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The human factor is prevalent in empirical software engineering research. However, human studies often do not use the full
potential of analysis methods by combining analysis of individual tasks and participants with an analysis that aggregates
results over tasks and/or participants. This may hide interesting insights of tasks and participants and may lead to false
conclusions by overrating or underrating single-task or participant performance. We show that studying multiple levels of
aggregation of individual tasks and participants allows researchers to have both, insights from individual variations as well as
generalized, reliable conclusions based on aggregated data. Our literature survey revealed that most human studies perform
either a fully aggregated analysis or an analysis of individual tasks. To show that there is important, non-trivial variation
when including human participants, we reanalyze 12 published empirical studies, thereby changing the conclusions or making
them more nuanced. Moreover, we demonstrate the effects of different aggregation levels by answering a novel research
question on published sets of fMRI data. We show that, when more data are aggregated, the results become more accurate.
This proposed technique can help researchers to find a sweet spot in the tradeoff between cost of a study and reliability of
conclusions.
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1 INTRODUCTION

Empirical methods have become standard for evaluating new approaches in software-engineering research: Of
1584 papers published in major software-engineering venues between 2011 and 2018, an overwhelming number
of 1579 papers conducted some kind of empirical evaluation, ranging from case studies to controlled experiments
(see Section 3). Likewise, the human factor in software-engineering research has grown more and more important:
Between 1993 and 2002, only 1.9 % of all empirical studies included human participants [68]. In 2010, this number
has increased to 18 % [10], and between 2011 and 2018, it increased further to 25 %.
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Conducting and analyzing human studies is a complex and time-consuming endeavor. The distinguishing
element are the human participants with their high variability in task performance, even when all participants
originate from a rather homogeneous group (e.g., students of the same semester should have comparable
programming experience [23]). The main cause for variation are latent constructs that cannot be measured
directly, but only based on indirect indicators (e.g., comprehensibility of source code or programming experience).
These constructs lead to variations within and between human participants performing tasks in an empirical
study, affecting the applicability of study results. This has implications for the design and analysis of such
studies. As example, suppose we want to evaluate a tool that has been developed to improve bug fixing. We could
design a single bug-fixing task to test the research hypothesis that the new tool improves bug fixing productivity
compared to an existing one, or we could pose different, but similar bug-fixing tasks to answer this one research
hypothesis (similar to the study discussed in Section 4.5). We could analyze the results of each task individually
(i.e., task-wise), or summarize the performance of participants over all tasks (e.g., the mean response time for
all tasks). Accordingly, we could analyze the performance of each participant (i.e., participant-wise analysis),
or compute the mean response time over all participants to answer the research hypothesis. Summarizing the
responses times over all tasks and over all participants at the same time would be also possible.

Interestingly, psychology and social sciences have long been using more than one task or indicator to ensure
valid and reliable measurement of human participants [55]. Well-known examples include the measurement
of intelligence1 or personality according to the big-five model2, which is based on a questionnaire of over
50 questions, where several questions are used to describe one of the five factors. To design such tests, a series of
many studies with many different participants was necessary, such that the concrete application scenarios in
terms of participant groups and measured constructs are well-understood.
An ideal software-engineering study evaluating a new tool or approach would include human participants

and involve a series of tasks (e.g., 5 bug-fixing tasks) and an analysis that considers both, individual tasks and
performances and an aggregated view over all tasks and participants to cancel out individual task variation [15].
Aggregation in this context means that several data points are combined to another, representative value by
applying an aggregation function [30] (more on this in Section 2.2). This can happen along the dimension of
human participants as well as of tasks, or both. By applying both, a per participant/per task analysis and an
aggregated analysis, researchers can study the effect of individual participants and tasks on the results, and at the
same time also draw general conclusions about the new tool or approach.
In this paper, we take a closer look at aggregation and how it can change the results of software engineering

studies. The overall goal of this paper is to raise awareness that the question of whether or not to aggregate
observational data in empirical software engineering is not trivial and should be considered already during the
design phase of a study, in addition to during the analysis phase. To fulfill our goal, we employ three different
methods: First, we conducted a literature survey of the past eight instances of the International Conference on
Software Engineering (ICSE), the ACM Joint European Software Engineering Conference and Symposium on the
Foundations of Software Engineering (ESEC/FSE), and the Empirical Software Engineering Journal (EMSE) as
primary venues for empirical research on software engineering. With this analysis, we obtain an overview of how
empirical studies are typically analyzed, that is, per task or aggregated over (categories of) tasks. In summary, 22
(of 144) studies used a task-wise analysis, 71 conducted an aggregated analysis, and 51 used a combined approach.
Thus, the question of whether to aggregate or not to aggregate is relevant.

Second, we reanalyzed studies that conducted a task-wise analysis to understand how aggregation can affect
the results. To this end, we aggregated the response data of 12 papers and reran the analysis on the data that
we aggregated. In a nutshell, we found instances where the aggregation changed the conclusions (6) and where

1See,e.g.,http://www.scielo.br/scielo.php?script=sci_arttext&pid=S0103-166X2015000100013
2http://psych.colorado.edu/~carey/courses/psyc5112/readings/psnstructure_goldberg.pdf
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it led to the same conclusions (6). So, in half of the cases analyzed, aggregation changed at least partially the
conclusion, indicating that researchers need to be aware of the effects.
Third, we trained a classifier on the data of three previous fMRI studies in which participants completed

different kinds of tasks [58, 62, 64]. The classifier should predict the kind of tasks that participants were completing,
similar to the study by Floyd and others [24]. To evaluate how aggregation affects the accuracy of the classifier,
we applied an aggregation function to the data and fed both, the aggregated data and raw data, to the classifier.
With the aggregated data, the classifier performed better, which contradicts the assumption that more data
means higher accuracy. In other words, aggregation also affects results in this case. Furthermore, we defined
intermediate aggregation levels, such that a subset of tasks is aggregated. The more tasks are aggregated, the
better the prediction accuracy. This helps researchers to select a sweet spot between designing more tasks for an
empirical study and accuracy of results.
By combining these three methods, we use a triangulation approach, such that we first show the prevalence

of how often researchers face the decision of whether to aggregate or not to aggregate. Subsequently, with the
reanalysis of human studies and re-using the data of our fMRI studies, we demonstrate the effect of aggregation
on the results and conclusions. In one case, we obtained even a reversed result. Thus, we make the community
aware that the decision of whether and how data should be aggregated is not trivial and should be considered
carefully.
In summary, we make the following contributions:
• We make researchers and experimenters of human studies aware of the influence of task-specific and
participant-specific variation on task performance. To this end, we use a triangulation approach:
– We start by showing that, in the literature, researchers who let participants complete tasks (165) favor an
aggregated approach (71 times, i.e., 43 %), often use a combined approach of task-wise and aggregated
analysis (51, i.e., 31 %), and also use a task-wise analysis only (22, i.e., 13 %; Section 3).

– We provide evidence that data aggregation can affect the conclusions of a human study. To this end, we
reanalyze archival data of 12 different papers. In a nutshell, aggregation can change the conclusions of a
paper or make the conclusions more nuanced (Section 4).

– We define different levels of aggregation and demonstrate their effect on reliability and accuracy of study
results. In summary, the coarser the aggregation level, the better the prediction accuracy, so aggregation
does not necessarily lead to loss of information (Section 5).

• We share further insights on the soundness of data analysis in empirical software engineering. Most
noteworthy, we found that the necessity of adjusting the p level for multiple comparisons does not seem to
be standard in the research community yet.

• We support replication by providing relevant material at https://github.com/brains-on-code/conducting-
and-analyzing-human-studies. The fMRI data can be provided only upon request to ensure anonymity of
participants according to the General Data Protection Regulation (GDPR).

To emphasize the possible impact of our findings for empirical research on human participants: (i) The validity
of conclusions drawn from existing papers based on individual tasks might be threatened by task-specific and/or
participant-specific properties and variation, (ii) replication of such existing studies might convey different
findings, and (iii) studies involving human participants can increase their validity and reliability when multiple
similar tasks are designed to answer a single research question.

2 BACKGROUND AND RELATED WORK

2.1 Designing Empirical Studies

Designing empirical studies such that they address the intended research questions or research hypotheses
is not a trivial job and requires considerable effort. For example, we designed a study in which we evaluated

ACM Trans. Softw. Eng. Methodol., Vol. 1, No. 1, Article . Publication date: September 2018.

https://github.com/brains-on-code/conducting-and-analyzing-human-studies
https://github.com/brains-on-code/conducting-and-analyzing-human-studies


4 • Janet Siegmund, Norman Peitek, Sven Apel, and Norbert Siegmund

the effect of highlighting configuration choices in source code with background colors on maintainability (cf.
Section 4). To evaluate this, we needed to define tasks that capture the process of maintenance. To this end, we
injected bugs that participants had to locate and suggest a fix for. At the same time, we needed to make sure that
participants mostly work with colored source code to evaluate their effect. So, the bugs needed to be located in
colored source code, limiting locations to inject bugs, and the task description had to guide the participants to
look at the according source code, without giving too much hint to possible solutions. Furthermore, not to occupy
participants for too long, the source code could not be too large. Additionally, we needed tasks that are similar to
measure maintainability in a valid and reliable way, but at the same time different enough that no learning effects
occur. Similar and even more severe constraints likely exist for other studies, which makes the creation of tasks
time consuming and tedious. Thus, when designing empirical studies, we always need to make a compromise
between reliability and validity of measurement, on the one hand, and the effort of task creation, on the other
hand. Aggregation may help to make a decision on how to make this compromise, as we show in this paper.

2.2 Aggregation

Although aggregation appears to be intuitive, it is an overloaded term. To avoid misunderstandings, we focus here
on the definition provided by Grabisch and others: “Aggregation is the process of combining several numerical
values into a single representative value, and an aggregation function performs this operation” [30]. Depending
on the underlying scale type, we define concrete aggregation functions. With a metric scale type, the most
intuitive aggregation function is the arithmetic mean. For example, many studies collect response time data, and
to combine the response times of different tasks, we use the arithmetic mean. With an ordinal scale, or rank data,
we use the median as representative value. With a nominal or categorical scale, we count frequencies and use the
sum as representative, so that, for example, the sum of all correct and incorrect answers is used.
Both mean and median are measures of central tendency, which are suitable to describe data and compare

groups. This is the objective in many studies, so these measures are suitable for our case. However, they are
limited for measuring the underlying latent constructs, such as programming experience or maintainability of
software. For operationalizing latent constructs, more sophisticated techniques are necessary, such as factor
analysis [12], multiple regression [13], or structural equationmodeling [19]. For example, tomeasure programming
experience, we have conducted a principal component analysis to extract latent factors based on answers in a
questionnaire [23, 63]. Still, since we want to compare the results between different studies, most of which make
comparisons between groups, computing the mean, median, and sum are the suitable aggregation functions for
this study.
In Table 1, we illustrate how one can aggregate over tasks, over participant, and over both at the same time.

We show hypothetical results of a bug-fixing study, in which 4 expert and 4 novice programmers should each
complete 3 bug-fixing tasks. Now, one can aggregate over the participants per group (gray cells) and compare
the performance between expert and novices for each task (task-wise analysis). In this case, we would lose the
potentially interesting information that Expert 3 is actually a pretty fast participant, while Novice 4 seems to be
particularly slow. Alternatively, one could aggregate the performance over the tasks (blue cells) and compare
the performance per participant (participant-wise analysis). However, this way, we would lose the potentially
interesting information that Task 3 seems to be particularly difficult. Last, one could look at the value that
represents the aggregation over tasks and participants at the same time (yellow cells), ignoring task-specific and
participant-specific information at the same time. However, if we do want to generalize the results to different
kinds of tasks and different participants, this might be a good choice, as we can give information about the
average case of a performance benefit, average here referring to average participants and average tasks (which
of course makes sense only with a larger sample and more tasks). Thus, the decision of whether and how to
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Table 1. Illustration of aggregation per participant (i.e,. participant-wise ), per task (i.e., task-wise ), and a combination of

both . The values represent fictional response times [min] of four novice and four expert participants to 3 tasks.

Participant Task 1 Task 2 Task 3 Total

Expert 1 5 2 8 5
Expert 2 4 4 4 4
Expert 3 2 3 4 3
Expert 4 5 4 6 5
Experts 4 3.25 5.5 4.25

Novice 1 3 6 9 6
Novice 2 3 3 3 3
Novice 3 6 4 5 5
Novice 4 8 6 10 8
Novices 5 4.75 6.75 5.5

aggregate data is not trivial and should always be considered carefully, since this decision can significantly affect
the results, as we illustrate in the next section.

