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Productivity and remote work: Can improved team cohesion
through scheduled co�ee breaks help productivity?

An in-situ study on a one-to-one co�ee-break scheduling bot.

University of Zurich
Zürich, Switzerland

University of Zurich
Zürich, Switzerland

1 INTRODUCTION
Due to the spread of COVID-19 globally, many countries instructed
companies to have their employees work remotely. Many teams
who had previously worked face-to-face were forced to adjust to
collaborating and communicating remotely, introducing several
new challenges for software developers. Researchers have already
begun studying the phenomena and its e�ects on workers in dif-
ferent aspects such as well-being, eating behaviour or physical
activity [1, 8, 46, 65]. Furthermore, multiple employees have noted
that their productivity was a�ected by the shift of the workplace as
well. To analyze this, Bao et al. performed a case study, where they
concluded that productivity was a�ected in positive and negative
ways [4], a �nding con�rmed by Russo et al. [46] who analyzed
developer well-being and productivity. Ralph et al. [44] concluded
with the help of a questionnaire survey that well-being and produc-
tivity are not only correlated, but also currently being negatively
impacted by the COVID-19 crisis. A decrease in productivity can
generally be caused by multiple factors, such as: bigger need for
self discipline; decreased collaboration with others, more loneliness,
higher burnout, more communication friction and more scheduled
meetings. [4, 50].

Whereas the previously mentioned papers look at the impact
and productivity on the individual level, Miller et al. [41] analyse
how the pandemic has negatively impacted team productivity, by
discussing how the ability to reach milestones, team culture and
communication have changed. Productivity and team factors such
as interconnectedness, team culture, team cohesion and team iden-
tity have shown themselves to be strongly correlated [60, 67]. The
term team cohesion describes the measure of attraction of the
group to its members. Highly cohesive teams are more cooperative,
e�ective and productive in achieving goals [48]. The remote nature
of WFH settings and the asynchronous collaboration sometimes in-
troduced by it, has had considerable e�ects on team related factors.
Considering that developers spend 45% of their work time collabo-
rating [22], the decreasing trend in team factors and its e�ects are
problems which we need to design solutions for.

Our research builds up on previous papers and studies on how
technology can improve productivity through supporting the afore-
mentioned negatively a�ected team factors, especially team cohe-
sion. Remote work in the software development �eld will persist,
even when companies move back on-site. The trend to work from
home (WFH) has actually accelerated through the pandemic [38]. As
Miller et al. [41] have previously noted in their study, regular WFH
is not the same as pandemic forcedWFH, however the situation still
provides us with a natural experiment for many researchers to study.

We hypothesize that productivity can be improved through better
team cohesion which can be reached with one-to-one co�ee-breaks.
Previous scholars have shown that team cohesion can be improved
through social activities such as team building sessions, physical
activity, social activities or team events [18, 51]. We distinguish
between scheduled and spontaneous meetings due to the fact that
in previous papers [4, 41, 50] it was concluded that many workers
not only dislike the high amount of scheduled meetings but that
it contributed negatively to productivity, and thus we hypothesize
that an spontaneous meeting will feel more natural and less for-
mal for participants. We pose the following research questions (RQ):

• RQ1: Can one-to-one co�ee-breaks improve team cohesion?
• RQ2: Can the perceived productivity be improved through

better team association caused by one-to-one co�ee-breaks?
• RQ3: Do spontaneous co�ee-breaks have a bigger impact as

opposed to scheduled ones?

To answer our research questions, we provide an extensive liter-
ature overview on productivity, WFH, team cohesion and their
relation. This is followed by an in-situ case study, where we sched-
ule one-to-one co�ee-breaks with the help of a bot. We gather
qualitative data with the help of interviews and surveys which will
be performed at the end of the day, end of the week and post study.

2 RELATEDWORK
Related work can broadly be classi�ed into four categories: devel-
oper productivity, remote work and productivity, team factors and
social breaks.

