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Abstract—The understandability of source code influences
software quality, and being able to measure it could greatly
benefit software development and maintenance. There is an
ongoing debate about the validity of using software metrics for
this purpose. In this context, software developers’ cognitive load
during code comprehension is increasingly often investigated. The
concept of cognitive load provides information about the usage
of mental resources. Previous research has shown that cognitive
load is derivable from physiological measurements. This paper
proposes using wearable body sensors that can be easily deployed
in software development settings and for empirical software
engineering research to provide a cognitive perspective on code
understandability and software metrics.

Index Terms—program comprehension, code understandabil-
ity, cognitive load, wearable sensors, software metrics

I. MOTIVATION

Today, software permeates our societies, and software de-
fects can harm every aspect of our lives, sometimes even
costing lives. Looking at malfunctioning software’s causes, we
must consider human factors during its development. One of
the major tasks software developers spend time on is code
comprehension [1], [2]. It has been shown that the compre-
hensibility of code influences, among others, software quality
[3] and the work performance of developers [4]. Methods
like think-aloud protocols, interviews, or behavioral measures
can be used to evaluate how well developers understand code
[4], [5]. However, each method has its downsides, such as
the possibility of introducing biases during interviews. A
direct, objective way of comprehensibility assessment would
be valuable.

For the quantification of software properties, software met-
rics can be used, and a subset has been developed to evaluate
the comprehensibility of source code. Others are at least often
assumed to evaluate this property [6]. Overall, software met-
rics should provide values that enable decisions, for example,
regarding the need for refactoring. However, the validity and
validation of those metrics are continuously discussed in the
literature [7]–[10]. For metrics that are thought to provide
information about the understandability of code, it seems
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logical to consider a developer-centered approach and examine
a metric’s validity from a cognitive viewpoint.

That cognitive processes play an essential role in software
engineering has been discussed from diverse perspectives [5],
[7]. An overview of cognitive concepts found in the literature
in the context of software engineering provide Fagerholm et
al. in their recent literature review [5]. One of these concepts
is cognitive load. Roughly speaking, the cognitive load a
person experiences can provide hints about how many mental
resources they have to allocate to process the information at
hand [11]. High cognitive load is associated with decreased
performance and an increased error rate [4], [12]. Thus, it
seems promising to consider this concept when evaluating the
understandability of source code and the validity of corre-
sponding software metrics.

Various studies have shown that cognitive load can be
derived from physiological measurements [13]–[15]. Physi-
ological parameters influenced by the autonomous nervous
system, such as heart rate (variability), electrodermal activity
[15], and eye/pupil movements [14], allow conclusions to
be drawn about the cognitive load experienced. Even brain
imaging measurements can be considered. For example, the
brain’s electrical activity that can be measured by electroen-
cephalography (EEG) was evaluated in cognitive load studies
[13]. However, factors such as noise can lead to limitations
when considering only single modalities. Compensating such
factors by taking a multimodal approach and fusing the data
from different sensors can yield more robust results [16], [17].

In this context, it is relevant to consider that wearable body
sensors are getting increasingly cheaper and more convenient.
That is true for a variety of devices. The trend even applies to
wearables with brain imaging capabilities. Such increasingly
more precise, low-cost devices that are convenient to apply
in diverse, realistic environments yield the promise of novel
insights, also for empirical software engineering research [18].

Indeed, software engineering activities are increasingly
often investigated by analyzing physiological measurements
[18], and it has been seen that the cognitive load derivable from
physiology and code comprehension success are connected
[4], [19]. Recently, studies evaluating the validity of software
metrics using such insights were conducted [19]–[21], and the
need for further studies was stated [6], [18].
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physiological evaluation of source code understandability and
corresponding metrics is increasing, further data collection,
analysis, and frameworks that support corresponding studies
are needed [6], [18]. Thus, collecting data using a low-cost
multimodal setup of sensors that can be easily applied in
software engineering research, evaluating the data, especially
considering its quality and the validity of the previously
mentioned software metrics, and creating a framework for
such a data collection and analysis are important pending
challenges. We want to focus our work on EEG, eye tracking,
pupillometry, heart rate, and electrodermal activity devices
that can be conveniently used in diverse software development
settings.

