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Abstract. The foundation of self-adaptive systems is sound elicitation of the 
input for the adaptation algorithm. If the input of the adaptation is not reliable, 
the resulting adaptation will not be reliable either. Especially if the aim is to 
adapt to the user, the information probably stems from unobtrusive measures 
but still needs to be reliable. Thus, this paper describes a controlled experiment 
conducted to investigate in four hypotheses how to make miscellaneous 
interaction information (which is available anyway) interpretable. These four 
hypotheses concern three aspects: precision of the interaction step, bias 
according to right-/left-handedness, and bias of the interaction element. A total 
of 33 participants were involved. All four hypotheses could be strengthened at a 
high level of significance. 

1 Introduction 

Traditionally, the interaction loop that describes human-computer interaction consists 
of a human action and the functional reaction of an information system. Approaches 
for self-adaptive systems (SAS, see Fig. 1) extend this model by adding the user’s 
performance with which the particular action is performed and describe the behavior 
of the SAS as a non-functional reaction of the information system in order to adapt 
itself [1,10]. The trigger of the interaction is the user who has a specific intention. To 
implement this intention, the user possesses specific skills that are used as well as 
abilities that influence the quality of the execution. In combination, these result in a 
certain performance with which the action is then executed. Vice versa, by 
interpreting the performance, the idea is to draw conclusions about the user’s skills 
and abilities.  

SAS that adapt to the user already do exist, but they demand explicit information 
before they can perform the adaptation. Basically, there are two ways of how this can 
be done: (1) performing user tests and (2) using additional (obtrusive) sensors. A 
representative for the first case is SUPPLE++. Prior to the interaction, the user has to 
perform ability tests (e.g., concerning precision and performance), after which the 
user interface will be adapted accordingly [4,5,6,7]. A representative for the latter 
case is MyUI, where (in addition to user tests) additional sensors are used to 
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determine the user’s characteristic [11]. The advantage is that sensors providing a 
high level of detail can be used. The disadvantage of both approaches is their 
obtrusiveness, since either users are directly exposed to their abilities, or they are 
aware of that there is surveillance and therefore act differently (i.e., the Hawthorne 
effect). 

 

Fig. 1. Interaction loop distinguishing between functional action and non-functional action [1] 

As motivated above, it is also possible to evaluate the data that can be observed 
during the interaction itself. To gain a better understanding, several models 
characterizing the performance of the user interaction need to be discussed. The 
available models can be described in three categories: 

• Conceptual models: These models are used to describe and understand the human 
interaction itself (e.g., Model Human Processor [2]). 

• Constructive models: The content of constructive models is the predicted or 
calculated behavior of the users. These models are used to simulate usage (e.g., 
based on keystrokes [3]). 

• Analytical models: During runtime, these models are filled with data in order to 
analyze the interaction (e.g., MyUI [11], or skill models [8, 9]). 

For our controlled experiment, analytical models are of interest. In current models, 
predefined information is collected. In the case of the skill model developed by 
Ghazarian and Noorhosseini, there are four metrics of interest: task completion time, 
pause, mouse motion, and interactor [8]. Since many metrics are strongly related to 
the interaction task to be performed, there is a need for more generic metrics that can 
be used in a broader context. 

With regard to task-related metrics, there is the assumption that aspects such as 
precision can actually be measured. This leads to the hypothesis that the action is 
(with some variance) predictable. On the other side, interaction-design-related aspects 
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can also impact the execution of the performance. A famous example is the influence 
of handedness on optimal design. At any rate, contextual influences need to be 
considered during the interaction, which can influence the result and explain the 
deviation of the results from the expectations. An example is the role of labels 
presented on the interaction objects – which impact precision.  

2 Hypotheses  

To investigate these assumptions, four hypotheses were constructed that will be 
explained in the following. 

2.1 Hypothesis 1 – Precision 

Overall, the user only interacts with a subset of the available interaction area. 
Additionally, the user will tend to always interact with almost the same area within 
the available interaction area. Therefore, the hypothesis is that all the measured 
interactions will be concentrated within a subarea 25%  of the available 
interaction area. 
 1 :  1 :  

2.2 Hypothesis 2 – Handedness via Centroid 

When considering the centroid of the cloud of interaction points within an interaction 
object, the centroid can be calculated. It can be assumed that users will execute a 
certain interaction in a cost-efficient way. Therefore, the hypothesis is that the 
centroid will be oriented towards the user’s interacting hand. This means in case of 
right-handed test persons that the majority ( 50%) of centroids will be located on 
the right side of the interaction object. 2 :  2 :  

2.3 Hypothesis 3 – Handedness via Precision 

It can be assumed that the precision of the interaction with available interaction 
objects will differ according to their position on the user interface in relation to the 
interacting hand. The hypothesis is that users interact more precisely the closer  
the interaction object is located to the interacting hand. In case of right-handed users, 
the relation of the interaction area used to the interaction area available is significantly 
higher on the left side of the screen than that of areas located on the right side of the 
screen. 3 :  3 :  
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2.4 Hypothesis 4 – Icon Bias 

It can be assumed that the interaction is influenced by contextual factors, such as the 
interaction object itself. Thus, the hypothesis is that the label/icon of the interaction 
object has an influence on the location of the centroid. The distance between the 
label/icon is less than 25% of the diagonal of the interaction object. 4 :  4 :  

3 Experimental Design 

This section contains the description of the experimental design, which consisted of 
apparatus, participants, and expected validity. 