2.3 Related Work

Since we make a methodological contribution, we can relate our work to similar methodological studies. Closest
to our work is the study by Larsson and others, who collected publicly available data from published studies and
evaluated whether and how outliers were handled [47]. They found that authors rarely describe how outliers
were managed, threatening the replicability of data analysis. Another related study is conducted by Kosti and
others, who compare the explanatory power of archetypes and average analysis in the context of personality
types [43]. They found archetypes to be an intuitive way to interpret different personality types. These archetypes
are also a way to aggregate data, just like we demonstrated the effect of different aggregation levels.

There is also work on the status of empirical research in software engineering. The work by Tichy and others
can be seen as the starting point, in which they found that software engineering and computer science in general
are reluctant to conduct empirical evaluations [70]. The team around Glass, Ramesh, and Vessy conducted a
more detailed and diverse evaluation of the study, for which they build a classification scheme to evaluate
the research of computing disciplines, separated by Information Systems [72], Software Engineering [29], and
Computer Science [27]. In addition to looking at how topics are distributed over the three disciplines, they
also looked at research methods and approaches. They found that research in information systems was mostly
driven by empirical methods, whereas software engineering and computer science were more concerned with
technological advancement than evaluation (with or without human participants) [28]. The lack of empirical
research was confirmed by Sjøberg and others, who found that only 1.9 % of the papers reported a controlled or
quasi-experiment with human participants [68]. However, they did not include all kinds of empirical research
with human participants, so the amount of empirical studies could have been actually higher. Buse and others
found that, between 2000 and 2010, studies with human participants were on the rise from 3.5 % to 18%, and
further found that according papers have a higher chance of being accepted at top venues [10]. We found an
increase to 25% between 2011 and 2018, with human participants, and most papers (99 %) did some kind of
empirical evaluation.

There is a wide range of guidelines on how to conduct and report empirical research in software engineering.
Basili and others developed the goal question metric approach to help researchers to define their empirical
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work [5]. Kitchenham and others proposed guidelines on how to conduct systematic surveys and systematic
literature surveys [40, 41]. Ko and others propose guidelines on how to evaluate tools with human participants [42],
and Sjøberg and others suggest to recruit professional software developers more often for empirical studies [67].
Siegmund and Schumann provide a list of confounding factors that need to be controlled for when conducting
empirical studies related to program comprehension [22]. Siegmund and others collected the opinion of the
software engineering research community on internal and external validity in empirical studies, and found
that there is no consensus on how to conduct and evaluate such studies [65]. We add to these guidelines by
recommending to carefully consider data aggregation of tasks and participants.

Finally, there are two studies that applied a machine-learning approach on fMRI data in software engineering.
First, Floyd and others conducted an fMRI study, in which participants comprehended source code, reviewed
source code, or read prose [24]. Their classifier could predict the kind of condition, which is modulated by
programmer expertise. Second, Ikutani and others let programmers with different levels of expertise categorize a
program according to the class of algorithm (e.g., sorting, search). Their classifier could also predict the category
of a program, which is also modulated by expertise. Different to our methodological work showing the increasing
accuracy with a coarser aggregation level, both studies showed that it is possible to predict the kind of condition
based on fMRI data.

3 THE ROLE OF THE HUMAN FACTOR IN EMPIRICAL SOFTWARE ENGINEERING RESEARCH

To demonstrate that researchers who work with human participants often face the decision of whether or not to
aggregate data, we conducted a literature survey of the past eight years (i.e., 2011 to 2018) of ICSE, ESEC/FSE,
and EMSE as primary venues for empirical research on software engineering. This included 1584 papers. While
completeness is well beyond the scope of this article, this literature survey provides sufficient insight into the
state of the art of empirical software engineering research.
Specifically, we analyzed each paper regarding whether
(1) it contains an empirical study (1579)
(2) it included human participants (397)
(3) tasks were included (165)
(4) tasks were conducted that could be aggregated (144)
(5) tasks were aggregated (71), not aggregated (22), or both (51)
We (i.e., two authors of the paper) analyzed each of the 1584 papers manually. We started by reading the title

and abstract to determine whether it reports on an empirical study. If it was not apparent, we skimmed the paper
and searched with keywords that indicate an empirical study, that is: empirical, study, experiment, participant,
subject, human, student, novice, professional, and developer. We applied a very wide definition of empirical
close to the origin of the word, that is, “knowledge gained from experience” (from the Greek word “empeiría”).
Thus, we include case studies on a single software system or small user studies. An example is the paper by Jha
and Mahmoud, who invited participants to create a ground truth to test a classifier to evaluate their approach
of categorizing and summarizing reviews of apps [37]. As another example, Kula and others used a survey to
complement their analysis of how developers updated their library dependencies [46]. Although both do not
include full-scale studies, they still collect data to evaluate their approach. Note that, due to the large number of
papers that we analyzed manually, we checked only for a few random papers per year and conference whether
they match the selection criteria; we found no disagreement. After this step, we found that 1579 of the 1584
papers contained an empirical study. This is in line with previous surveys [65, 66], witnessing the high awareness
of the necessity for empirical evaluation. In Table 2, we summarize the results of the literature survey.
Next, we read the description of the study design to determine whether human participants were involved.

When there were unclear cases, we (the two authors) discussed them until reaching consensus. In a few cases,
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Table 2. Number of papers (Column “Papers”) that include an empirical study (column “Empirical”) with human participants

(column “Human”), in which tasks were defined (column “Tasks”) and different analysis approaches were applied, such that

the data was aggregated over tasks (column “Aggregated”), analyzed task-wise (column “Single”), or both (column “Both”).

In a few cases, a single task was defined, tasks were too different to be aggregated, or defined as independent variable (all

summarized in column “Other”)

Venue Year Papers Empirical Human Tasks Aggregated Single Both Other

ICSE 2011 61 61 13 3 1 0 2 0
2012 82 82 24 14 8 3 2 1
2013 106 106 36 9 3 2 3 1
2014 99 96 28 15 6 0 5 4
2015 84 83 19 9 5 1 2 1
2016 101 101 26 8 2 1 4 1
2017 68 68 20 10 6 3 1 0
2018 105 105 29 9 2 4 1 2

FSE 2011 34 34 2 0 0 0 0 0
2012 34 34 5 2 1 0 0 1
2013 51 51 2 2 0 2 0 0
2014 61 60 13 3 0 1 2 0
2015 74 74 18 7 1 3 3 0
2016 73 73 11 3 1 0 1 1
2017 72 72 9 4 2 1 1 0
2018 61 61 10 2 0 0 2 0

EMSE 2011 25 25 7 2 1 0 0 1
2012 24 24 5 3 1 0 1 1
2013 31 31 6 3 2 1 0 0
2014 53 53 29 16 14 1 1 0
2015 50 50 20 13 9 0 3 1
2016 64 64 15 7 1 1 4 1
2017 78 78 24 9 3 0 6 0
2018 93 93 26 9 2 0 4 3

Combined 1584 1579 397 165 71 22 51 19

human participants were recruited to create a ground truth for a classifier [37]. In other cases, the data of human
participants were collected via a tool or plugin [2]. We labeled these studies still as human studies, because
data of humans were used to answer the research questions. With this definition, 397 studies relied on human
data. This shows that the importance of the human factor in software engineering research has reached the
research community. While between 1993 and 2002, only 1.9 % of the papers reported an experiment with human
participants [68]3, this number increased to 25 % between 2011 and 2018.

Furthermore, we determined whether tasks were part of the study. From this step on, two authors checked the
categorization of each other and discussed unclear cases. In 165 studies, participants completed a kind of task,

3However, this study focused only on controlled experiments and did not include any empirical study, as we did. Thus, the actual number of
papers including human participants may have been higher.
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such as program comprehension [63], refactoring [25], or specification reviews [39]. Researchers design tasks
around every-day activities of software developers to evaluate the effect of tools or approaches on these activities.
Next, we analyzed whether tasks can be reasonably aggregated: For example, some tasks are too different to

be aggregated, as in the study of Hu and others [33], in which participants should first, create a requirement
specification document, and, second, inspect it. In these cases, we cannot be sure whether they measure the same
construct or different constructs, so an aggregation might not be suitable. We make this decision based on the
task description, not the variance in the response of the tasks. In other cases, there was just a single task or one
task per condition, which typically lasted the entire study duration. For example, Endrikat and others evaluated
how participants use API documentation, and created one task in which participants use APIs and which lasted
several hours [21]. Overall, we found the tasks of 144 studies could be reasonably aggregated, so in 36 % of human
studies, researchers face the decision of data aggregation.
Last, to understand the analysis and how the conclusions were drawn, we read the analysis, discussion, and

conclusion of each paper. We found that, in 71 studies, task performance was aggregated (e.g., to the number of
fixed bugs over all tasks [1] or in terms of average response time across tasks [53]). We also found 22 studies
that did not aggregate data, but discussed the results only task-wise, indicating that a tool or approach made a
difference for some tasks, but not for other tasks. Additionally, 51 studies used a combined approach of aggregation
and task-wise analysis.

To summarize, when it comes to measuring human performance, researchers often face the question of whether
to aggregate data. In the next section, we demonstrate the effect of aggregation by reanalyzing 12 papers.

4 THE EFFECT OF AGGREGATION ON RESULTS: REANALYSIS OF FOUR PUBLISHED STUDIES

Having shown that the issue of data aggregation is not a corner case, we demonstrate that the choice of aggregation
can change the conclusions drawn from studies, stressing the importance of this decision for reaching valid and
reliable conclusions. To this end, we revisited each paper that reported on a task-wise analysis. Of all these 22
papers, 9 provided their raw data either directly in the paper or on a supplementary Web site that was still active.
For the remaining papers, we contacted the authors: 5 responded (within a day), and 8 did not respond at all (see
Section 4.7 for more details). In the end, we could reanalyze 12 papers.

4.1 Overview

For each study, we started by extracting the data either from the Web site or directly from the paper and store
them in a CSV file. Then, we applied the aggregation function to aggregate similar tasks. Thus, we did not
aggregate the data of all tasks, but adhered to the categories that were described in the paper. For example, the
study by Barik and others described 5 categories to which their 10 tasks belong [4], so we aggregated the data per
category and looked at the 5 categories. Then, we reran the analysis of the authors, for which we used Python or
R (all scripts and aggregated data are available on the Web site). When the analysis of the authors did not follow
standard statistical procedure, we also ran a further analysis that adhered to the standard. Specifically, for metric
data, we first checked for a normal distribution, and in case it was violated, used a Wilcoxon test, and a t-test
otherwise. Furthermore, when multiple comparisons were made, we always adjusted the p level for multiple
comparisons with a false-discovery-rate (FDR) correction [7] to avoid an inflation of the probability of the type-I
error (i.e., rejecting the null hypothesis although it is true). For example, with ten tests, the probability increases
from 5% to 40%, which can be corrected by the FDR procedure. Essentially, the FDR correction divides the p level
by the number of positives tests, which typically leads to a lower p value to be able to reject the null hypothesis.
We also applied an FDR correction to the original task-wise analysis of the authors, in case it was not included.

With the reanalysis of the aggregated data, we revisited the research hypotheses and answers. We found that
either the conclusions changed after the reanalysis (6 papers), or that the conclusions stayed the same (6 papers).
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However, there are some nuances, for example, that the conclusions change because of a specific task, or because
of inconsistencies in the original analysis.

We select two papers for each category and describe the studies and reanalysis in detail. All remaining papers
are summarized in the appendix.

4.2 Same Results: Drag-and-Drop Refactoring: Intuitive and Efficient Program Transformation

Lee and others describe an approach and tool (DNDRefactoring) for drag-and-drop refactoring, and compare
their tool to the standard refactoring workflow in Eclipse. The authors found differences in response times
between refactoring with Eclipse and DNDRefactoring for all but one refactoring task [49].

• Independent variable: Refactoring approach (2 levels, operationalized with Eclipse and DNDRefactoring)
• Tasks: 7 refactoring tasks in 4 categories:
– Extract Method (1 task)
– Move Method (4 task)
– Three-step refactoring (i.e., anonymous class to nested + move type to new file + move class) (1 task)
– Extract class (1 task)

• Dependent variable: Task completion time [metric scale]
• Null hypothesis:
– There is no difference in response times between Eclipse and DNDRefactoring

• Results:
– For the extract method refactoring, there is no difference. For all other refactorings, there is a significant
difference in favor of DNDRefactoring

In our reanalysis, we evaluated for each task category whether there was a significant effect. Specifically, we
conducted a t-test for the three-step task, and a Wilcoxon test for all other tasks, since the according data deviate
from a normal distribution. Furthermore, we adjusted the significance level with an FDR correction. In Table 3,
we summarize the data and results of the significance tests. With our task-wise analysis, we come to the same
conclusion as the authors, namely that, except for the extract method refactoring, DNDRefactoring reduces
the response times of the participants to complete the refactoring tasks. We found one issue with the analysis,
namely that the authors did not correct for multiple testing, but after applying FDR correction, the results did not
change. In summary, we found that aggregating the data did not change the results.