2.1 Developer Productivity
There has been a steady incline in research around the topic of
productivity in the software development �eld, as it may lead to
faster development speed and also higher developer satisfaction
[20, 30]. One fundamental problem which keeps arising in study-
ing developer productivity is de�ning and factors that encapsulate
productivity [59]. There are several studies which explore how to
quantify productivity [17, 62, 68]. Some example of such quanti�-
cation are:

• number of tasks per month [68]
• number of source line codes per hour [17]
• ratio of written code lines and spent e�ort [25]
• days taken to respond and solve a modi�cation request [14]
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Inspired by Meyer et al. [39], this paper adopts their approach of
analysing perceived productivity, which encapsulates the devel-
opers themselves think about productive versus non-productive
work. Through observation and a wide-scale survey, they managed
to show how developers assess their own productivity and which
activities they categorize as highly productive, such as coding, and
less productive, such as meetings. There has also been work on
the predictors of productivity such as years of experience [55] or
relevant skill-sets [35] Another aspects which has gained signi�-
cant traction is work fragmentation. Not only is developer work
highly fragmented and divide in short sessions, but is also highly
interrupted due to meetings, blocking tasks and unexpected re-
quests from co-workers [39]. The impact of these factors on work
performance has been extensively studied [16, 27, 43, 56]. While
sometimes interruptions are necessary, e.g. to switch tasks in order
to unblock a co-worker, they can lead to lower performance [2].

There has been an abundance of work addressing the problem
of individual productivity through software tools and methods
[32, 40, 49, 54, 66, 69]. For instance, Young-Ho et al. came up with
TimeAware [32], a tool to increase personal productivity through
positive and negative framing of daily work activities. They con-
cluded that the negative framing had no impact, but positive fram-
ing had a positive impact. Züger et al. address productivity by
minimizing �ow interruption occurring in the o�ce with the help
of colorful lights, indicating availability or a state of �ow [69]. Tseng
and colleagues try to address the problem from a di�erent angle.
Through creating a healthy balance between work and breaks, they
try to minimize cyberloa�ng and thus improve performance [54].

2.2 Work From Home
Research on WFH has increased in the recent years [5, 19, 29, 36],
due to its many bene�ts for employees as well as for the employers.
It allows employees to eliminate their commute and save money
for food or transportation. At the same time, it allows companies
to hire the best talent from any location. Despite the many advan-
tages, there are several challenges have arisen. Workers may �nd
themselves working increased hours [19] and thus increase the risk
of burnout or developer disengagement [37]. Teamwork can be
signi�cantly impacted by remote work [9, 24, 61]. Wagstrom et al.
found the temporal distribution of teams had a signi�cant negative
impact on communication response time [61]. Furthermore, Butler
et al. further studied the challenges faced by developers during the
pandemic and their correlation to job satisfaction. They found out
that two of the biggest challenges were an overload of meetings
and feeling overworked [11].

In addition, WFH has been found to have an impact on indi-
vidual software development productivity. The majority of work
the authors could �nd focused on improving productivity through
tools of individuals one-site, and only a few qualitatively or quan-
titatively analysing productivity in remote settings [3, 13, 33]. To
the authors’ best knowledge, there have only been a few studies
which speci�cally address developer productivity in remote set-
tings [4, 20, 44]. Raph et al. [44] conducted an online questionnaire
with over 2,000 responses from developers around the world. They
highlight how well-being and productivity are very correlated, and

currently decreasing, they set up a table of support actions em-
ployers can reference to improve worker well-being such as the
organization paying for equipment to work from home, reassurance
that they understand why their performance is currently lacking
or reassurance that they will keep their job. Through a quantitative
analysis by Bao and colleagues, they highlighted how some devel-
opers actually experienced an incline in productivity, but they also
concluded that those developers who did experience a decrease in
productivity, named the following reasons: more home demands;
a need for self discipline; and decreased collaboration with others
[4]. Smite et al. conducted a case study with a large international
company with o�ces in Sweden, USA and the UK. They specif-
ically analyzed how WFH has impacted developer productivity,
satisfaction and collaboration. They report bene�ts and challenges
and highlight problems such as more loneliness, higher burnout,
more communication friction and more scheduled meetings. They
also suggest di�erent measures to improve work culture but also
to balance individual and team productivity [50].Overall it seems
like WFH can have a positive and negative in�uence, but there are
certain factors that can steer it either way.