3.1 Apparatus 

Calculator software was used to conduct the experiment. This particular calculator is 
able to detect the exact point of interaction along with a time-stamp. Thus the 
interaction can be analyzed in every detail. Fig. 2 shows on the left side the calculator 
software as presented to the participants. It contains all the buttons of a simple 
calculator, and the participants were familiar with its functionality and layout and 
therefore did not need any training. Further, the tasks of the test were also quite 
simple, as they merely involved entering numbers and the corresponding 
mathematical operations. In total, 104 such tasks ensured an even distribution of 
interactions with every available interaction object. One concrete task always 
consisted of two three-digit numbers combined with one operation and the 
participants had to check their result against the one provided. In case there was a 
deviation, they were to repeat the task. Fig. 2 depicts on the right side a preview of the 
evaluation of the results as a visualization of the detected points of interaction. 

 

Fig. 2. Calculator software: (left) as presented to the participants, (right) visualizing the 
gathered point of interaction of each interaction object 
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The calculator runs on 10-inch tablet PCs (s. Fig. 3, various products of the vendor 
Paceblade equipped with a resistive touch screen). As shown in Fig. 3, during a test 
run the participants were sitting at a desk, with the tablet PC on the desk along with 
the list of tasks. The arrangement on top of the desk was their choice. This setup 
along with the tasks ensured that the participants were completely unaware of what 
was being tested. 
 

 

Fig. 3. Participants executing the tasks: entering the list of mathematical calculations 

Within the experiment, the following variables were of interest: 

• Control variables: The calculator software as well as the list of tasks was always 
the same. 

• Independent variables: The participants differed in terms of age, education, or 
impairments. 

• Context variables: The participants were executing the tasks while sitting at a 
desk, with the tablet PC on top of the desk. Help was available during every test 
run (in terms of a tutor), but was not used. The participants were not confronted 
with anything that would have distracted from conducting the tasks. 

• Dependent variables: Relation between the interaction area used and the total 
interaction area available, centroid of the interaction area used, timestamps, id of 
each interaction object. 

3.2 Participants 

Most of the participants were recruited at the computer science department of the 
University of Kaiserslautern, Germany. In total, 33 participants (all of them male) 
were recruited, aged between 18 and 51 years (s. Fig. 4, average 23, median 20). Out 
of the 33 participants, 25 were undergraduates (bachelor students), two of them were 
graduate students (master students), and four of them were scientists at the computer 
science department (PhD students). Also, two non-professionals were recruited who 
are related to one participant. 
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Fig. 3. Distribution of the participants with respect to their age 

Only three of the 33 participants were left-handed, which led to the decision to 
omit hypotheses concerning left-handedness. The results concerning left-handed 
participants would have been without any statistical significance. 

All cases of (minor) short- or farsightedness were compensated by glasses or 
contact lenses. 

All the participants were tested for cases of impaired color perception. Actually, 
two participants were red-green blind, but this did not have any effect on the test or 
the interpretation of the results. 

Only two of the participants were not familiar with touchscreens as they do not use 
such devices on a regular basis. But they did not have any problems using the 
calculator. 

3.3 Validity 

In order to be able to use the interpretation of the results, internal validity (according 
to the setup), external validity (according to the execution), and threats to validity 
need to be reflected on: 

• Internal validity: No training was necessary, as all participants were familiar with 
calculators in general. Due to the setup, all of them were completely unaware of 
what was being tested. The implementation of the calculator also produced 
(mathematically) correct results. 

• External validity: Most of the participants were within the same age group, but a 
few outliners were also included. They were not affected by anything that could 
have had an impact during the test. They did not ask for help, nor did they need 
any help to successfully execute the demanded tasks. 

• Threats to validity: As mentioned above, there are two major threats: the entire 
test population was male, and there were only three left-handed participants.  
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4 Interpretation of the Results 

The interpretation of the results will be clustered analogously to the structure of the 
hypotheses. Because of the expected string effect of the result and the number of the 
participants, a significance level of 0.01 can be expected. All of the numerical 
evaluation was processed by SPSS. 

4.1 Hypothesis 1 – Precision 

After evaluating the measured values, the observed average is 0.075 with a 
standard deviation of 0.0177. 

As a precondition for applying a one-sample t-test, the data needs to be normally 
distributed. This is shown by executing a Shapiro-Wilk test. On a significance level of 0.01, the test result is 0.906 0.965 , which indicates that the 
data is normally distributed. 