4.3 Same Results: Do Developers Read Compiler Error Messages?

In the study by Barik and others, developers’ gaze behavior was observed with eye tracking [4]. The authors
evaluated how different categories of errors affect the gaze behavior of participants. We shortly summarize the
results4:

• Independent variable: Error categories (5 levels, derived from frequent errors of a large set of builds)
• Tasks: 10 tasks to identify a defect based on a compiler error message
• Dependent variables:
(1) Correctness, i.e., whether a provided solution was correct or incorrect, or whether there was a timeout

(i.e., participants did not provide a solution within a time limit) [nominal scale]
(2) Gaze behavior, i.e., amount of time participants’ gaze was on a certain area of the IDE used for the study.

Areas are the source code editor, error areas (error popup, problems pane, quickfix popup), and navigation
areas (explorer pane, outline pane) [metric scale]

• Research questions:

4Link to data: http://static.barik.net/barik/gazerbeams/
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Table 3. Task completion times for DNDRefactoring. We ran a t-test for the three-step task (Task 7) and total results, and a

Wilcoxon test for all other tasks. Gray cells contain values computed by us.

Task 1: Task 2: Task 3: Task 4: Task 6: Task 7: Task 8:
Participant Refactoring Extract Move Move Move Move Three-step Extract Total

Method Method Method Method Method Refactoring Class

#1 Eclipse 42.3 48.3 22.9 18.5 16.6 29.9 42.1 219.8
DNDR 18.6 12.7 13.4 13.8 14.3 20.9 m iss 93.7

#2 Eclipse 106.4 71 10.7 7.3 4.4 113.4 32.5 345.7
DNDR 13.8 6.7 2.8 13.2 4.9 22.8 17.6 81.8

#3 Eclipse 18.6 65.4 10.7 8.1 4 23.9 151.9 282.61
DNDR 33.5 3.7 2.9 2.3 1.4 16.8 8.9 69.5

#4 Eclipse 53.3 11.7 18.4 13.1 4 87.1 40.5 228.1
DNDR 55.9 5.8 3.5 2.1 2.3 39.5 23.5 132.6

#5 Eclipse 23.7 93 8.9 29.8 8.2 95.9 41.5 301
DNDR 63.1 5 6.4 1.8 2 13.9 11.4 103.6

#6 Eclipse 10 100.5 3 10.2 2.7 100.4 24.2 251
DNDR 31.3 26.8 1.5 1 1.1 15 15.3 92

#7 Eclipse 22.6 46.3 2.8 10.7 5.2 69 25.1 181.7
DNDR 22.8 3.4 1.6 1.6 0.9 23 7.6 60.9

#8 Eclipse 18.8 136.7 4.1 6.7 2.7 77.5 23.7 270.2
DNDR 17.6 1 2.1 1.7 4.1 6.0 21.8 55.1

#9 Eclipse 7 50.7 3.1 4.7 2.3 43 24 134.8
DNDR 12.6 1.5 1.5 1.6 1.0 13.7 12.9 45.4

Average Eclipse 33.6 69.3 9.4 12.1 5.6 71 45.061 246.1
DNDR 29.9 7.4 4 4.3 3.6 19.2 14.9 81.6

Speed up3 1.1 9.4 2.4 2.8 1.5 3.7 4.5 3.0
p value (aggr.) 0.715 0.002 0.002 0.004 0.004

Speed up (aggr.) 1.1 5 3.7 4.5 3.0

W/t value 18 45 45 40 41 4.81 (df=8) 36 8.17 (df=8)
p value 0.6522 0.004 0.004 0.039 0.027 0.0012 0.0082 0.0000042

1These values are reported as 228.1 (total) and 66.75 (average) in the original study, which is incorrect according
to the raw data of the study (Table IV in the original paper).
2The p values differ from the original study, but we cannot be sure why. Part of the explanation is that we used a
t test instead of a Wilcoxon test for the three-step refactoring and the total response time.
3Eclipse average divided by DNDRefactoring average, as in the original study.

RQ corr .: How effective and efficient are developers at resolving error messages for different categories of
errors?

RQ дaze: Do developers read error messages?
• Results: (mostly verbal description)
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Table 4. Number of correctly identified defects and gaze area of what participants looked at for each task as well as aggregated

for all tasks. We ran a χ2 test for correctness and an ANOVA for gaze behavior. All statistical values in gray cells are computed

by us.

Correctness Gaze Behavior
Category Task(s) Correct Incorrect Timeout Source Error Navigation

Semantic
Task 1 2 47 6 66 23 10
Task 2 1 49 4 66 23 11
Task 9 28 2 25 80 13 7

Dependency Task 3 30 0 25 74 15 11
Task 4 36 10 9 79 14 6

Type mismatch Task 5 49 5 1 68 23 9
Task 6 55 0 0 65 25 11

Syntax Task 10 50 5 0 65 20 15

Other Task 7 22 23 10 78 15 7
Task 8 48 5 2 68 17 15

Semantic 1, 2, 9 31 98 35 70.67 19.67 9.33
Dependency 3, 4 66 10 34 76.5 14.5 8.5
Type Mismatch 5, 6 104 25 1 66.5 24 10
Syntax 10 50 2 25 65 20 15
Other 7, 8 70 28 12 73 16 11

χ 2 / F 198.16 4.624
p value 0.000 1

RQ corr .: Solution for correctness is skewed; significantly different solution times for correct and incorrect
answers

RQ дaze: Participants’ gaze is most of the time on the source-code area (65 % to 80 %), then the error area
(13 % to 25 %)

In Table 4, we show the results of individual tasks and summarize them for a reanalysis across all error
categories. As aggregation function, we applied the sum for correctness and the mean for the gaze behavior.
We aggregated all tasks of each category according to Table 2 of the original paper. Then, we were able to
conduct a more nuanced analysis. For correctness, the category of error affected the number of correct solutions
(RQ correctness). This was especially apparent for the semantic category (many incorrect responses) and the
type-mismatch category (many correct responses). With a task-wise analysis, this influence of the different
categories of error messages did not become clear, but it revealed only that different tasks affected correctness.
With aggregation, we found that semantic error messages may be problematic, but error messages regarding
type errors do not seem to pose much of a challenge. Furthermore, we can state that the category of error does
not affect the gaze behavior (RQ дaze), such that participants spent a large amount of time on the source code. In
contrast to the original study, we can narrow the amount of time from 65% to 80 % down to 65 % to 76.5 %, and
from 13% to 25% down to 16% to 24%, giving a more specific estimation of participants’ gaze behavior. Thus,
with the aggregation, a more nuanced analysis of the effect of different kinds of errors on programmer behavior
was possible.
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4.4 Differing Results: Do Background Colors Improve Program Comprehension in the #ifdef Hell?

We have conducted a study to evaluate the effect of background colors on maintenance in configurable soft-
ware [22]. We shortly summarize the important aspects of the study5:

• Independent variable: Variability annotations for configurable software (2 levels, operationalized with
background colors and #ifdefs)

• Tasks: 6 program comprehension tasks in two categories (plus a warm-up task that was not analyzed)
– Feature location, referred to as static (2 tasks)
– Bug location, referred to as maintenance (4 tasks)

• Dependent variables:
(1) Task completion time [metric scale]
(2) Correctness of a provided solution (correct, incorrect) [nominal scale]
• Null hypotheses:

H 0static: The kind of annotation does not affect task completion time for static tasks
H 0maintenance: The kind of annotation does not affect task completion time for maintenance tasks
H 0correctness: The kind of annotation does not affect correctness
• Results:

H 0static: Significant difference for the static tasks regarding task completion time
H 0maintenance: Significant difference for one of the maintenance tasks regarding task completion time
H 0correctness: No significant difference regarding correctness
In Table 5, we summarize the results of the reanalysis across all task categories. As aggregation function,

we applied the mean for the response times and the sum for correctness. We aggregated the 2 static tasks and
the 4 maintenance tasks, as both constitute different categories of task with our analysis, and come to the
same conclusion that background colors lead to shorter task completion times for static tasks (H 0static), and
that the kind of annotation does not affect the correctness for any of the tasks (H 0correctness). However, we
reject H 0maintenance, indicating an effect of the kind of annotation on the completion time for maintenance
tasks. Looking at the direction of the effect, participants with background colors are significantly slower than
participants with #ifdefs. However, this conclusion would be incorrect, because one particular maintenance
task was substantially different than the others, so it skewed the results. In this specific task, participants had to
work with a class that was entirely annotated with a red background color, causing visual fatigue and slowing
down participants. Thus, with a blind aggregation, we would arrive at the incorrect conclusion that background
colors slow down participants for maintenance tasks. We pick up on the discussion of choosing a suitable level of
aggregation in Section 6.

4.5 Differing Results: Clone-Based and Interactive Recommendation for Modifying Pasted Code

Lin and others developed an approach (CCDemon) to automatically recommend whether and where pasted code
should be edited [50]. In a study, they compared their approach to a state-of-the-art baseline, MCIDiff.

• Independent variable: Tool support for working with code clones (2 levels, opertionalized with MCIDiff
and CCDemon)

• Tasks: 6 programming tasks in 3 levels of complexity (low, medium, high)
• Dependent variables:
(1) Task completion time [metric scale]
(2) Number of failed tests [nominal scale]
• Null hypotheses:

5Link to data: https://www.infosun.fim.uni-passau.de/se/janet/colors/index.php
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Table 5. Task completion time and correctness for static and maintenance tasks. We ran a t test for task completion time

and χ2 test for correctness. All statistical values in gray cells are computed by us (average/sum row are computed based on

the raw data).

Kind of Annotation Static Tasks Maintenance Tasks
Task Time [s] Correct / Incorrect Task Time [s] Correct / Incorrect

Background Colors

S1 426 12 / 10 M1 414 21 / 1
S2 282 14 / 8 M2 342 21 / 1

M3 468 19 / 3
M4 1404 15 / 7

Average/sum 352.86 26 / 18 657.13 76 / 12

#ifdefs

S1 738 7 / 14 M1 432 19 / 2
S2 372 12 / 9 M2 354 19 / 2

M3 396 12 / 9
M4 882 12 / 9

Average/sum 554.12 19 / 23 515.99 62 / 22

t test/χ 2 3.93 1.14 −2.49 3.52
p value 0.000 0.285 0.012 0.061

(1) Tool support does not affect task completion time
(2) Tool support does not affect the number of failed tests
• Results:
(1) Significant difference in completion time for three of the tasks
(2) No significant difference in failed tests for any of the task

In our reanalysis, we aggregated the tasks by complexity as indicated in Table 6 of the paper, so Tasks 1 and 2
are summarized to low complexity, Tasks 3 and 4 to medium complexity, and Tasks 5 and 6 to high complexity. In
Table 6, we summarize the results of our reanalysis.

For low and high complexity, we find a significant difference in terms of response time in favor of CCDemon.
Regarding failed test cases, we could confirm the results of the authors that there is no difference between the
two approaches. Furthermore, we found inconsistencies in the analysis of the authors. First, the authors applied a
Wilcoxon test, which is not the optimal choice neither for response times nor for failed test cases. For response
times, they are interval scaled and for low and high complexity, normally distributed, and variance homogeneity
also holds. Hence, at least for low and high complexity, a t test would have been the better choice, because it has
more statistical power. For completeness, we have added a t test to Table 6, and the significant difference for the
high-complexity task barely holds. Regarding test cases, since these are frequency data, a χ 2 test would have
been the more fitting choice. We also added this to the table, and we observe a significant difference for high
complexity tasks, but in favor of the control group (i.e., the control group produces fewer test case failures). Thus,
we would conclude that the approach of the authors leads to more errors.