2.3 Team Cohesion on Productivity
Through systematic review, Wagner and Ruhe managed to show
which main factors predict developer productivity and categorized
them into technical, such as product complexity, and soft, such as
work environment. They concluded that camaraderie, team identity
and cohesion are among the main factors contributing to produc-
tivity [60]. These factors can increase individual productivity and
job satisfaction as well as the team performance [57]. Additionally,
Goncalves et al. found out that developers spend 45% of their work
time collaborating, making those factors even more relevant to be
studied [22]. Johnson et al. add to this arguing software developers
pro�t less from WFH than other o�ce jobs do, due to the impor-
tance of collaboration and communication in this �eld [28]. In a
survey conducted by Ford et al. [20], participants which reported
a decrease in “Communication ease with colleagues”, “E�ectiveness
of communication with colleagues”, “Quality of scheduled meetings”,
“Positive interactions with their team”, and “Knowledge �ow within
their team” were more likely to report lower perceived)productivity,
team productivity and work satisfaction.

Yang et al. show how individuals and teams in companies ex-
perienced a decrease in interconnectedness during WFH and also
reported a lessened strength of ties between colleagues. They also
conclude that work performance is correlated to the strength of the
ties and thus expect a decrease in productivity [67]. This con�rms
the study conducted by Waber et al. in 2010 who measured indi-
vidual, quantitative productivity of employees with and without
collective breaks in a US call center. They concluded that team
cohesion is closely and positively related to individual productivity
of the employees [58].

On a broader level, not only individual productivity has been
analysed in the remote setting, but also team productivity. As men-
tioned above, Miller et al. [41] took a closer look at the software
team’s culture and productivity during the pandemic. They realised
that important team factors, such as social connection and commu-
nication have su�ered. These factors have been proven to positively
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in�uence team productivity according to Bhardwaj and Rana [7].
Bezerra et al. [6] add that collaboration is key to improve team
communication and thereby also the teams’ productivity.

Team cohesion appears to be more important than ever in these
times, however there is a vast amount of confusing and contradict-
ing literature discussing how to conceptualize and measure team
cohesion. According to Salas et al. who conducted an exhaustive
literature research on measuring team cohesion with a focus on its
relevance for team performance, we seem to get the best results by
acknowledging that team cohesion is multidimensional, of which
the task and social dimension gives most clarity. Although it is also
multilevel, focusing on team level should provide enough insight
into the team [47]. They suggest several di�erent methods to put
this into practice: using data analysis tools to scan di�erent methods
of communication (MsTeams, Slack, etc) [10, 21, 26], using some
kind of sociometric or physiological measurements to analyze body
language and interaction behavior [21, 42], or having an external
observer to estimate a team’s cohesion [15], aside from the more
traditional metric systems like interviews and surveys. Additionally,
Salas et al. point out, that it is best to measure team cohesion over
time.

2.4 Social Breaks
There are many positive aspects of taking a break during a work
day, whether they are social breaks, individual breaks, whether it’s
a break for some physical activity or a sedentary break [28, 34, 52,
54, 58, 63]. Cambo et al. designed BreakSense, a tool to encourage
mobility during breaks [12]. Lebbon and Hurley concluded that up
to 15% of leisure time during work hours has a bene�cial impact on
productivity [34]. Wegener et al. went as far as to label breaks at
work as a dynamic boundary between work an leisure time, being
neither fully leisure and fully work [64], since they are both a place
for recreation and productivity.

Breaks can have a direct and an indirect link to an individual’s
productivity, on one hand it’s a space where ideas can be formed
informally and naturally [52] and on the other hand it’s a big fac-
tor contributing to social and personal well-being. Johnson et al.
investigated the e�ects of the workplace on productivity and found
that when software engineers take regular breaks, it increases their
motivation, productivity and morale [28] and is often mentioned as
a productivity strategy. Adding to that, co�ee breaks are a vital part
of a workday, allowing employees to talk about their work demands
and it’s an opportunity for supporting each other and forming so-
cial bonds [52, 53]. Microsoft also highlighted in their study how
these social breaks or informal and spontaneous meetings spark
creativity ideas and foster productive collaboration. However such
meetings can be harder to achieve remotely [53]. They also reported
that many missed the lack of the ’hallway chats’ and ’dropping by
someone’s desk’ during remote work. Studies report that workers
are struggling to �nd alternatives to the casual, spontaneous “water-
cooler” -conversations with other co-workers. An interesting note to
add here was that this so called "watercooler"-conversations allowed
employees to spontaneously and coincidentally meet and start con-
versations with other co-workers with whom they usually would
not plan to meet with or who happen to be in a completely di�erent
department[11, 53]. In a diary study, 67% of workers reported that

their need for spontaneous interaction was not being met during
remote work [45]. Miller et al. [41] show that this lack of informal
communication and the resulting decreasing team cohesion was
seen as negatively impacting productivity.

