Population Characterization Comes Before Sample Selection

Oscar Dieste
Universidad Politécnica de Madrid
Madrid, Spain
odieste@fi.upm.es

Valentina Lenarduzzi
University of Oulu
Ouluy, Finland
valentina.lenarduzzi@oulu.fi

ABSTRACT

Software Engineering (SE) experiments typically have small, hard to
acquire sample sizes. Recruiting subjects is an issue for SE progress.
However, we argue that characterization, i.e., understanding the
population traits, is the main problem.
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1 THE CONTEXT

Empirical SE provides pieces of evidence for decision-making. What
happens in other disciplines? Let’s pretend we snoop the call of
anxious parents to an online medical service:

Parents — Our kids have a 39° fever. Can we give them Aspirin?
Doctor — There are risks. Please give them Paracetamol instead.

P — We guess it is COVID-19. Grandpas have been exposed. Can
we give them Aspirin if their temperature rises?

D — It would be wiser if your parents came in for a check-up. Elders
usually have circulatory issues that require consideration.

P — We understand. And can we have it?
D — In most cases, yes, unless you have some special condition.

P — I am pregnant.

D — Pregnancy is not a condition, but thank you for saying. Aspirin
is not usually recommended during pregnancy. Please ask your
doctor before using Aspirin.
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Aspirin is one of the most used drugs in the world. Even so, it was
not administered in the three cases above. The reasons (Reye syn-
drome, blood clotting, pregnancy) are widely known [4]. Medical
experiments are monitored seeking unexpected treatment effects.
Such knowledge (in addition, of course, to case and longitudinal
studies) inform practice and enables decision making.

That conversation is not possible in SE today. Even if we had an
unquestioned effective technology (such as the Aspirin in Medicine),
we would not know how to advise a development team when con-
sidering adoption. Let’s take Test-Driven Development (TDD) as an
example. Few SE areas, if any, has better empirical evidence than
TDD (more than 100 primaries and seven secondary studies). The
conversation with a development team leader would be as follows:

Team leader — Our product has quality issues. Can we adopt TDD
to improve quality?

Scholar — 1 think so. The scientific consensus says that software
quality increases when professionals use TDD [5, 7, 11, 15].

TL — What do you exactly mean by “professional”? Our team is
young. Most of them are recent graduates.

S — Scientific studies do not usually give information about experi-
ence years. They split subjects into professionals and students.

TL — That seems a risk in our case!
S — Quality does not increase when students apply TDD. If your
subjects are recent graduates, TDD will not improve it.

TL — Some seniors in our team are students yet. But they have
substantial work experience.

S — I cannot tell with certainty. Motivation has probably impacted
experiment results [15]. Learning ability/skills [15] and or test
case design knowledge [2] influence experiment results too.

2 THE PROBLEM

Recruiting large sample sizes is perceived as the problem by many
SE researchers. And they are quite right [13]. In our past research,
we have experienced the adverse effects of populations with am-
biguous traits, small sample sizes, or high attrition rates.

But assembling large cohorts is not the key problem. Rafique and
Misi¢ [11] has more than 700 subjects. TDD experiments published
since have increased the total sample size above one thousand.
Perhaps other technologies will not raise a similar interest, and
experiments will not be conducted in such large numbers in in-
dustry and academia. But even so, we can use recruiting platforms
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(LinkedIn, ExpiWell, CrowdFlower, Zooniverse, Qualtrics, Mechan-
icalTurk, Prolific, etc.) where large sample sizes are easy to acquire.
The critical problem is characterization, not recruiting. We un-
derstand characterization as identifying the population traits
relevant to a research problem, rather than focusing on the sim-
ilarities and differences between sub-populations such as students
and professionals. The dialog above shows our position. The kids vs.
grown-ups dichotomy has implications for Aspirin administration
(Reye syndrome affects children and teenagers). Similarly, students
and professionals achieve different productivity levels when using
TDD. However, Aspirin intake does not depend on users being kids
but on the users’ health issues. Similarly, TDD adoption depends
on professionals’ traits (skills, test case design knowledge, etc.).

3 OUR POSITION

RoPES’ topics of interest includes recruiting the “right” participants
(in addition to the students vs. professionals issue addressed above).
Such a thing as “right” or “wrong” participants probably does not
exist. Populations can be characterized in strict terms theoretically.
But experiments do not work with populations (unless they are
very small, like a company’s staff), but samples containing usually
rather heterogeneous individuals. We cannot get rid of such
heterogeneity. We need to find ways to deal with it.

Recruiting platforms are not a solution because they do not pro-
vide minute detail about their subjects’ characteristics. For instance,
Prolific seems more suited to research studies than MTurk, due
to better pool management features [9]. Prolific subjects can be
filtered using 100+ personal characteristics, such as demograph-
ics, languages, education, technology competencies, etc. However,
these characteristics are not very detailed. Having a B.Sc. degree can
be used as a filter, but the topics are quite abstract—e.g., we can find
computing and computer science, but not software engineering.

In contrast, SE researchers frequently collect very specific
information about participants’ characteristics. For instance,
Rainer and Wohlin [12] proposed a framework for assessing credi-
bility when recruiting field studies participants (e.g., case studies,
surveys). They augment Falessi et al. [3] R> model—which charac-
terizes participants according to their experience being real, rele-
vant, and recent—by defining three possible roles (different from
functional roles, such as Engineer Lead) and five characteristics.
The concept of credibility and consequently (parts) of Rainer and
Wohlin’s framework applies to SE experiments.

We cannot blame the platforms for their coarse-grained informa-
tion. MTurk, and other platforms, were not specifically designed
for experimentation [9]. Mturk provides a workforce to perform
human-centric tasks. Prolific seems oriented towards sciences, such
as psychology, which rely on a broader, general population for their
studies—i.e., possessing characteristics that are more common, less
specialized. Recent studies point out that the Prolific’s subjects
(and other similar platforms) are roughly equivalent to the general
population, exceeding it in some traits, such as social media use
and creation of online content [14], and education level [10].

When specific populations are required, platforms enable pre-
screening participants based on survey responses or participation in
previous studies. These pre-screenings are the researchers’ respon-
sibility. SE researchers cannot rely on these platforms for acquiring
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the “right” samples. Sample selection precedes platform usage
and requires proper population characterization.

4 THE WAY AHEAD

We propose to identify the distance between the current sam-
ple and the target population, and apply strategies to reduce
it to a minimum [6]. This strategy applies, in principle, to both
SE research scenarios ("classical” academic/industry experiments
and experiments using recruitment platforms) outlined above.

Two mechanisms could fulfill these requirements: 1) a procedure
to characterize the population (in line with Bergersen et al. [1])
and 2) a procedure to evaluate the similarity among samples and
samples vs. populations (similar to Nagappan et al. [8]). Accordingly,
we plan to perform the following steps:

e Identify the relevant sample/population characteristics.

e Select suitable instruments to measure these characteristics.
e Measure the distance between sample and population.

o Define strategies that could be used to reduce the distance.

Moreover, we aim to compare different recruiting strategies. To
goal is to help researchers select the recruitment strategy with
the highest return-on-investment—e.g., the cheaper approach that
minimizes the distance between sample and population.
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