Another reason for our deviating results is that the authors did not correct for multiple testing [3]. Applying
an FDR correction to the task-wise analysis of the authors would make all significant differences vanish [7]. For
our reanalysis on the aggregated data, however, one difference would still remain. With the FDR correction, the
difference for the low complexity task still holds, showing that the approach of the authors makes participants
significantly faster for low complexity tasks. Thus, in this case, aggregating the data for this task would make a
stronger statement in favor of the approach of the authors.
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Table 6. Reanalysis of the study on tool support for code clones. We ran a t test for completion time, χ2 test for test case
failures, and as an alternative a two-way ANOVA with participant group and task complexity as factors. Column “Wilcoxon

Test” contains the results of the Wilcoxon test as reported by the authors. All values in gray cells are computed by us

Approach Completion Time Wilcoxon Test Case Failures Wilcoxon
Low Medium High Test Low Medium High Test

Z p Mean/Sum Mean/Sum Mean/Sum Z p

CCDemon

Task 1 64.25 −2.52 0.01 0 / 0 0.00 1
Task 2 91.63 −2.10 0.04 0 / 0 −1.00 0.32
Task 3 390.13 −0.14 0.89 1.13 / 9 −0.09 0.93
Task 4 287.75 −0.42 0.67 0.25 / 2 −0.38 0.71
Task 5 141.88 −2.34 0.02 0.38 / 3 −1.00 0.32
Task 6 346.88 −0.70 0.48 2.25 / 18 −1.12 0.26
Aggregated 77.94 338.94 244.38 0 / 0 0.69 / 11 1.31 / 21

MCIDiff

Task 1 147.50 0 / 0
Task 2 181.25 0.13 / 1
Task 3 463.13 2.13 / 17
Task 4 260.00 0.63 / 5
Task 5 278.75 0 / 0
Task 6 405.00 1.00 / 8
Aggregated 164.38 361.56 341.88 0.06 / 1 1.38 / 22 0.5 / 8

W 5.5 71 23 0 30 23
p value 0.001 0.90 0.038 1 0.820 0.143

t/χ 2 −4.473 −2.115 1 3.667 5.828
df 15 15 1 1 1
p value <0.001 0.051 > 0.05 >0.05 <0.05

Effect of Group: F: 3.663 p: 0.059
ANOVA Effect of Complexity: F: 14.648 p < 0.001

Complexity * Group: F: 0.421 p: 0.658

Going on step further, one could even conduct a two-way ANOVA with complexity as second factor. In this
case, the approach would have no significant effect, and instead, the effect of task complexity would be the only
significant effect. So, our reanalysis shows how important it is to choose the correct analysis method. We can
either show that the tool of the authors has a positive or no effect (results of the Wilcoxon tests and t tests), that
the approach has a negative effect (χ 2 test of test case failures), or that the complexity of the tasks seems to be
the determining factor in the response time differences (ANOVA). The best conclusion that we can draw here is
that the data are inconclusive and that we would need further studies to provide a more definitive answer.

4.6 Summary

Our reanalysis and discussion of these 4 studies, together with reanalysis the remaining 8 studies summarized in
the appendix, illustrates that aggregation over multiple tasks can lead to contrary results compared to a task-wise
analysis. On the one hand, we showed that an aggregation of tasks can remove task-specific variation, which can
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Table 7. Summary of the four re-analyzed studies presented in this paper. A summary of all re-analyzed studies can be found

on our project Web site.

Sec. Statistical Test? Correction for Mul-
tiple Comparison?

Appropriate Statis-
tical Tests?

Test for Normality? Different results?

Drag-and-Drop Refactoring: Intuitive and Efficient Program Transformation
4.2 Yes No. Results would

stay the same
Yes Unclear ("we can-

not assume that the
data (configuration
time) is normally
distributed")

No

Do Developers Read Compiler Error Messages?
4.3 Partly for re-

sponse times,
but not for
correctness or
gaze behavior

N/A N/A N/A No, but more nu-
anced

Do Background Colors Improve Program Comprehension in the #ifdef Hell?
4.4 Yes No. Results would

change for one task
Yes Yes Yes (task-specific

peculiarity)

Clone-Based and Interactive Recommendation for Modifying Pasted Code
4.5 Yes No. Results would

change for two
tasks

Partly No Yes. Data can be in-
terpreted in differ-
ent directions.

bring more robust results. On the other hand, aggregation may be sensitive to largely deviating data of single
participants or tasks, especially for the arithmetic mean. Thus, studies with human participants may benefit from
a combined approach of aggregated and task-wise analysis. Specifically, it might make sense to define up front
which tasks are similar and can be aggregated. Then, the data of each task can be analyzed to observe whether
the tasks are indeed similar. If the data indicate that one task is different, then this task should not be included in
the aggregation.

4.7 Further Insights

In addition to the results regarding how aggregation affects conclusions of a research paper, we obtained some
further insights that we would like to share. First, from 22 papers that reported a task-wise analysis, only 9 papers
provided publicly available data. For the others, either no link was provided, the link was broken, or did not
contain the raw data, but rather high-level results, the description of tasks, or a developed tool. As a side note, the
missing data shed some light on the difficulty of proper replication in software engineering [52]. An interesting
story is by the authors of the paper “Feature Model Extraction from Large Collections of Informal Product
Descriptions” [16]. The feature models were generated from code as an extremely large visual tree which ran the
whole way down the hallway when printed out. By the time we requested the data, it was too late to create a
shareable version (e.g., as XML model), because the servers that stored the data had been impounded by the FBI
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to catch a crime ring, and so they are not available.6 This unlikely event illustrates that anything can happen to
the data, so researchers need a safe and reliable way to store data.

Furthermore, we found that often, we cannot replicate the exact p values of the authors. We suspect the reason
for this to be different versions of statistical software and packages. While often, this might not be a problem, it
might lead to different conclusions when p values are close to the defined significance level. In this case, it might
make sense to also rely on effect size and statistical power before accepting or rejecting a hypothesis.
Another issue that we found in some papers is that statistical procedures are not applied entirely correctly.

This confirms the findings by Reyes and others, who found that the software engineering research community
seems to lack standard statistical knowledge [60]. The most frequent inconsistency that we found (12 papers)
was that the significance level was not adjusted for multiple comparisons. The problem is that the probability of
a type-I error increases with the number of tests [3]. Thus, the significance level needs to be reduced depending
on the number of tests, for example, with an FDR correction7. In few cases, we also found that not the optimal
statistical test was applied (e.g., a Wilcoxon test on frequency data). On few occasions, a more powerful ANOVA
could have been applied, which would lead to more informed insights on which factors affect the study results.
Thus, although there has been much progress when it comes to applying statistical analysis procedures, there is
still room for improvement in the software engineering research community.

5 LEVELS OF AGGREGATION: TOWARD A COMPROMISE BETWEEN RELIABILITY AND EFFORT

In this section, we take a different perspective on how aggregation can affect the results of a study with human
participants. Instead of rerunning analyses on aggregated data, we use a reverse approach in that we use the
data to train a classifier. To this end, we are using the data of three fMRI studies and apply different levels
of aggregation to the fMRI data, train a classifier for each level, and compare the performance of all trained
classifiers. The different aggregation levels demonstrate that we can combine the benefits of aggregation with
a task-wise/participant-wise analysis to find a sweet spot between effort of task creation and reliability of
measurement. We start with an introduction to fMRI to understand why such data are especially suitable to
demonstrate the effect of aggregation.

5.1 Background on fMRI

In a nutshell, fMRI measures the brain activation over time. To this end, it exploits the different magnetic properties
of oxygenated and deoxygenated blood. When a brain region activates, its oxygen need increases, so the amount
of oxygenated blood increases and the amount of deoxygenated blood decreases, referred to as the BOLD (blood
oxygenation level dependency) response [35]. To measure it, an fMRI scanner takes a snapshot (referred to as
scan) of the brain typically every two seconds. The spatial resolution of this scan is defined in terms of voxels,
which are cubes with 1mm or 3mm edge length. With 3mm voxels, there are over 100 000 voxels for the entire
brain.

When completing a task, not the entire brain is recruited, but only a subset, depending on the task. For example,
in the three fMRI studies of which we use the data [24, 58, 62, 64], five brain regions were significantly activated
to comprehend source-code snippets as compared to finding syntax errors in the same code snippet, while other
regions remain unchanged or become deactivated, meaning that the amount of oxygenated blood decreases. This
deactivation typically happens in the default mode network, which is active during self-referential processing [54].
For this self-referential processing not interfering with a cognitive task, the default mode network deactivates
during a task.

6Thanks so much to the authors for sharing this anecdote with the community!
7Another option is the Bonferroni correction, but its focus is too much on avoiding the type-I error [59]
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For classification, we used only those voxels that show a significant signal change, because only these contribute
to a task and are relevant to observe the effect of aggregation. Specifically, we look at the set of activated voxels,
the set of deactivated voxels, and the union of both sets. This way, we reduce the noise that irrelevant voxels may
cause, and we reduce the input for the learning pipeline from more than 100 000 voxels to 400 to 2 000 voxels.
Having discussed the technical background of fMRI, we now dive into our research objective to evaluate the

effect of different levels of aggregation, introducing further information on fMRI as needed.

5.2 Defining Aggregation Levels

1

Trial 1

Fine
Aggregation

Original 
Data

2 3 4 5 6 7 8 9 10 11 12 13

Trial 2

14 15 16 17 18 19 20 21 22 23 24 25

Trial 3

26 27 28 29 30 31 32 33 34 35 36 37

Trial 4

38 39 40 41 42 43 44 45 46 47 48

1 - 3 4 - 6 7 - 9 10 - 12 13 - 15 16 - 18 19 - 21 22 - 24 25 - 27 28 - 30 31 - 33 34 - 36 37 - 39 40 - 42 43 - 45 46 - 48

Coarse
Aggregation

1 – 3, 13 – 15, 25 – 27, 37 – 39, 49 – 51, 61 – 63 7 – 9, 19 – 21, 31 – 33, 43 – 45, 55 – 57, 67 – 69 4 – 6, 10 – 12, 16 – 18, 22 – 24, 28 – 30, 34 – 36, 40 – 42, 46 – 48, 52 – 54, 58 – 60, 64 – 66, 70 – 72

Intermediate
Aggregation

(3x2)

1 – 3, 13 – 15 7 – 9, 19 – 21 4 – 6, 10 – 12, 16 – 18, 22 – 24 25 – 27, 37 – 39 31 – 33, 43 – 45 28 – 30, 34 – 36, 40 – 42, 46 – 48

1 – 3, 25 – 27 7 – 9, 31 – 33 4 – 6, 10 – 12, 28 – 30, 34 – 36 13 – 15, 37 – 39 19 – 21, 43 – 45 16 – 18, 22 – 24, 40 – 42, 46 – 48

1 – 3, 37 – 39 7 – 9, 43 – 45 4 – 6, 10 – 12, 40 – 42, 46 – 48 13 – 15, 25 – 27 19 – 21, 31 – 33 16 – 18, 22 – 24, 28 – 30, 34 – 36

49 50 51 52 53 54 55 56 57 58 59 60

49 - 51 52 - 54 55 - 57 58 - 60

61 62 63 64 65 66 67 68 69 70 71 72

61 - 63 64 - 66 67 - 69 70 - 72

52 – 54, 58 – 60, 64 – 66, 70 – 72

52 – 54, 58 – 60, 64 – 66, 70 – 72

52 – 54, 58 – 60, 64 – 66, 70 – 72

Trial 5 Trial 6

49 – 51, 61 – 63 55 – 57, 67 – 69

49 – 51, 61 – 63 55 – 57, 67 – 69

49 – 51, 61 – 63 55 – 57, 67 – 69…
1 – 3, 13 – 15, 25 – 27 7 – 9, 19 – 21, 31 – 33 4 – 6, 10 – 12, 16 – 18, 22 – 24, 28 – 30, 34 – 36

1 – 3, 13 – 15, 37 – 39 7 – 9, 19 – 21, 43 – 45 4 – 6, 10 – 12, 16 – 18, 22 – 24, 40 – 42, 46 – 48

1 – 3, 13 – 15, 49 – 51 7 – 9, 19 – 21, 55 – 57 4 – 6, 10 – 12, 16 – 18, 22 – 24, 52 – 54, 58 – 60

37 – 39, 49 – 51, 61 – 63 43 – 45, 55 – 57, 67 – 69 40 – 42, 46 – 48, 52 – 54, 58 – 60, 64 – 66, 70 – 72

25 – 27, 49 – 51, 61 – 63 31 – 33, 55 – 57, 67 – 69 28 – 30, 34 – 36, 52 – 54, 58 – 60, 64 – 66, 70 – 72

25 – 27, 37 – 39, 61 – 63 31 – 33, 43 – 45, 67 – 69 28 – 30, 34 – 36, 40 – 42, 46 – 48, 64 – 66, 70 – 72

Intermediate
Aggregation

(2x3)

…

Fig. 1. Visualization of fine, intermediate, and coarse aggregation levels. Blue boxes represent brain scans of

comprehension tasks , yellow boxes represent brain scans of syntax tasks , and gray boxes represent brain scans of rest .