Waber et al. have previously found that giving employees joint
breaks versus individual breaks increases their team cohesion and
thus improves their individual, quantitative productivity. [58]. Stroe-
baek concludes that social breaks are so vital to individual and team
well-being and team performance and that they should be a part of
the daily routine in a work day.

There have been some discussions in the WFH �eld whether
scheduled social breaks solely increase stress due to the higher
workload due to the many scheduled meetings [53]. Research shows
that software developers are increasingly under pressure due to
higher amount of scheduled meetings [4, 41, 50]. In one survey of
over a hundred information workers across a variety of industries,
57% said their meeting load had increased [53]. Adding to that, the
challenge of recognizing the right time for a spontaneous break
has been proven to be di�cult as previous studies have shown
[31, 32, 54].

Thus we would like to adopt an idea previously used by Züger
et al. [69]. With the help of the status indication on their respective
work channel (e.g. Slack, Teams), we want to detect availability of a
worker in order to match them up for a co�ee-break with another
available worker. In this way, workers can be randomly scheduled
with other workers of the company, even workers who are outside
of their department. We hypothesize that this method will allow a
more accurate and natural re-creating of on-side co�ee breaks.

3 METHOD
To answer the aforementioned research questions, a qualitative in-
situ study with participants from a company still working remotely
will be conducted. Our co�ee-bot is designed to automatically sched-
ule one-to-one co�ee-breaks between two team members and of-
fer them an optional topic or a fun question (e.g. “What is your
favourite music artist?”) to talk about in order to "break the ice". As
previously highlighted, employees face a high number of scheduled
meetings during remote work. In order to analyze if spontaneous
meetings have any kind of in�uence, we will split the study into two
conditions: spontaneous and scheduled co�ee-breaks. Thus, the par-
ticipants will be split in two same sized groups A and B. To be able
to detect the in�uence of the one-to-one co�ee breaks, both groups
will be subjected to a baseline week. In this week, our co�ee-bot will
not be in use, but we will still perform our planned survey at the end
of each day to gather information on their perceived productivity
and team cohesion. This will be done with the help of likert scale
and open ended questions. Over the period of the following four
weeks, participants will be experiencing our co�ee-bot. Team Awill
have two �xed scheduled meetings during the week (e.g. Tuesday
11o’clock and Friday 14o’clock). Team B, will have spontaneous
co�ee-breaks whenever the co�ee-bot detects two workers being
free based on their status on Teams/Slack. The co�ee-bot will not
impose a time-frame on these meetings, but rather allow the partici-
pants themselves to decide its length. Participants will be prompted
to �ll out the same survey as previously at the end of the day and
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at the end of the week. Additionally, there will be a post-study in-
terview with the participants once the four weeks are up to gather
more in-depth insights and understand the role of co�ee-breaks
and its e�ect on team cohesion and productivity better. In contrast
to perceived productivity which is an individual-level construct,
we measure team cohesion on a team-level construct as suggested
by Salas et al. [47]. We will introduce a team supervisor, in this
case either the scrum master or project/team leader, depending on
the closeness to the team members. The supervisor will answer the
same questions before and after the study, based on the three-item
team cohesion scale constructed by Harrison et al. which also uses
the likert scale [23] similarly as Chang et al. [15] with a focus on
the task and social dimension to provide insight whether the team’s
cohesion changed over time.
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Cognitive load threshold: An early detection system