The result of the one-sample t-test is 56.622 df 32 . The corresponding 
p-value is calculated as follows: 56.622; 32 0.001 

Thus,   and the null hypothesis 1  can be rejected, which strengthens the 
hypothesis. 

This means that there is a strong indication that users tend to activate a particular 
interaction object always in the (almost) same spot. There are various benefits of this 
knowledge. First, there is the possibility to use this data in general. Second, a change 
within precision over time may mean that the user’s abilities have changed. Third,  
the knowledge of this pattern can be used to interpret available data in a more  
fine-grained manner, e.g., Hypotheses 2 and 3. 

4.2 Hypothesis 2 – Handedness via Centroid 

For this hypothesis, a one-sample binomial-test needed to be performed. The 
expectation was  0.5. In 27 cases (out of 30 right-handed participants), the 
centroid was located on the right side of the interaction object ( 27). 

The result of the binomial test is as follows: 

; 0.000 

Thus,   and the null hypothesis 2  can be rejected, which strengthens the 
hypothesis. 

This indicates that there is a strong relation between handedness and the position of 
the centroid, which means that users tend to execute interaction in a cost-efficient 
manner. 
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4.3 Hypothesis 3 – Handedness vial Precision 

After evaluating the measured data, the mean of the relation between the interaction 
area used and the total interaction area of interaction objects on the left side of the 
screen is 0.082 ( 0.022) and the corresponding mean for interaction 
objects on the right side of the screen is 0.067 ( 0.022). 

Both sets of samples need to be normally distributed in order to be able to apply a 
two-sample t-test. On a significance level of  0.01, the Shapiro-Wilk test results 
for objects located on the left side of the user interface in 0.9060.935 - On a significance level of 0.05, the Shapiro-Wilk test results for 
objects located on the right side of the user interface in 0.906 0.965

. This indicates that both sets are normally distributed. 
The two-sample t-test results in: 2.768;  df 29 

According to this, the p-value was calculated as follows: 0.010 

Thus,  and the null hypothesis 3  can be rejected, which strengthens the 
hypothesis. 

This indicates that users tend to execute interaction more precisely the shorter the 
distance to the final destination. 

4.4 Hypothesis 4 – Icon Bias 

After evaluating the measured data, the calculated average is 0.092  with a 
standard deviation of 0.032. 

As a precondition to applying a one-sample t-test, the data needs to be normally 
distributed. On a significance level of 0.01 , the Shapiro-Wilk test results in 0.906 0.918 , which indicates that the underlying data is normally 
distributed. 

The result of the t-test is: 38.927;  df 32 

According to this, the p-value is calculated as follows: 38.927; 32 0.001 

Thus,   and the null hypothesis 4  can be rejected, which strengthens the 
hypothesis. 

This result indicates that there is a strong relation between an icon or text that is 
displayed on the interaction object and the position at which a user tends to trigger 
this interaction object. 
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5 Summary and Future Work 

There is no need to obtrusively measure the interaction using tests or sensors in order 
to determine a user’s performance. The overall hypothesis of this paper was that 
information that can be elicited during runtime without any further sensors can be 
interpreted in order to characterize the user. 

Therefore, this paper described a controlled experiment that was conducted in 
order to evaluate whether: 

• Interaction is a matter of habit – If the user always (or often) tends to activate an 
interaction object in the same position, indirect metrics such as precision can be 
measured and evaluated (especially over time). For instance, if decreasing 
precision is detected, this can be compensated by appropriate adaptation measures. 

• Handedness is detectable – Due to further habits (e.g., economics of movement), 
handedness can be detected either via the shift within the position of the centroid or 
via the difference within the precision of the interaction according to the position 
of the interaction object. Once handedness can be detected (which can also 
change), the user interface, for instance, can be adapted to meet the basic 
requirements of efficient visual design (e.g., by replacing the navigation bar). 

• Interaction can be influenced – In case there is an icon or label displayed on the 
interaction object, users tend to be distracted and it is more likely that the 
interaction object will be activated at (or in the general area of) the position of this 
icon or label. This implies that when interpreting information gathered during 
runtime, such influencing factors need to be considered within any calculation. 

Overall, the controlled experiment that was conducted using 33 participants in the 
context of the University of Kaiserslautern was able to strengthen the four hypotheses 
at a high level of significance. 

These are important findings in the field of user interaction forensics, which will 
allow more research into areas such as adaptation according to the user’s preferences. 
There is still much to investigate, especially in terms of the gathered data. New 
hypotheses can be formulated and tested against the available data. Possible 
candidates are: 

• There is a relation between the distance of two interaction objects and 
precision. 

• There is a relation between time (beginning, middle, or end of the test) 
and precision. 

In particular with regard to self-adaptive systems that are able to adapt to the 
performance of a concrete user, this adaptation can be measured precisely and it can 
be determined whether there is a positive effect on the overall performance. This will 
be shown in future experiments. 
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