To obtain a deeper understanding of the effect of aggregation on experimental results, we introduce levels of
aggregation. We start with a coarse aggregation level, that is, based on an entire series of tasks. To this end, we
show an example fMRI study in Figure 1, which contains a time series of one 3mm voxel. In the example, there
are 3 different conditions (comprehension (blue), rest (gray), syntax (yellow)), and 3 scans for each condition (a
scan is a snapshot of the brain typically taken every two seconds). The conditions in fMRI studies are summarized
to trials, each containing a different, but similar source code snippet. One trial is a sequence of comprehension,
rest, syntax, and rest (intermittent rest conditions are typical for fMRI studies to allow the brain activation to
return to baseline). Thus, scans 1 to 12 comprise trial 1. For the coarse aggregation, we compute the arithmetic
mean of the signal of all scans (having a metric scale) that belonged to one condition (e.g., scans 1 to 3, 13 to
15, 25 to 27, 37 to 39, 49 to 51, and 61 to 63 for comprehension). Since there are 3 different conditions, we have
3 different data points, that is, the average value of the condition comprehension, syntax, and rest, respectively
(bottom row in Figure 1).

Next, we define the fine aggregation level, in which we aggregate only those scans of one task that are taken
consecutively, so we summarize the first 3 scans to comprehension, the next 3 (4 to 6) to rest, the next 3 (7 to
9) to syntax, and the next 3 (10 to 12) to rest. We repeat this for each trial, resulting in 6 trials × 4 conditions
= 24 data points (second row in Figure 1).

Now, typical fMRI studies consist of more than 6 trials. For example, the study presented at ICSE 2014 consisted
of 12 trials with 4 conditions each (i.e., comprehension, rest, syntax, rest) [62]. For each of the 12 trials, a different
source code snippet was used. Thus, with the fine aggregation, there are 48 data points per participant (i.e.,
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12 trials × 4 conditions = 48), while for the coarse aggregation, there are still 3 data points per participant (because
there are 3 different conditions, overall). Between 3 data points and 48 data points, there are lots of other options
of aggregation, so we define further levels of aggregation.
Coming back to the example of Figure 1, we could also aggregate the value of 2 trials to groups (compared

to all trials (coarse) and for each trial (fine)). For instance, we can aggregate trials 1 and 2, trials 3 and 4, and
trials 5 and 6. Alternatively, we can aggregate trials 1 and 3, and 2 and 4, and 5 and 6, or trials 1 and 4, 2 and 3,
and 5 and 6. In Figure 1 (third row), we illustrate these three options, but there are 30 different options. Another
aggregation level is to aggregate the values of 3 trials to groups. We can aggregate trials 1, 2, and 3 to one group
and trials 4, 5, and 6 to a another group; or, trials 1, 2, 4, and 3, 5 and 6, or trials 1, 2, 5, and 3, 4, 6. Again, we
depict these 3 options in Figure 1 (fourth row), but there are 10 different options in total. With the actual fMRI
studies, we can define even more intermediate aggregation levels. For example, for the study presented at ICSE,
we aggregated to 2, 3, 4, and 6 groups. For each intermediate level, we randomly created 10 variants of how trials
are assigned to groups.

5.3 Objective

In this section, we want to demonstrate the effect of different aggregation levels on the quality of results. With
fMRI having found its way into software-engineering research, we have the opportunity to use data that was
collected in a highly controlled and repetitive setting. This brings several advantages. First, participants received
straight forward and basic instructions, for example, to comprehend a source code snippet, to locate a syntax
error in a source code snippet, or to rest, all for a short interval of 30 to 60 seconds. Thus, we can be fairly certain
at any point in time what participants were doing, giving us a ground truth. Second, to reliably capture fMRI
data, the same conditions were repeated several times, however, with different, yet similar source code snippets.
It is important to note that these source code snippets were designed to be homogeneous, that is, we intended
to exclude the influence of peculiarities of individual snippets. The repetition of conditions provides us with a
large data base of several hundred scans per participant, giving us several thousand data points for each study to
demonstrate the effect of different aggregation levels. In this sense, our results are limited to similar studies that
also produce large data sets, which are needed for building classifiers.

5.4 Operationalization

To demonstrate the effect of different aggregation levels, we apply a classification approach to predict the condition
(i.e., rest, comprehension, syntax). The classifier receives the fMRI data sets as input with varying degrees of
aggregation levels, that is, from coarse over intermediate levels to a fine level, finishing with no aggregation at
all (see Section 5.5 for details). The rationale of using a classifier is to have an unbiased predictor, taking every
information—useful and misleading—into account that is provided during learning. By controlling the training
set in terms of aggregation levels, we obtain a clear picture about the effect of different aggregation levels on
prediction accuracy, allowing us to demonstrate to the effect of data aggregation on study results. The higher
prediction accuracy, the more suitable is the underlying level of aggregation as input for the classifier.

5.5 Material

As material, we used the data of three fMRI studies [58, 62, 64] summarized in Table 8. In each study, we observed
that several brain areas showed a significant signal change, either in terms of an increase (i.e., they activate) or
decrease (i.e., they deactivate). As input for the classifier, we consider all voxels that show a significant signal
change. Specifically, we use the activated voxels, the deactivated voxels, and their union as input for the classifier,
after applying the different levels of aggregation. We did not include all voxels (more than 100 000 for the entire
brain), because the voxels without a significant signal change do not show sufficient variation to be used as input
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Table 8. Overview of the 3 fMRI studies.

Study ICSE ’14 [62] FSE ’17 [64] ESEM ’18 [58]

Participants 16 14 17
Trials 12 30 25

Conditions Comprehension, Rest,
Syntax

Comprehension, Rest,
Syntax

Comprehension, Attention,
Rest, Syntax

Scans 900 900 838
Voxels activation 446 390 1606
Voxels deactivation 966 1798 3459
Voxels union 1412 2188 5065
Data points for
fine aggregation 48 54 60
Tasks per intermediate
aggregation levels 6, 4, 3, 2 13, 9, 3, 2 10, 5, 4, 2

Data points for intermediate
aggregation levels 8, 12, 16, 24 4, 6, 18, 26 6, 12, 15, 30

Size of training set/test set 12 / 4 11 / 3 13 / 4

for the classifier. Based on the voxels, the classifier should predict the condition, that is, comprehension, rest,
syntax, or attention. In Table 8, we summarize relevant data for all 3 studies.

We have described the ICSE 2014 study when introducing the aggregation levels (Section 5.2), so we continue
here with the second study (i.e., FSE 2017). 11 participants took part, but 3 participants were measured twice with
a different set of source-code snippets. Since they saw different snippets, we decided to treat them as different
participants, so we assume to have 14 participants in this sample. A further change compared to the ICSE study
was the design of the tasks. This study contained 30 trials of 2 tasks each, and one task was either comprehension
or syntax-error finding, and the other task was rest. There were 27 trials with comprehension, and only 3 trials
with syntax-error finding, which we excluded because they do not provide sufficient data. The 27 comprehension
trials varied in terms of semantic information of the snippets, but since these differences were not reflected in the
activated areas (only in the strength of activation), we do not make this distinction in the analysis. Thus, we have
27 trials of 2 tasks each (i.e., comprehension and rest). We defined four aggregation levels between the coarse and
the fine aggregation: We aggregated to 3 and to 9 groups, and to 2 and 13 groups, where we randomly excluded
one trial for each of the 10 variants that we created for each intermediate aggregation level.

The third study (i.e., ESEM 2018) was a non-exact replication of the FSE study with 17 participants. It used the
same source-code snippets, but contained some changes to the experiment design. Specifically, an attention task8
was added after each comprehension task to reduce comprehension-related activation during rest. Overall, there
were 20 trials of three tasks each: comprehension, attention, and rest. Again, for the learning step, we excluded
five trials of syntax error finding due to the small amount of data. We aggregated the trials to 2, 4, 5, and 10
groups.

All available data sets have been preprocessed with BrainVoyager™ QX 2.8.49 following the standard pipeline:
3D-motion correction, slice-scan-time correction, and temporal filtering. Moreover, to account for anatomical
differences between participants’ actual brains, we transformed the anatomical scan of each participant into the

8The d2 task, in which participants should respond to all d’s with two markings in a sequence of similar visual stimuli [9].
9Brain Innovation B.V., Netherlands, https://www.brainvoyager.com
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Fig. 2. Accuracies of the classifier for the ICSE (left), FSE (center), and ESEM study (right). Each figure shows different

aggregation variations, from a coarse aggregation on the left to no aggregation on the right. The numbers denote to how

many groups data were aggregated. The colors denote the set of voxels; purple: activated voxels, yellow: deactivated voxels,

green: union.

standard Talairach brain [69]. Finally, the functional data of each participant were spatially smoothed with a
Gaussian filter (FWHM=4mm).

We normalized the data of each participant with a z transformation. That is, from each signal for each voxel, we
subtract the mean for each participant and divide it by the standard deviation of each participant. Furthermore,
we replaced outliers by the mean of the 2 consecutive voxels. A value is an outlier when it deviates more than
certain multiples of the standard deviation from the mean, which translated to 4 multiples for the ICSE set, and
6 for both, the FSE and ESEM sets (a plot of the normalized values of the voxels before and after outlier removal is
available at the project’s Web site). This procedure of outlier removal also highlights the cost of aggregating data
across studies, as we need to take a close look at the data and cannot use the same value for the data of all studies.

5.6 Methods

For training the classifier, we used the preprocessed data sets as described above. We created a different data set
for each aggregation level as input for the classifier. This translated to 7 input data sets for each study: coarse
aggregation, 4 levels of intermediate aggregation, fine aggregation, and no aggregation. The classifier predicted
the kind of task that participants were completing, based on the signals of the voxels. Thus, the features for
classification are the voxels, and the labels are the conditions. To find the optimal machine-learning pipeline
including optimal hyper parameters, we used tpot (https://github.com/EpistasisLab/tpot) [48], which applies
evolutionary algorithms to find the best classifier and hyper-parameters via cross validation [56]. Thus, for the
actual learning step, we used different approaches, such as Random Forest Classifier [8] and Support Vector
Machines [14]. The rationale of optimizing the classifier for each aggregation level is that we do not want to bias
certain levels of aggregation due to an improper selection of classifier or hyper-parameters, eliminating a threat
to internal validity (cf. Section 7). The replication package contains the specific approach and hyper parameters
for each data set.
There are several ways to split the data into training and test set: Randomly, by snippet, or by participant

(which we selected). First, a random split would rule out systematic errors when done a sufficient number of
times, but it would pose a problem for the non-aggregated data. It could well be that, for consecutive data points,
one is in the training set and the following in the test set. However, since consecutive data points are more similar
than non-consecutive data points (since the BOLD response takes a few seconds to manifest and return to the
baseline), this would overestimate the accuracy of the classifier. In other words, the classifier would have seen all
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tasks, all participants, and all snippets during learning and would not be confronted with anything new during
prediction. Thus, we eliminated this threat to construct validity.
Next, selecting different snippets for the training and test set would be possible, since the snippets were

designed to be similar and thus should elicit a comparable brain activation. However, this would not be possible
for the coarse aggregation, because we aggregate the data over all snippets.

To have the same type of split for all aggregation levels, we split the data by participants. To this end, we use
the data of 75 % of participants for the training set and 25% of the data for the test set.

5.7 Results

Next, we present the results of our analysis. In Figure 2, we show the accuracies of all 7 aggregation levels.
Each of the 3 plots is ordered according to the aggregation levels, starting left from the coarse level, over the
intermediate levels of aggregation, to the fine aggregation and no aggregation on the right. For the coarse, fine,
and no aggregation levels, we have only one accuracy result, because there is no variation in the aggregation levels
(e.g., for the coarse aggregation, we summarize all trials of one task per participant). Since we randomly generated
several variants for the intermediate aggregation levels, we have different data points for each aggregation level
resulting in different classification accuracies, which we illustrate with violin plots.