University of Zurich University of Zurich

1 MOTIVATION
Mockus & Herbsleb [14] stated in 2002 that: "Expertise is di�cult
to measure or observe directly". With technological advancements,
lightweight sensors are becoming more ubiquitous and provide
the ability to gather new insights about physiological factors. A
very relevant physiological factor being cognitive load. Using such
devices, our goal is to �nd a possible threshold in cognitive load.
We de�ne such a cognitive load threshold as the point where the
participant is unable to proceed with the given task. While solv-
ing the task the individual bio metric data based on heart-, skin-
and respiratory-metrics will be measured. Looking at perceived
task di�culty and the bio metric data gathered, we will infer the
cognitive load the individual experiences. A sample of tasks with
di�erent levels of di�culty will be acquired from a coding exercise
website, Codewars.com [1] (simply referred to as "Codewars" in this
proposal). As stated in cognitive load theory regarding learning,
the factor of previous knowledge is shown to reduce the cognitive
load [22]. While there has been successful research regarding the
factor of expertise by Lee et al. [10] and Crk & Kluth [6] using tech-
nologies such as electroencephalography (EEG) and eye tracking,
we argue that these technologies are still too invasive to provide
a valuable insight for a real-life o�ce setting. Subsequently, we
have decided to only use the Empatica E4 wristband rather than
any form of headset because we think that wristbands are more
likely to be worn on a day to day basis. Furthermore, the ease of
use that lightweight bio metric sensors provide, are a prerequisite
to be applicable in a real-life o�ce setting, thus we focus on metrics
that are provided by lightweight bio metric sensors.

We would like to investigate whether expertise has an in�u-
ence on the individual cognitive load threshold measured with
lightweight bio metric sensors and if an early detection system for
cognitive load based on an Empatica E4 wristband can be estab-
lished and provide guidelines for an implementation in an o�ce
setting. We argue that lightweight bio metric sensors are easier to
use, therefore having a higher chance of being implemented and
used in an o�ce setting. Which could potentially lower the barrier
of entry for further research on bio metric data of professionals
based on less invasive sensing devices. Introducing a new notion
of a threshold for the cognitive load and providing a set of guide-
lines to create an initial foundation for an early detection system
of the cognitive load threshold. Possibly to extend and analyse the
implications of this early detection system, such as the frequency
of crossing the individual threshold for cognitive load and how this
impacts the software engineers short term activity (i.e. by staying
in the �ow) and their long term health.

2 RESEARCH QUESTIONS
We have formulated the following research questions we would
like to address.

• RQ1: Can we estimate an individual threshold of cognitive
load by testing the participants on coding tasks?

• RQ2: Is it possible to identify whether expertise can be
sensed by lightweight bio metric sensors?

• RQ3: Can expertise in�uence the individuals cognitive load
threshold?

• RQ4: What guidelines would an early detection system need
to follow in order to provide a meaningful insight?

3 RELATEDWORK
3.1 Lightweight sensors
Lightweight sensors are becoming less invasive and thus applicable
in real-life environments, therefore providing an additional bene�t
for professional developers in their daily life. Previous literature
has identi�ed that Heart rate variability (HRV) and electrodermal
activity (EDA) are related to cognitive load and therefore to the
di�culty the individuals face when trying to complete a task [5,
7, 16, 23]. Similar metrics were also used by Fucci et al. [8]. They
investigated that lightweight wearables were able to determine
whether the participant was looking at prose related or code related
tasks, as the latter is associated with a higher cognitive load. Müller
& Fritz [15] found that wearables were able to determine code
quality concerns and task di�culty by measuring the cognitive
load. Thus, using lightweight sensors to detect cognitive load is a
valid approach.

3.2 Developer Expertise
Lee et al. [10] identi�ed that it is indeed possible to measure soft-
ware developer expertise and task di�culty, using an electroen-
cephalography (EEG) and an eye-tracker, having a heterogeneous
experiment group from professionals to undergraduates. Crk &
Kluthe [6] also found that expertise can be measured when per-
forming a programming task with an EEG, looking at a group of
34 computer science undergraduates. More expertise in a program-
ming language leads to a higher code comprehension skill and the
ability to solve programming tasks faster as found by Lee et al. [11].
Other research done by Fucci et al. [8] were not able to identify
expertise di�erences using a homogeneous experiment group and
lightweight bio metric sensors. Hence, making developer expertise
by measuring bio metric data a topic of ongoing debate.