II. HYPOTHESES

The overarching claim is that (1) A multimodal setup of
low-cost wearable devices provides data of a quality that
makes it usable for the evaluation of cognitive load during
code comprehension. It thus represents a valuable addition to
the methods used in empirical software engineering research.

Narrowing down the scope and concentrating on the validity
of software metrics, we hypothesize that (2) The validation
and design of code complexity metrics can benefit from
psychophysiological evaluations of these metrics.

On a finer granularity level, we would like to investigate
the following claim: (3) Code metrics that show a higher
correlation with physiologically derived cognitive load provide
more consistent results than those with a lower correlation
regarding the comprehension performance of developers.

III. CONTRIBUTIONS AND RELATED WORK

A general overview of psychophysiological measures in
software engineering research is given in [18]. More specif-
ically, evaluating cognitive load in software engineering set-
tings using wearables without focusing on software metrics
has been looked into before [4], [22], [23]. Prior studies
also considered the validity of software metrics regarding
physiologically derived cognitive load. However, in several of
these studies, expensive or stationary devices were used [19],
[24]. Recently, some also considered this question by applying
less costly body sensors [20], [21]. However, combining brain
imaging devices and a set of further, less intrusive physio-
logical sensors was only referred to as future work [20], thus
leaving a gap concerning the use of such multimodal setups
of sensors in this field. In addition, the devices that were used
before require a considerable effort to apply and are less con-
venient than novel wearables. Last but not least, so far, in this
way, only a subset of metrics has been investigated. Overall,
data are still limited, and further research, tool support, and
data are often requested [6], [18].

Considering the related work and open questions, we want
to work on the following contributions. (1) The evaluation of
the use and utility of multimodal measurements from wearable
brain imaging and less intrusive physiological sensors in em-
pirical software engineering, especially regarding the validity
of software metrics. (2) Creating and providing a framework

for the low-cost psychophysiological validation of software
metrics. (3) The investigation of cognitive processes influenc-
ing the comprehension performance of software developers.

Concrete steps have been taken, among others, by prepar-
ing a study comparing cognitive load derived from low-cost
psychophysiological measurements with subjective perception,
behavior, and code complexity metric scores for program
comprehension tasks. The University of Potsdam ethics com-
mittee approved the corresponding ethics application so that
participant recruiting and implementing the study can start.

Devices that will be used include Emotiv Epoc-X EEG
devices, Tobii Nano Pro eye trackers, and Empatica E4
wristbands or Shimmer3 GSR+ units. In [19], Peitek et al.
evaluated, among others, the correlation of cognitive load
derived from functional magnetic resonance imaging (fMRI)
and specific software metrics. Together with their results, they
also published the materials used. To facilitate the compara-
bility between results that have been achieved by using more
expensive, stationary equipment and the results that will be
achieved using a multimodal, low-cost, wearable setup, we
plan to include the same Java code snippets and the range
of code metrics as used in [19]. The open-source software
PsychoPy [25] and Lab Streaming Layer (LSL)1 will be used
for functions such as task presentation, data recording, and
synchronization. Participation in the study will be advertised
through mailing lists and notice boards. Furthermore, we
are evaluating the inclusion of development teams from a
multinational software company.

IV. EVALUATION

The evaluation of results can be looked at on different gran-
ularity levels. The analysis of the physiological measures will
rely on previous research on cognitive load and physiology.
Overviews of corresponding research are, for example, given
in [4], [15], [18]. To give an example, for EEG data, the
evaluation of the power of frequency bands will be one of
the possibilities used to derive cognitive load [13]. Validated
questionnaires will be used to assess developer characteristics.
For example, for evaluating developer experience, the one by
Siegmund et al. will be used [26]. To evaluate the perceived
complexity of comprehension tasks, participants will compare
code snippets relative to each other. Furthermore, using the
NASA Task Load Index [27] is a potential further solid possi-
bility to evaluate the perceived workload. Behavioral measures
will comprise the correctness of answers and the time taken to
answer questions. In the concrete case of the before mentioned
study, such questions would ask for comprehending source
code by providing the output of a code snippet given its input.

To bring everything together, we will determine the infor-
mativeness of software metrics correlated with cognitive load
by calculating correlations with other measures used before
to evaluate code comprehensibility and software metrics, like
behavioral measures and perceived complexity. Then, by an-
alyzing the results and considering previous work, we will
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examine the implications for cognitive load measurement in
software development and metrics validation and design.
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