For the ICSE study, the worst prediction accuracy is for the non-aggregated data, which is just above 50 %, so in
about half the test data, an incorrect condition is predicted. Since we have 3 different conditions, the baseline (i.e.,
guessing) would mean 33 % accuracy. Hence, the worst accuracy is better than guessing. For the fine aggregation,
the prediction accuracy increases to 63 %, and for the coarse aggregation, we have the highest prediction accuracy
of 83 % and even up to 100 %. Looking at all the aggregation levels, the accuracies almost follow a linear behavior,
such that with a decreasing level of aggregation, the prediction accuracies decrease, too. The only exception is for
the activated areas, where the accuracies are slightly better when aggregating to 2 groups than to 1 group (i.e.,
the coarse level). Nevertheless, the general picture of decreasing accuracy with decreasing level of aggregation is
apparent.
For the FSE study, we observe a similar trend, but the prediction accuracies should be higher, because we

predict only 2 conditions (i.e., comprehension and rest), so 50 % accuracy would be guessing. The worst accuracy
predictions are at about 68 % for the deactivated areas without aggregation. As for the ICSE study, the general
picture of higher prediction accuracy with higher aggregation levels still holds, such that with the coarse
aggregation level, we have the best prediction accuracy of 100 %. With decreasing aggregation levels, the accuracy
decreases. There actually seems to be a clear drop between the aggregation levels, but it occurs between 3 groups
and 9 groups. Thus, with an additional aggregation level between these two, this drop might not be this apparent.
For ESEM, the worst prediction results also occur without aggregation, with only 13% for the deactivated

areas. This is far below the guessing baseline of 33 %, and we suspect one reason to be the similar activation
pattern for both, the attention task and the rest task. As soon as we aggregate the data, the accuracy considerably
increases to 80 %, and also reaches 100 % for the coarse aggregation level. The ESEM data are similar to the ICSE
and FSE data, except for the steep drop below the guessing baseline without any aggregation. Here, there does
not seem to be a linear relationship, but rather a sweet spot, such that, as soon as the data are aggregated, the
prediction level increases and stays at a high level.

5.8 Discussion

The classifier that we trained on the fMRI data showed that, over all data sets, the higher the aggregation level,
the higher the accuracy of the learned model. In other words, the coarser level of aggregation led to better
results, showing again that aggregation can make a considerable difference for the results. Furthermore, we found
evidence for a linear relationship (ICSE, FSE) and a sweet spot of aggregation (ESEM), which is a good message
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to determine a priori (e.g., in a pre-study) the cost–benefit tradeoff of an experiment having a series of tasks:
Up until a certain point, more tasks increase reliability, but beyond that, the benefit of higher validity may not
be worth the additional cost of creating tasks. Thus, we could easily limit the number of tasks to a manageable
number and still have certain confidence about the reliability and validity of the drawn conclusions.

An important insight is that, although there is more information available when no aggregation is performed
(i.e., we have more data points on which the classifier can learn on), there is less accuracy in the predictions.
Considering the central limit theorem, which predicts that an aggregation of means of many samples is a good
approximation of the true mean of the population, it seems obvious that the classifier performs better on the
aggregated data. By contrast, Simpson’s paradox describes that the mean can also be an unreliable predictor,
given that different samples have considerably different sizes. Looking closer, the central limit theorem and
Tschebyscheff’s version of the Weak Law of Large Numbers are statistical effects based on data aggregation
over independent runs with identical distributions. However, these two laws of probability theory do not apply
here directly: (i) the runs in the fMRI experiment are not all independent, as the activation in a voxel at time t+1
depends also on the activation of the same voxel at time t, and (ii) the number of experiments (and aggregations)
are far too low to be affected by the law of large numbers, as the training set size is a function over the number
of labels (i.e., the more labels we have, the more data points we need for learning). We would need approximately
70k independent training data points for our labels to be affected by the law of the large numbers, which is far
more than the partially dependent 14k data points. So, the prerequisites of the law do not hold.

Moreover, we see here an overlap with statistical learning theory, which quantifies the amount of data needed
to accurately and reliably learn a function (i.e., the classifier). Vapnik and Chervonenkis found in 1971 that the
training set size depends on the complexity of the function to be learned (i.e., the function parameters) [71]. One
needs more data to learn a more complex function. In the case of class imbalance (as we have it), the training
data size must scale even more [38]. Since we use only the aggregates for learning, we would expect a lower
accuracy for smaller training set sizes.
Hence, we have two statistical observations pointing in opposite directions. Throughout the paper we argue

that, despite fundamental results from statistical learning theory [71] and despite the prerequisites of the central
limit theorem and the related law of large numbers are not met, authors need to consider aggregation as an
additional tool, which might lead to counter-intuitive results, as the Simpson’s paradox illustrates [73]. The
concrete cause for this observation is, however, unclear and under current research. Theoretical explanations
about the effectiveness of bootstrap aggregation (or bagging) [17], which might apply here, are under debate.
Some theories point to the direction of noise or variance reduction [6] and others state that the main cause is
equalizing leverage points (related to outliers) [31].

6 IMPLICATIONS AND GUIDELINES

In the previous sections, we have shown that the role of the human factor for empirical software engineering
research is on the rise, and that the decision for aggregation affects the result.

We have uncovered several reasons that are in favor of and against aggregation, which reflect the difficulty of
finding a sweet spot to match resource constraints (e.g., in terms of time to prepare a study) and to design an
experiment that can produce valid and reliable results.
In a nutshell, the reasons against aggregation include:

• Researchers may fear loss of critical information due to aggregation, because several data points are
summarized to few, which could lead to incomplete conclusions.

• Aggregating measures of human performance is not trivial, because there are various options to define
an aggregation function, each of which can have a different effect on generalizability and reliability of
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results. Selecting an unsuitable aggregation function may lead to the opposite effect of decreasing (instead
of increasing) reliability of the drawn conclusions.

• Posing multiple tasks for a single research question causes a substantial effort for study planning, execution,
and (statistically sound) analysis, as does increasing the number of participants taking part in a study.

• Tasks might be too different to be aggregated. However, a wider range of tasks can be more representative
for software engineering tasks and create more generalizable results.

Points in favor of aggregation include:
• With aggregation, we summarize more indicators for a latent construct, increasing the reliability of its
measurement, because task-specific or participant-specific variation are less pronounced (as shown by our
classifiers). This way, we borrow from well-established techniques from well-established sciences.

• We can make more nuanced statements of how underlying latent constructs can affect results thereby
increasing our understanding of how a new tool or approach affects software engineers (as shown by the
reanalysis presented in Section 4.3).

• Especially when having small samples, aggregation can increase statistical power and increase trust in our
conclusions (as shown by the reanalysis presented in Section 4.5).

Thus, both options provide their own advantages and drawbacks.
In our literature survey, we found 22 papers that analyzed the results in a task-wise manner only, although an

aggregation would also have been possible. This way, the peculiarities of single tasks cannot be canceled out and
might even be pronounced, especially when conclusions are drawn based on one task, while the results of others
may be ignored. At the same time, we found that 71 studies applied an aggregation, which also has the potential
of biasing the conclusions, as the reanalyzed study on background colors showed: We rejected a null hypothesis,
which, however, is actually caused by the peculiarity of one task. Thus, it is important to apply both, an analysis
of aggregated data and also of individual tasks and participant data. This is especially important when it seems
that individual tasks or participants affect a result considerably. With our study on different levels of aggregation,
we raise the awareness that there are various options when it comes to aggregating data of single tasks (or
participants), and that a intermediate aggregation might provide a good compromise between accounting for the
variation of individual participants and tasks and canceling out the peculiarities of individual participants and
tasks to be able to draw general conclusions.
Thus, our results lead to different recommendation regarding aggregation.
• Use aggregation to check assumptions about tasks
First, when having designed multiple tasks to measure one construct, such as maintainability, we can
evaluate whether our assumption is actually true. For example, in the study on background colors (cf.
Section 4.4), we designed the 4 maintenance tasks to be similar. Only after the experiment we did learn
that one task was different from the three others. In the literature survey, we found 4 papers where the
tasks were too different to be grouped, such that a reanalysis based on an aggregation was not appropriate
(e.g., one study included a task to find a bug and another task to describe a possible solution). Thus, the
consideration of aggregation can help researchers in finding false assumptions of study designs (e.g., 2
tasks only appear to be similar) and can therefore help experimenters improving the design. Furthermore,
a clear reporting helps other researchers replicate empirical studies and be aware of peculiar tasks.

• Use aggregation to increase trust in results
Second, aggregation of several tasks can improve reliability and validity of measurement. For example,
the study about gaze behavior of developers (cf. Section 4.3) showed a more nuanced picture after tasks
of the same category were aggregated. This is common procedure in psychology and social science, and
should also be embraced more by software engineering researchers. Especially with a small sample size, an
aggregated analysis can increase trust in the results.
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• Use intermediate aggregation levels to find a compromise
Third, we devised a definition of intermediate aggregation levels, which helps to find a compromise between
study effort (in terms of task creation and duration) and reliability and validity of measurement. Typically,
tasks in software engineering studies are more time consuming than in psychology (in which aggregation
is a standard procedure). For example, it takes a few seconds to answer a question in a big-five personality
questionnaire, or a few minutes to complete one task in an intelligence test, whereas bug-fixing tasks or
code-inspection tasks last considerably longer. Thus, having 20 tasks in psychology is often not a problem,
but it often is a problem in software engineering research (e.g., 3 minutes times 20 would result in a
60-minute study, but, say 5 minutes for a bug-fixing task times 20 tasks would already result in a 100-minute
study). To attain a good compromise between reliability and validity of measurement, on the one hand, and
effort for designing empirical studies, on the other hand, intermediate aggregation levels can help.

It is important to note that our results must not be seen as invitation to p hacking or finding an aggregation
level of data that fits with the expectations. As the reanalysis of the study with the clone detection tool showed,
the same data can show that the new tool improves the detection of code clones, makes it worse than a standard
tool, or that task difficulty is the main driver for differences in performance, not the tool (cf. Section 4.5). Thus,
aggregation levels should be defined upfront: However, when it becomes apparent that the tasks are not as
similar as expected, it is acceptable to change aggregation levels and document this change. In this line, it helps
to preregister a study (https://osf.io/prereg/), so that the expectations are communicated upfront.

Furthermore, it is crucial to select the appropriate statistical test for an experimental design and the collected
data, because otherwise, the data can lead to opposing conclusions. Additionally, the significance level needs to
be adjusted when multiple comparisons are made, because this can lead to finding spurious effects. This issue
actually led to a doubt of the validity of many fMRI studies [20], and software-engineering researcher should
not face the same doubts. A good source for selecting appropriate tests may be a standard statistics books [3] or
decision charts for statistical tests10.
Our analysis also highlights that, for replication studies and meta-analyses, the aggregation function of a

primary study plays a crucial role. Especially meta-nalyses are defined by applying an aggregation function to the
data published studies, so that results can be summarized and generalized [26]. Our reanalysis of both the studies
of the literature survey and the fMRI studies showed that we should not necessarily expect that replications and
meta analyses come to the same conclusions as the original studies.

7 THREATS TO VALIDITY

7.1 Internal Validity

In literature surveys, there is the threat of overlooking relevant papers or selecting inappropriate categories
for a paper. To reduce this threat, we manually analyzed each paper and discussed cases with an ambiguous
assignment.
As input for learning, we used preprocessed data. We could also use the raw data with a different learning

approach, such as convolutional neuronal networks, which compensate for spatial and anatomical differences of
participants, as they learn that slightly different positions in two images might still be attributed to the same
label, if the pattern is similar [44]. However, we are not aware of their performance for fMRI data, so we selected
established methods. Moreover, a similar setting has been used by others [24, 36].
To avoid bias due to unsuitable learning pipelines for fMRI data, we used tpot to find the optimal pipelines

and according hyper-parameters. Thus, we are confident that our results of decreasing accuracy with decreasing
level of aggregation are not biased by inappropriate learning pipelines.

10Many are available online, e.g., https://stats.idre.ucla.edu/other/mult-pkg/whatstat/, accessed 01/22/20

ACM Trans. Softw. Eng. Methodol., Vol. 1, No. 1, Article . Publication date: September 2018.

https://osf.io/prereg/
https://stats.idre.ucla.edu/other/mult-pkg/whatstat/


Mastering Variation in Human Studies • 25

7.2 Construct Validity

To minimize the threat to construct validity caused by systematic bias in training and test set, we avoided a
random split, as consecutive data points might be in training and test set. Furthermore, we used the same kind of
split (by participants), for all aggregation levels to avoid any differences caused by different kinds of training and
test set.

7.3 External Validity

To demonstrate the effect of different aggregation levels on prediction accuracy, we used data of three fMRI studies,
as they are especially suitable to demonstrate our point. Clearly, this selection limits the generalizability of our
results to similar studies. However, due to the controlled nature of the study (keeping everything homogeneous),
we expect that, in other studies, in which participants complete similar tasks, such as comprehending source
code or fixing a bug, individual variations are even more pronounced. Thus, we are confident that our results are
applicable to a wide range of software engineering studies with human participants.
As there are more fMRI studies on tasks related to programming, we could have extended our data set,

specifically by studies of Floyd and others [24], Huang and others [34], Krueger and others [45], Duraes and
others [18], and Castelhano and others [11]. However, this was not possible, as the data either were collected
with a different experimental paradigm or could not be shared due to the General Data Protection Regulation.