3.3 Cognitive Load
3.3.1 Cognitive Load Theory. Sweller [21] has de�ned the follow-
ing three types of cognitive load. One of these types cannot be
manipulated due to the fact that this type is about the complex-
ity of the material itself. To be more precise, Pollock et al. [19]
says that the complexity of a piece of information depends on the
amount of information a reader needs to know in order to fully
understand the content in question. This type of cognitive load is
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called intrinsic cognitive load (ICL). It has been shown by previous
research of Sweller et al. [22] that previous expertise is an impor-
tant factor in terms of learning new material. The second type is
called extraneous cognitive load (ECL) and describes the cognitive
load that is required to handle how the information is presented.
One could say, that this load does not necessarily contribute to the
process of understanding the information, but rather to the process
of how to understand the way the information is presented ([4],
[17]). The third type, germane cognitive load (GCL), describes the
cognitive load that is imposed by the e�ort to understand the mate-
rial [17]. As mentioned, ICL cannot be manipulated by controlling
how the content is presented. However, by adjusting the media and
the design of the content, ECL and GCL can be manipulated and
minimized [4]. The majority of literature concerning cognitive load
theory resolves around the setting of learning new material. Hence,
cognitive load theory aims to reduce ECL in order to optimize the
learning process for the individual [17]. Paas et al. [18] has identi-
�ed the following list of cognitive load impacting characteristics of
the task and the individual.

• Task related factors
– Task format
– Task complexity
– Use of multimedia
– Time pressure
– Pacing of instruction

• Individual related factors
– Expertise level
– Age
– Spatial ability

We will discuss how our experiment attempts to homogenize
these factors in order to reduce ECL more in detail in section 4.2.
That way, we can focus our experiment on ICL.

3.3.2 Measurement. Menzen et al. [13] identi�ed in their mapping
study of research about biometric data in the software engineer-
ing �eld that cognitive load is the most researched area, followed
by emotions. Implying that cognitive load is one of the most in-
teresting research areas. Menzen et al. [13] also categorized the
physiological factors to be measured, the most prominent being
the brain, followed by the eyes and the skin. Only few are focusing
on non-invasive measurement such as the heart rate or the skin
temperature. Other research such as the one from Antony et al. [3]
stated that the pulse rate is another indicator for task di�culty. Fritz
et al. [15] suggested that bio metrics can be used to determine the
perceived di�culty of code elements by looking at heart rate, respi-
ratory rate and skin temperature. Task di�culty implies a heavy
cognitive load as found by Sweller [20]. Therefore, we hypothesize
that there is indeed a connection between these �ndings of task
di�culty and cognitive load.

3.3.3 Threshold. As we have shown, there has been a lot of re-
search conducted on how to measure cognitive load [8, 10, 15] and
what its implications are in terms of cognitive load theory. However,
we were not able to �nd any research concerning itself with �nding
an estimate of a tipping point where there is too much cognitive
load. The tipping point being de�ned as the point on a cognitive

load scale after which the task in question will not be completed
successfully.

3.4 Psychological Detection Systems
There have been advancements in research of detection systems
using biological signals, namely in the context of stress [2, 24, 25].
Other research not based on bio metric data is from Majumder et al.
[12], suggesting the use of facial expression recognition, looking at
di�erent face features and states of eye opening to determine the
emotions of the individual. Another one proposed by Kolakowska
[9], to recognize emotions via keystrokes, this could be an addition
to an existing emotion detection system but is not su�cient by
itself. But there is no detection system in terms of cognitive load.
One could say that a potential cognitive load detection system for
software engineers would face the same problems as the stress
detection system [2]. After all, both serve the same purpose, to
ensure the mental well-being of workers. Such challenges could
include privacy issues or to be more speci�c, data storage issues.

4 APPROACH
4.1 Participant selection
While [6, 8] used a rather homogeneous group of participants, we
are going to take a di�erent approach similar to [10]. In order to
properly di�erentiate participants with a di�erent level of expertise
we have de�ned the following categories.

Category Amount of expertise Example

1 little to none undergraduate students
2 moderate graduate students
3 large theoretical post-doctoral researchers
4 large practical software professionals

Table 1: Participant Categories

All students and academics will be from a computer science
faculty ensuring at least a basic understanding of the principle of
coding. To obtain a large enough sample, we aim to have at least 10
participants for each category. It is also important to us that both
genders are equally distributed. We are aware of the di�culties
we are going to encounter using this participation constellation.
However, we think that this categorization will yield promising
and applicable results.

