience such as stress or emotions (Mirza-Babaei et al., 2011). In regard to such data volume
and its complexity, there is a problem with the processing and transformation into a necessary form
for testing hypotheses and drawing conclusions. Manual processing of such data is very difficult and
often not suitable for real scenarios.
The objective of the paper is to introduce a methodology for the research to find methods and
algorithms for automatic data processing. The output should be a correct identification of the user’s
activities during usability testing. The research is currently conducted at the Department of
Information Technologies at CULS Prague.

2. METHODOLOGY
Currently, self-developed software is used to analyze the video record and tag the user activities,
named VEA-UX. It supports definition of custom activities, option to save the project for later work,
and dividing tagger’s workload into sections. The sections mostly serve as checkpoints for the tasks
which users have to perform during the testing. The application works on a slightly different principle
than other similar software. The events are marked when they conclude. This approach helps to save
time needed for the analysis. It avoids excessive rewinds to the beginning of the activity. The software
also supports backward editing of any tagged events and sections. The capabilities of the software are
illustrated in a Figure 1. Despite the fact, that the VEA-UX application can save time for the analysis, it
is still time-consuming. Nevertheless, the VEA-UX will be used later for evaluation.
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Figure 1. VEA-UX software used for tagging user activities from a video recording

Experiments
The proposed methodology consists of several steps. First of all, some experiments were carried out.
At the Faculty of Economics and Management, specialized laboratory for usability testing (HUBRU –
Human Behavior Research Unit) was used. The laboratory is equipped with computers, devices for eye
tracking, and advanced recording equipment.
For the first set of experiments, testing environment in Moodle was created. It consisted of a copy of
the existing course taught by the Department of Information Technologies. The testing scenario
consisted of 5 tasks, ranging from very easy to difficult to accomplish. The tasks for users were as
follows:
1. Find and write down at what time the Lectures are held.
2. Find out who attends the course with you. Choose one of your fellow students and send him
a message.
3. Hide or show some item from a course.
4. Create a new topic in the course. Add to the topic some file material.
5. Change overall score (grade) of a student named Michael White to 200 points.
Eight users were tested to get the first results. The test group contained users with no experiences
with Moodle as well as students with some knowledge about its functions, and experienced teachers.
To gather the data for later analysis, the Tobii Pro X2 (60Hz version) eye tracker together with click and
keyboard tracking, and Huawei Watch 2 were used. A very important setup which needs to be done
before such testing, is to synchronize the times across devices. The synchronization is necessary to
properly merge the data from different sources. We also placed a smartwatch on users’ dominant hand
(which they use to control the mouse). This setup optimizes the use of accelerometer and gyroscope
data.

Data preparation
The eye tracking data together with click and keyboard tracking data were gathered through a Tobii
Pro Studio software which operates the eye tracker device. The timestamp was retrieved from the
computer time. Data from smartwatch are retrieved via the application SensorCap. It allows to
synchronize the time with a custom NTP (Network Time Protocol) server and easily export sensor data
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in CSV format. The same NTP server has to be set on the computer with eye tracking. Selected sample
data are shown on Table 1 – eye tracking, and in Table 2 – smartwatch.
Table 1. Sample data from eye tracking (selected columns)
Recording

Local

GazeEvent

GazeEvent

GazePoint.

Timestamp

Timestamp

Type

Duration

Index

23
39
57
73
90

15:18:42.210
15:18:42.226
15:18:42.244
15:18:42.260
15:18:42.277

Fixation
Fixation
Fixation
Fixation
Fixation

400
400
400
400
400

…
1
2
3
4
5

…
…
…
…
…

Table 2. Sample data from smartwatch - heartrate
eventTimeNanos

deviceTimeMillis

ntpTimeMillis

7464907545779
7465931257028
7466929089111
7467999088174
7468908427913

1548771430329
1548771431353
1548771432351
1548771433421
1548771434330

1548771430044
1548771431068
1548771432066
1548771433136
1548771434045

sensorAccuracy
3
3
0
0
0

HTR
91.0
91.0
92.0
93.0
93.0

The data shown in Table 1 and Table 2 need to be joined together. Additionally, there are more
smartwatch data sets. Firstly, we used data from accelerometer sensor. The data have similar structure
as shown in Table 2. To sum up, we needed to merge three data sets – eye tracking with keyboard and
click streams, heart rate data, and accelerometer data. The problem is that the granularity is different
– the values are taken at different periods. Using Jupyter notebook and Python programming language
we developed an algorithm to merge the datasets. Using the smallest granularity according to Local
Timestamp in Table 1, the data were resampled into milliseconds. Subsequently, all three datasets can
be merged and grouped.

3. FURTHER RESEARCH
Data Analysis
Firstly, the exploratory analysis will be carried out. Correlation analysis will be used to determine
whether there are variables that can be omitted. Visualization also helps in understanding the data.
We use mostly Tableau. For the later model development, we plan to use machine learning. Therefore,
we will firstly engage statistical classification using artificial neural networks. The TIBCO Statistica
software can be easily used without further programming.
During the analysis, the input data sets will need to be adjusted. Several factors need to be considered.
The input variables are the most significant for the result. Other variables can be computed, for
example delayed values can help to recognize longer activities.
The data, which has been gathered, can serve as a good basis for further research. Very important
factor is to properly prepare the testing environment as well as the tasks for the users. Additional tests
with users will be done according to the data analysis. We have other smartwatches available. It is also
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possible to use dedicated equipment for biometric feedback. It can measure additional values such as
skin temperature, skin conductance, motility, and advanced pulse data.

4. CONCLUSIONS
When finished, the proposed research and its output methods can help to save time during usability
research studies. The methods and algorithms will be able to automatically identify the problem parts
of the tested software. This can help, for example, in backwards analysis of the video records to identify
the problem parts. Usability experts can then focus only on the most important aspects of the tested
product. In some cases, it is required to analyze the effectivity of using the product. We can identify,
when users spend too much time by searching, navigating, or by other activities which are not
productive. The results of such usability studies can be delivered in a radically shorter time.
The proposed research can be generalized to usability of other then software products. For the tracking
of eye movements, it is possible to use special glasses such as Tobii Pro Glasses. The user does not have
to be at a fixed position in front of the computer or other device. For example, farmers can wear the
glasses when operating a tractor, harvester, etc. Together with the use of smartwatches, users can
wear the equipment for a longer period of time and in a real, natural environment. The testing would
not be affected by any interference or stress caused by the unnatural environment in a laboratory. To
analyze testing of such length, the use of traditional video analysis methods would be time-consuming,
economically inefficient, and therefore ill-advised.
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