8 CONCLUSION

With empirical methods having become standard, there are numerous empirical studies with human participants
in software engineering research. In this article, we point to a methodological gap when conducting and analyzing
human studies, as empirical studies often do not account for individual variations of tasks and human participants,
which threatens the validity of the conclusions. The problem is that, on the one hand, those individual variations
can reveal interesting insights of tasks and even a misconception of the empirical study design, but, on the other
hand, may also lead to false conclusions by overrating a single task or participant performance.
Thus, we proposed to use different aggregation levels, a novel variation of traditional aggregation to conduct

and analyze empirical studies with human participants. Since the different aggregation levels rely on the principle
of statistical sampling to deal with variation, they can increase result quality compared to singleton analysis.
Aggregation levels support researchers conducting empirical studies with human participants in the following
way: First, in a pre-study, aggregation levels help determining the sweet spot between a suitable number of tasks
and participants and reliability of conclusions based on a research question. Second, in the analysis, they offer the
best of both worlds, that is, (i) taking into account individual peculiarities of participants and tasks that would
have been canceled out by a too coarse aggregation and (ii) providing robust statistical evaluation by means of
statistical sampling to manage inter-task or inter-participant variation.
To account for this variation, we propose to aggregate data of individual participants and tasks at different

levels to combine the benefits of individual insights and statistical sound conclusions that cancel out individual
variations. The results of our literature survey showed that only 51 papers use both, an aggregated and an
individual analysis. By reanalyzing 12 studies of our literature survey, we could show that the decision whether
to aggregate or not to aggregate data is not trivial and can affect the soundness of conclusions. To further
demonstrate the effect of different aggregation levels, we reanalyzed the data of three published fMRI studies on
program comprehension. We could increase accuracy of the results with an increasing number of tasks that were
aggregated, showing that a coarse aggregation can have considerable benefits. Thus, in this case, the question of
whether to aggregate can be answered with yes. However, increasing the number of tasks makes an empirical
study costlier and time-consuming. With using aggregation levels in a pre-study, experimenters can find a sweet
spot between experimental effort and reliability and validity of the drawn conclusions. In summary, there is a
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wide range of possible aggregation levels, and with our work, we aim at making researchers and experimenters
aware of the effect of aggregation, and encouraging the research community to use the best of both worlds, that
is, combining a per-participant/per-task analysis with an aggregated analysis.
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9 APPENDIX

9.1 Differing Results: An Empirical Study on the Impact of Static Typing on Software Maintainability

Summary: The paper describes an experiment to evaluate how static and dynamic type systems affect the
maintainability of software [32].

• Independent variables:
(1) Type system (2 levels, operationalized with Java (static) and Groovy (dynamic))
(2) Tasks (9 levels, operationalized with 9 programming tasks of 3 different categories: Class-identification

task (CIT, 5 tasks), type-error fixing task (TEFT, 2 tasks), semantic-error fixing task (SEFT, 2 tasks))
• Dependent variable: Task completion time [metric scale]
• Null hypotheses:

H0CIT : Static type systems have no influence on development time for the task category class identification
H0T EFT : Static type systems have no influence on development time task category type-error fixing
H0SEFT : Static type systems have no influence on the debugging time for the task category semantic-error fixing

• Results:
H0CIT : Difference in favor of static type system for all but one class-identification task

H0T EFT : Difference in favor of static type system for all type-error fixing task
H0SEFT : No difference for the semantic-error fixing task
Although the authors defined different task categories, they did not do a per-category analysis, but a per-task

analysis (and analysis of all tasks combined). This allowed them to disentangle the effect of specific tasks, but
at the cost of statistical power. The authors did not adjust the p level for multiple comparisons; with an FDR
correction, we did not conclude a significant difference for CIT2 (p value of 0.033). Next, we aggregated the data
per task category, and then compared whether there is a difference within subjects between Round 1 and Round
2 regarding the development time, and also ran an ANOVA. We compare the data and significance of the original
analysis and our aggregated analysis in Table 9. Regarding the within-subject comparison, we come to different
conclusions than the authors. First, we do not replicate the rejection of H0CIT , since the difference is significant
for only one of the two groups in favor of the static type system (i.e., the group that started with the dynamic type
system). For the group that started with the static type system, the difference is not significant. Different than the
authors, who assume a favor for the static type system because of the difference for one group, we find this too
liberal regarding the null hypothesis, such that we do not reject H0CIT . For the remaining two hypotheses, we
come to the same conclusion. Regarding the ANOVA, we come to the same conclusion of the authors, such that
we have a significant main effect of the task category and a significant interaction effect of task category and
type system in both rounds. We also found the significant main effect of the type system in the second round.
To summarize, the aggregated reanalysis itself did not let us draw different conclusions than the authors. The
difference regarding rejecting H0CIT is caused by a different interpretation of when the null hypothesis can be
rejected or accepted.
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9.2 Differing Results: Debugging with Intelligence via Probabilistic Inference

Summary: The authors developed an approach to include probabilistic information during the debugging process.
Specifically, they describe the probability of how correct variables and statements are. They compare the approach
to a standard debugger [74].

• Independent variable: Debugging approach (2 levels, operationalized as the prototype of the authors and a
standard debugger (pdb))

• Tasks: Participants should solve a debugging tasks in 4 different programs (lcsubstr, quadratic, fibonacci,
mergesort)

• Dependent variable: Task completion time [metric scale]
• Null hypothesis:
– There is no significant performance difference between the two groups

• Results:
– The authors rejected the null hypothesis, such that their prototype reduced the debugging time for each
task.

Table 10. Task completion time per task and participant. The authors ran aWilcoxon test and we both replicated theWilcoxon

test as well as ran a t test for task completion times. Highlighted cells indicate analysis we replicated of the authors (dark

gray) or of the aggregated analysis (light gray).

Participant Task: lcsubstr Task: quadratic Task: fibonacci Task: mergesort
pdb prototype pdb prototype pdb prototype pdb prototype

N1 / Y1 11.56 6.37 33.1 16.32 15.03 14.55 10.54 12.5
N2 / Y2 30.06 8.2 10.14 11.22 27 16.11 18.13 12.23
N3 / Y3 10.3 5.29 21.5 10.58 13.31 11.81 15.04 14.32
N4 / Y4 5.8 5.5 19.31 17.76 17.24 18.33 18.33 13.9
N5 / Y5 2.85 6.96 10.45 14.4 12.45 14.78 20.78 15.61
N6 / Y6 21.11 4.89 12.8 10.33 25.69 15.6 20.5 13.8
N7 / Y7 23.11 7.36 27.45 14 34.46 13.28 30.5 11.44
N8 / Y8 12.71 8.11 20.45 15.4 18.51 18.44 14.33 14.49

Mean 14.69 6.59 19.40 13.75 20.46 15.36 18.52 13.54
p (Wilcoxon, original) 0.006* 0.037* 0.049* 0.014*
p (Wilcoxon, reanalysis) 0.011 0.039 0.098 0.027

t (df) 2.576 (7) 2.176 (7) 2.760 (7) 2.170 (7)
p (t test, reanalysis) 0.018 0.033 0.061 0.033

t (df) / p (aggregated) t = 4.489, df = 31, p < 0.001

*These p values cannot be replicated with a Wilcoxon test (see row p (Wilcoxon, reanalysis)). The
original p values remain significant after FDR correction, but our computed p values do not indicate a
significant difference for any individual task.

We can replicate the results of the authors that adding probabilistic inference to describe the probability of
how correct variables and statements are can make debugging faster. However, we found several inconsistencies
in the analysis of the authors: First, there was no correction for multiple comparison, which, however, would not
change the results. Second, and more importantly, we cannot replicate the p values with the data provided in the
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paper. We reran the one-sided paired Wilcoxon test with R11, and we come to different p values (provided in
Table 10). With an FDR correction, a significant difference only for the first task remains, which is the task with
the highest speed-up. When applying the full pipeline (i.e., check for normality, a t test (data for all tasks are
normally distributed), and the FDR correction), no significant difference for an individual tasks remains. However,
when aggregating the data for all four tasks together, we observe a highly significant effect. This highlights once
again the importance of (a) applying the correct analysis pipeline, (b) describe it in detail, and (c) deciding an
appropriate aggregation level is critical for interpreting data. In this case, we see results that could point in two
directions: the prototype may or may not generally be more efficient for debugging than the standard debugger.

9.3 Different Result: Does Organizing Security Patterns Focus Architectural Choices?

Summary: Yskout and others conducted a large-scale study to analyze the effect of structuring security require-
ments on the time and efficiency to improve a given software architecture to meet a security requirement [75]12

• Independent variable: Type of requirement specification (2 levels, operationalized as structured and plain)
• Tasks: 4 tasks to improve a given software architecture to meet a security requirement (plus a warm-up
task that was not analyzed).

• Dependent variables:
(1) Task completion time (referred to as “effort”) [metric scale]
(2) Efficiency (operationalized as the number of security patterns implemented, divided by the total number

of available security patterns) [metric scale]
• Null hypotheses (for each of the four tasks):

H 0time: The kind of requirement specification does not affect task completion time
H 0efficiency: The kind of requirement specification does not affect efficiency

• Results:
H 0time: No significant difference for any of the tasks regarding completion time.

H 0efficiency: Significant difference for 2 of the 4 tasks.

As aggregation function, we applied the arithmetic mean to both dependent variables (i.e., task completion
time, efficiency). We aggregated over all tasks (excluding the warm-up task). Before that, we removed outliers as
denoted by Yskout and others [75]. We applied the Wilcoxon test to both dependent variables, when the data
were not normally distributed; otherwise we applied a t test for stronger statistical power. We summarize our
reanalysis and which test we applied in Table 11. For the task completion time, we could replicate the result of no
significant difference, and come to the same conclusion as the authors. For efficiency, the aggregation yielded a
significant difference, so we also reject the null hypothesis.
In general, we can confirm the results of the authors. However, we like to note that in the introduction and

discussion of results, the authors were not very precise when discussing the benefit for efficiency. That is, although
they defined one null hypothesis for each task, they did not restrict their discussion to the tasks for which there
was a difference in efficiency, but kept the discussion very general, saying that they could find a benefit for
efficiency. This can easily be interpreted that, independent of the task, a structured requirement specification
leads to a higher efficiency, which would be a too strong statement. Instead, the authors should have discussed
the results task-wise, allowing them a more nuanced discussion, especially since there are two tasks that seem to
be better solvable with the structured requirement specification.

11Unfortunately, the authors did not specify the details, so we used the test that comes closest to the authors’ p values. Given the hypothesis
of the authors, we should have actually used a two-sided version.
12Link to data: https://distrinet.cs.kuleuven.be/software/securitypatterns/
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Table 11. Task completion times and efficiency for each of the tasks. We ran a Wilcoxon test when data were not normally

distributed, otherwise a t test. Highlighted cells contain values that are computed by us.

Task Kind of specification Time Efficiency

B

Plain 1639 0.139
Structured 1614 0.349
W 0.670 −3.891
p value 0.503 <0.001

C

Plain 1220 0.109
Structured 1648 0.239
W/t −1.282 3.884
p value 0.207 0.0001

D

Plain 1911 0.139
Structured 2109 0.146
t −0.582 −0.003
p value 0.564 0.998

E

Plain 1373 0.185
Structured 1701 0.111
W −1.252 1.673
p value 0.21 0.094

Plain 1763.53 0.21
Structured 1483.81 0.14
W −1.15 −2.85Aggregated

p value 0.25 0.004

9.4 Differing Results: Do Security Patterns Really Help Designers?

This study is by the same author team of the Study “Does Organizing Security Patterns Focus Architectural
Choices?” ([75]) and has a similar structure [76]. The authors conduct a similar study, in which 64 graduate
students in pairs of two should ensure the security of a banking system by completing six tasks. In a nutshell, the
authors could not find an effect of security patterns, neither on time to solve task nor on the number of covered
misuse cases. However, they found that some tasks were solved more often correctly when security patterns
were provided.

• Independent variable: Security patterns (2 levels, operationalized as present or not present
• Tasks: 6 different tasks to improve security of a given software system (plus a warm-up task that was not
analyzed

• Dependent variables:
(1) Task completion time [metric scale]
(2) Number of covered misuse cases (1 to 5) [ordinal scale]
(3) Correctness (wrong, some errors, correct) [ordinal scale]
• Null hypotheses:
(1) The usage of security patterns has no influence on the mean time needed to complete a task.
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Table 12. Completion time, number of covered misuse cases, and correctness for each task, as well as for all tasks. Highlighted

cells indicate analysis we replicated with Wilcoxon tests of the authors (dark gray) or of the aggregated analysis (light gray).