4.2 Experiment setup
The participants will solve 4 coding tasks at the same time of day,
preferably at 09:00 in the morning to guarantee that the participants
solve the tasks under the same conditions and will each have a
maximum of 30 minutes to solve the given tasks. On Codewars
[1], tasks are created and judged by its users. Tasks are rated in
terms of di�culty from a scale from one to eight, one being the
hardest and eight being the easiest. By doing that, we should have
a representative judgement of di�culty for each task. To conform
with our Likert-scale of perceived di�culty, we choose to group
di�culties into 4 categories.
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Di�culty level Rating according to Codewars

Easy 7, 8
Rather Easy 5, 6
Rather Hard 3, 4

Hard 1, 2
Table 2: Di�culty levels

The participants will not be told what the di�culty of the re-
spective task is, to reduce potential biases. Each participant has
to solve a task of every di�culty level. The participants will have
access to the documentation of their chosen programming language
but not the internet. That way, we can assure that the participants
actually come up with a solution by themselves and do not simply
copy someones code. Additionally, we want to prevent the partic-
ipants accidentally stumbling upon the task (and its solution) on
Codewars. We also want to avoid that participants already know
the task and therefore, its solution. As a result, the participants
will be able to read the task description and will then be asked if
they have solved the given task before. If that is the case, they will
be assigned another task of the same di�culty level. To further
reduce di�erences and variability in the given di�culty level, we
create a sample of possible tasks and discard the ones which show
the highest variability. To tackle the in�uence of expertise on the
experiment results we measure the expertise with lightweight bio
metric data. This has not yet been proven conclusively, therefore
we use the Empatica E4 wristband to either validate the �ndings of
[8] that expertise cannot be measured with lightweight bio metric
sensors or provide evidence that it is indeed possible based on our
survey and experiment results. As expertise was measurable by
looking at brain- and eye-related metrics [10].

As mentioned before, according to Paas et al. [18] cognitive load
theory dictates a number of factors that can impact cognitive load.
Since we want the focus to be on the di�erence in expertise, we
have designed the experiment in a way that the following factors
will be minimized. Task format and Task complexity will be the
same for every participant and should therefore not be a di�erence.
Use of multimedia and Pacing of instruction are not applicable to our
experiment, since tasks will be exclusively formulated in text. Time
pressure should also not be a determining factor since for every task
a participant has 30 minutes which is more than enough to solve it.
Spatial ability is not applicable in the context of our experiment.
Finally, Expertise level is the factor in question and since none of our
participants are either children or elders, Age is also not applicable
to our experiment.

4.3 Data Collection
4.3.1 Biometrics. While the participants are solving the tasks, their
bio metrics are being tracked using an Empatica E4 wristband, sim-
ilar to [8] and [15]. We argue that the wristband is good enough
to measure the relevant bio metric data that indicates the level of
cognitive load. More speci�cally inspecting the participants skin-,
respiratory- and heart related-metrics, such as EDA and skin tem-
perature for the HT and HRV. By combining the �ndings from [15]
& [20], we use the bio metric data to determine the task di�culty

for the participant and link this perceived di�culty to the actual
cognitive load the participant experiences.

4.3.2 Survey. Moreover, we will conduct a survey to address the
perceived di�culty of each task. After each task, regardless of the
fact whether the participant was able to solve the task or not, the
participant will be asked to rate the di�culty of the task according
to the di�culty levels in table 2. The time needed to answer the
survey is not part of time allocated to solve the task. Whether the
participant was able to solve the task or not will also be tracked.

4.4 Data Analysis
To predict a personal threshold we look at the individuals cognitive
load levels as they complete tasks. The threshold will be the point
on the cognitive load scale where the participant will not be able to
successfully complete the task. To calculate the individual cognitive
load threshold, a machine learning algorithm will be applied to
analyse the participants bio metric data in EDA, HRV and HT. We
will then cross reference the survey results to check whether the
di�culty of the task was re�ected in the bio metric data and thus in
the cognitive load. The expertise will be another dimension for anal-
ysis, as this might impact the perceived di�culty and correlate to
the experienced cognitive load during the coding task. To combine
the �ndings and produce a set of guidelines for an early detection
system, we plan to deploy the machine learning algorithms which
have proven themselves as most optimal during analysis. These
will train themselves based on the individual baseline data they will
get from the users, either by completing the experiment or from
other sources.

5 FURTHER RESEARCH
Replicating the results of this paper with a di�erent set of bio metric
sensors, mainly eye and brain related metrics, would help to further
establish lightweight bio metric sensors as an alternative to the
more invasive bio metric sensors, which are more frequently used in
research but less often seen in practice. Furthermore, we would like
to investigate how the surpassing of the cognitive load threshold
impacts the software engineers. Looking at short term behavioral
responses, such as not being able to focus on the task and sensing
a feeling of frustration and long term issues such as mental health
concerns, seen in burnouts and depression. Another option would
be to extend existing stress detection frameworks by adding the
dimension of cognitive load in order to render it more applicable
for software engineers.

6 WORD OF HONOR
We, , hereby declare that we have
produced this work independently and have used no other than the
listed tools and sources.
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4. Grade and Feedback for Proposal 2 
 
Grade: 4.75 
Feedback: 
 

Overall the idea of a threshold of cognitive load at which an individual is "overwhelmed" is an 
interesting idea, but you need to provide more background, motivate the research better and better 
discuss related work in the introduction to state what's novel about your idea. Some of the 
questions you pose have already been addressed in studies and you need to talk about this. In its 
current form, the research proposal is quite rough: the motivation is missing for the specific 
threshold, the relation to other work in the area is not stated clearly and in many places (related 
work, data analysis, data collection), the information is very high-level and more details should be 
provided. 

• Please provide an abstract 
• MoJvaJon/IntroducJon: 

o How is cogniJve load related to experJse? 
o MoJvate why your research is of interest, not just what you do; also state what 

others have done so far 
o Why would you want to examine whether experJse has an influence on cogniJve 

load? Hasn't that been established in the past and what is the related work with 
respect to this topic 

o How is "cogniJve load" defined? Provide a definiJon and more context/background 
on it! 

• Related Work: 
o Overall, the categorizaJon needs to be moJvated and an overview needs to be 

provided. Also, the current structure is repeJJve and the reader has to put work into 
understanding how it all relates. Finally, there is very liUle detail provided on a lot of 
the research. 

o Provide an introducJon to it and state how you divided up your related work and 
why this categorizaJon makes sense 

o 3.1: what do you refer to as "lightweight"? Also, is this solely for measuring cogniJve 
load or also other aspects? The overview here is very rough and more details on the 
related work in this secJon should be provided 

o 3.2: provide more context of why experJse is of interest and how it is defined; again, 
this paragraph should provide more details on the related work and be introduced 

o 3.3: definiJon comes too late; state how the factors of Paas are related to the three 
types of cogniJve load 

o What's the difference between 3.1 and 3.3.2? 
o 3.3.3: why do you think there is such a Jpping point? 
o How is 3.4 different to 3.3.2 or 3.1 
o Related work should also state how your approach is different/novel with respect to 

the related work, currently, that's not really been done. 
• Approach: 

o ExperJse is with respect to a task: you first need to introduce the task or the domain 
to talk about experJse; further, why is theoreJcal vs pracJcal of importance 

o State what kind of tasks the tasks on codewars are and why they are good tasks 
• Data collecJon & analysis 

o What does HT stand for (abbreviaJon not introduced) 



o Be more specific which exact metrics you are going to use, currently it's very rough, 
also on how you would analyze it or segment it 

o Survey should also show up in the procedure / setup secJon 
o Overall, the secJons are very rough and based on related work, you should be able 

to provide more details on what exactly you are going to do in these steps 
• Editorial feedback 

o English should be revised and improved; we recommend proof-reading before 
submisng 

• AddiJonal comments 
o The parJcipant selecJon as base for the experJse might not be sufficient. There 

might be undergraduate students with lots of pracJcal programming experience, and 
post-doctoral researchers with very liUle depending on their area of experJse. Also 
there might be sotware professionals that just started ater finishing their studies. 

o Your assumpJon that not being able to solve a task means that the cogniJve load 
threshold was reached might not hold. There might be cases where people 
understood the problem in another way, and unJl the Jme limit were not able to 
follow down the right path. Does that mean they reached their cogniJve load 
threshold? 

o For Jtles, the capitalizaJon rules suggest capitalizing your Jtles as follows: CogniJve 
Load Threshold: An Early DetecJon System. (e.g. hUps://capitalizemyJtle.com/) 

o It might be interesJng to check for research on "cogniJve overload" 
 