Tasks
Variable Pattern? B C D E F G All

Time [h] Not present 0.78 0.89 0.88 0.81 0.91 0.53 2.42
Present 0.92 1.06 1.09 0.87 1.02 0.69 2.81

U/t 0.418 0.302 0.661 0.036 1.481 0.245 1.242 (df = 30)
p value 0.676 0.763 0.509 0.970 0.138 0.806 0.219

Misuse cases Not present 43 13 31 48 38 39 212
Present 65 20 34 50 35 53 257

U 1.557 1.150 0.925 0.188 0.589 0.944 1.866
p value 0.119 0.250 0.355 0.851 0.556 0.345 0.062

Not present 18 5 20 20 17 16 96Correctness Present 25 17 21 26 17 25 131
U 0.361 2.977 0.850 1.809 1.102 1.529 3.525
p value 0.718 0.003 0.396 0.070 0.271 0.126 0.0004

(2) The usage of security patterns has no influence on the mean number of covered misuse cases for a task.13
(3) The usage of security patterns has no influence on the correctness scores of a task (not explicitly stated

in the paper, but still tested).
• Results:
(1) No significant effect of security patterns on the time to solve task
(2) No significant effect of security patterns on the number of covered misuse cases
(3) A significant effect for two of the six tasks for correctness

We summarize the number of covered misuse cases, correctness, and time to solve the tasks in Table 12. We
cannot replicate the p values with Wilcoxon tests (data were not normally distributed) that the authors reported,
possibly because we used Python (scipy) for the reanalysis, while the authors used R. This leads to the fact that
we did not observe a significant difference in correctness for Task E, although the authors did. However, the
authors did not correct for multiple comparisons. Using an FDR correction based on the p values of the authors,
the difference for Task E also vanishes.
In the reanalysis, we aggregated the data over all tasks, such that we sum up the values for all tasks and

then compare the means (task completion time) and ranks (number of misuse cases, correctness). In essence, we
can confirm that for response time and number of misuse cases, the presence of security patterns has no effect.
However, for correctness, we find a significant difference over all tasks in favor of security patterns.

To conclude, for this case, the aggregation did not really change the overall picture. We confirmed the authors’
result that correctness can be affected by the presence of security patterns. With the task-wise analysis, the
authors looked deeper into the data. What would have been interesting now is to take a closer look at how Task E
differs from the others. For example, this task was the only task for which the security pattern Demilitarized Zone
was relevant. Maybe this pattern is especially helpful to understand how to implement security updates to an
existing application (in this case, to prevent read access).

13Technically, the mean is not correct here, as the authors used a Wilcoxon test, which does not compare the means, but the rank sums.
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9.5 Same Results: Boa: A Language and Infrastructure for Analyzing Ultra-Large-Scale Software

Repositories

Summary: The authors developed a domain specific language called Boa to ease the process of querying infor-
mation from many open-source projects (e.g., from SourceForge or GitHub). They evaluated Boa compared to
Java by letting participants write scripts in each language. The scripts were analyzed regarding lines of code and
execution times.

• Independent variable: Language (2 levels, operationalized as Boa and Java)
• Tasks: 21 typical mining tasks of four different areas:

A Programming language (3 tasks, A1 to A3)
B Project management (11 tasks, B1 to B11)
C Legal (2 tasks, C1 and C2)
D Platform/environment (5 tasks, D1 to D5)

in three categories:
– Metadata only (Tasks A1, A2, B1, B2, C1, C2, D1 to D5)
– Data from one or few revision (Tasks A3, B3 to B5)
– Data from most of the revisions (Tasks B6 to B11)

• Dependent variables:
(1) Lines of code per language and task [metric scale]
(2) Execution time per language (Java: repositories cached) and task [metric scale]
(3) Execution time per language (Java: repositories remotely accessed) and task [metric scale]
• Results:
(1) 8 to 18 fewer lines of Boa code compared to Java code
(2) 8 to 250 times of speed up for Boa code compared to Java code (repositories cached)
(3) 459 to 2364 times of speed up for Boa code compared to Java code (repositories remotely accessed)

Participants created one script for each task, so for each dependent variable, there was one data point (e.g.,
89 Lines of code for Task A3 for the Java script). Hence, it was not possible to conduct a significance test or
state a null hypotheses. Instead, the authors reported the differences in terms of multiples (e.g., the Java script
consist of 9x as much lines of code as the Boa script). In Table 13, we show the according data. In their discussion,
the authors highlighted the maximum benefit, especially when comparing the remote access of Java scripts to
the Boa scripts, they speak of an improvement of more than 2 000 times. Aggregating the data according to the
three categories of the tasks defined by the authors, this number reduces to 1 800, and aggregating further, it
becomes 1 300, which still can be seen as considerable improvement, without highlighting the maximum benefit.
Thus, in this case, aggregation would not fundamentally alter the conclusions that can be drawn (i.e., that Boa
scripts are shorter and faster), but the numbers reflect the average case, instead of the maximum case. Especially
when it comes to evaluating a newly developed approach, it is important to be more objective and consider the
aggregated data, instead of promoting the best values.
The authors also analyzed the scalability of the approaches, which also happened task-wise. In Figure 3, we

show the original figure (Fig. 15 in the original paper), and additionally the aggregated version. Again, the
information point to the same conclusion, that is, that for 60k projects and upwards, Boa is faster. The non-
aggregated plot shows the additional information that this is true for all tasks, and not, for example, better for
80 % of the tasks and considerable worse for 20 % of the tasks. By contrast, the aggregated plot shows the data in
a more concise way. Thus, depending on the underlying data, one could decide whether to aggregate or not to
aggregate the data. In this case, the aggregated plot does not hide any irregularities in the data, so it might be a
good choice.
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Table 13. Raw data for evaluation of Boa. Gray cells contain values computed by us.

LOC Time
Category Task Java Boa Diff Java Boa Diff Java Diff

(cached) (cached) (remote) (remote)

Metadata A1 61 4 15.25 602 59 10.20
A2 32 4 8.00 603 51 11.82
B1 43 3 14.33 651 42 15.50
B2 45 4 11.25 556 46 12.09
C1 63 4 15.75 474 44 10.77
C2 32 4 8.00 522 57 9.16
D1 61 4 15.25 469 57 8.23
D2 33 4 8.25 597 41 14.56
D3 61 4 15.20 498 47 10.60
D4 32 4 8.00 558 64 8.72
D5 71 5 14.20 598 49 12.20

One/few revisions A3 89 10 8.90 6998 41 170.68 45793 1116.90
B3 66 6 11.00 5053 56 90.23 25690 458.75
B4 107 6 17.83 4880 48 101.67 18700 389.58
B5 60 5 12.00 4636 59 78.58 17888 303.19

Most revisions B6 76 6 12.67 10750 45 238.89 95404 2120.09
B7 69 6 11.50 10821 50 216.42 85265 1705.30
B8 72 4 18.00 10435 58 179.91 95755 1650.95
B9 68 5 13.60 10431 62 168.24 88440 1426.45
B10 79 6 13.17 10489 43 243.93 100883 2346.12
B11 82 6 13.67 10518 44 239.05 88279 2006.34

Metadata 48.55 4.00 12.14 557.09 50.64 11.00
One/few revisions 80.5 6.75 11.93 5391.75 51.00 105.72 27017.75 529.76
Most revisions 74.33 5.5 13.52 10574.00 50.33 210.08 92337.67 1834.52

All 62 4.95 12.52 4339.95 50.62 85.74 66209.70* 1308.49*

*Only based on the categories one/few revisions and most revisions

9.6 Same Results: Explaining Inconsistent Code

Summary: The authors developed an approach to automatically detect and highlight inconsistent code via the
construction of error invariant automata (EIA). In a small user study, they found that their approach helped
participants to detect inconsistencies in code [61].

• Independent variable: Approach to display inconsistent code (2 levels, operationalized with visual assistance
based on invariant automata, and without visual assistance)

• Tasks: 6 tasks to detect inconsistencies in different code snippets
• Dependent variable: Task completion time [metric scale]
• Null hypotheses:

No test was conducted because of small sample size (12 participants), so no hypotheses were stated.
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Fig. 4. Task completion time to detect inconsistencies in code. EIA: Error Invariant Automata (author’s approach).

• Results: Speed up by a factor of three for the version that created visual assistance based on error invariant
automata.

We agree with the authors that with such a small sample size, a statistical test does not make much sense.
However, when aggregating the response times for all tasks, we can increase statistical power, so that we can
conduct a significance test here. Since the data are not normally distributed, we use a paired Wilcoxon test,
showing that the speed up in favor of the visual assistance based on error invariant automata is significant
(W = 75, p = 0.002). In Figure 4, we show the task-wise response times, as well as the aggregated response times
over all tasks (right in Figure 4). Thus, in this case, aggregation did not lead to different results, but we can state
more determined that using the error invariant automata to visualize inconsistencies in code does significantly
help participants to detect inconsistencies.
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9.7 Same Results: Feedback-Based Debugging

Summary: The authors present their approach to integrate light-weight feedback in the debugging process, and
based on this, automatically recommend suspicious execution traces. They implement their approach in the tool
Microbat, and compare it to the Whyline tool. They found that participants who used Microbat are significantly
faster in debugging [51].

• Independent variable: Tool (2 levels, operationalized with Microbat and Whyline)
• Tasks: 3 debugging tasks on three different programs
• Dependent variable: Task completion time (referred to as performance) [metric scale]
• Null hypothesis:
– No difference in performance between the two groups for none of the tasks

• Results:
– The authors reject all three null hypotheses, such that Microbat reduces the task completion time for all
tasks.

In the reanalysis (cf. Table 14), we aggregated the data over all three tasks, and we come to the same conclusion
as the authors: TheWilcoxon test showed that over all tasks, the participants who usedMicrobat were significantly
faster than the participants who used Whyline. We used the Wilcoxon test (not the t test), since the Shapiro-Wilk
test revealed a deviation from normality. The authors did not correct the p level for multiple comparison, but an
FDR correction does not lead to different conclusions.

9.8 Same Results: FlexJava: Language Support for Safe and Modular Approximate Programming

Summary: The authors develop FlexJava, an approach to support approximate programming for the Java
programming language. They compare it to EnerJ as baseline [57].

• Independent variable: Tool support (2 levels, operationalized with, FlexJava and EnerJ)
• Tasks: 3 different benchmarks, each with two versions in different orders
• Dependent variables: Task completion time [metric scale]
• Null hypotheses:

Not explicitly stated, but to compare the time to annotate source code with each of the two tools
• Results:
(1) Authors state that there is a significant difference, yet did not report on a significance test

Our reanalysis consisted of two steps. First, we conducted the significance tests. To this end, we first checked
for normality and then applied the appropriate test (t test for dependent samples or Wilcoxon). In Table 15, we
summarize the results of our reanalysis.

For this study, it does not make a difference whether we aggregate the data or not; the difference is significant
on the task level as well as over all tasks. Thus, we have provided evidence for the authors’ statement of a
significant difference. To reanalyze the data, we have extracted the numbers from Figure 9 of the paper, as we
could not access the exact numbers. Although the authors provide a replication package, which is approved by
the Replication Packages Evaluation Committee of FSE 2015, we could not find the results of the study in the
repository.
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Table 14. Task completion times per task and participant. The authors ran Wilcoxon tests. We ran Wilcoxon tests when data

were not normally distributed, otherwise t tests. Highlighted cells indicate analysis we replicated of the authors (dark gray)

or of the aggregated analysis (light gray).

Group Participant Task 1 Task 2 Task 3

Microbat

P1 5.7 8.1 10
P2 10 9.8 7.8
P3 9.7 4.2 7
P4 12.1 9.5 10.5
P5 20.4 7.3 13.5
P6 16 11.4 6.5
P7 12.2 10.7 11.2
P8 33.2 22.9 12.6

Whyline

P9 15.5 18 12.1
P10 10.2 25.5 25.4
P11 25.5 10.1 19.5
P12 36.2 32.7 25.1
P13 35.2 35.1 35.3
P14 42.3 34.8 13
P15 27.2 47.4 22.5
P16 48.6 39.5 43.4

Microbat Average 14.9 10.5 9.9
Whyline 30.1 30.4 24.5

p value (original) 0.012* 0.012* 0.012*

W / t (df) −2.746 −2.94 (14) −3.790
p value (reanalysis) 0.0158 0.003 0.002

Microbat 11.76
Whyline Average 28.34

W -4.815
p value (reanalysis) < 0.001

* We cannot replicate the exact p values.

Table 15. Task completion times for each task. We ran a t test for the “sor” approach and Wilcoxon for the other two tasks.

Gray cells contain values computed by us.

Approach sor smm fft mean

FlexJava 2.8 1.95 3 2.583
EnerJ 14.9 18.44 19.94 17.76

t / W -9.883 0 0 -8.908
df 9 – – 9
p <0.001 0.002 0.006 <0.001
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