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Abstract—Test smells can pose difficulties during testing activ-
ities, such as poor maintainability, non-deterministic behavior,
and incomplete verification. Existing research has extensively
addressed test smells in automated software tests, but little
attention has been paid to smells in natural language tests. While
some research has attempted to catalog such test smells, there
is a lack of investigation into their impact on the effectiveness
of test cases. In this paper, we conduct a controlled experiment
with 30 participants from academia and industry to examine the
impact of test smells in manual test descriptions. Specifically, we
analyze whether the presence of two test smells, Ambiguous Test
and Eager Action, result in (1) increased test execution time, (2) a
higher number of steps needed to complete the tests, and (3) high
divergency on the perceived success of the tests outcomes. Our
findings reveal that an Ambiguous Test can increase execution
time by up to five times and screen flow by up to seven times.
In addition, if the Eager Actions are dependent on one another,
there is no increase in execution time and screen flow.

Index Terms—Test Smells, Manual System Testing, Controlled
Experiment, Empirical Software Engineering.

I. INTRODUCTION

System testing is a key activity in software quality assur-
ance, as it verifies the overall behavior and correctness of a
system as a whole, ensuring that all integrated components
work together as expected [1]. As software systems evolve
and undergo continuous modifications during development,
system tests must also be easily adaptable to keep pace with
these changes. For this reason, automated system testing has
received significant attention in years [2]–[4].

Despite this growing interest, manual system testing re-
mains a prevalent practice in many software development
context [5]. In manual testing, human testers execute test cases
by interacting with the software directly, based on a set of
predefined instructions typically written in natural language.
These test cases do not rely on scripts or automation tools to
verify behavior but instead require testers to read, interpret,
and validate expected outcomes themselves. Manual tests are
especially common when automation is not feasible due to
time, cost, or tooling limitations [5], [6]. In such contexts, the
clarity, readability, and maintainability of test cases become

even more crucial, as inconsistencies or ambiguities in the
written instructions can lead to divergent interpretations and
unreliable test outcomes.

Among the numerous factors that influence test code quality,
the concept of test smells has gained importance in recent
years. Test smells are considered bad decisions to either design
or develop the tests [7], [8]. Their presence in the tests may
hinder the testing ability to find bugs due to incomplete veri-
fications [9] and non-deterministic behavior [10]. Researchers
have also investigated the effects of test smells from different
perspectives, particularly in the context of automated software
testing. Some studies investigated the diffusion of test smells
and their impact on quality attributes and maintainability [11]–
[14]. Other studies explored the test code quality from code
and mutation coverage [15], [16], as well as its defect- and
change-proneness perspectives [17], [18].

While much of the research has focused on test smells in
automated testing, still little is known on how test smells affect
the execution and interpretation of manual tests [5], [19]. To
fill this gap, we empirically investigate whether and how the
presence of two prevalent natural language test smells, i.e.,
Ambiguous Test and Eager Action, influences test execution
effectiveness. The former refers to test cases with unclear
steps or expectations, causing testers to interpret instructions
inconsistently. The latter involves combining multiple actions
into a single step, potentially obscuring the root cause of
test failures [20]. Specifically, through a controlled experiment
involving 30 participants from academia and industry, we mea-
sure whether these smells lead to increased test execution time,
a higher number of steps performed, and a high divergency on
the perceived success of the tests outcomes.

Our results show that an Ambiguous Test can increase
execution time by up to five times and screen flow by up to
seven times. In addition, if the Eager Actions are dependent
on one another, there is no increase in execution time and
screen flow. Moreover, Ambiguous Test led to high variability
in participants’ perception of test success, suggesting that
ambiguity can compromise the clarity and reliability of test



outcomes. To sum up, our contributions are:

1) Empirical investigation of the harmfulness of test smells
in manual tests, shedding light on their impact on testers’
productivity and the reliability of testing activities.

2) Quantitative analysis of the effects of Ambiguous Test and
Eager Action smells on test execution, providing evidence
of their impact on execution time and screen flow.

3) Contribution to the broader understanding of how test
smells influence manual testing processes, expanding
literature that has primarily focused on automated testing.

The remainder of this paper is structured as follows. Section
II defines the goal and research questions. Section III shows
the experiment design. Section IV shows the results, and
Section V discusses them. Section VI lists the threats to the
validity of the study. Section VII discusses related works.
Finally, Section VIII concludes the paper.

II. GOAL AND RESEARCH QUESTIONS

The goal of our study is to understand to what extent the
Ambiguous Test and the Eager Action test smells are harmful
when executing manual tests. The purpose of the study is to
evaluate whether the presence of these test smells in manual
test descriptions leads to (1) increased time spent executing the
tests, (2) a higher number of steps required to complete the
tests, and (3) a higher divergency on the perceived success
of the the test outcome. The perspective is that of both
researchers and practitioners interested in understanding how
manual test quality affects the performance of testers, with
implications for improving testing efficiency and the overall
effectiveness of test documentation.

More specifically, our investigation aims to address the
following research questions (RQs):

ü RQ1. To what extent do Ambiguous Test and Eager Action
test smells affect test execution time?

Test smells can introduce inefficiencies in test execution. In
particular, the Ambiguous Test might cause delays as the tester
takes more time to understand the instructions, and the Eager
Action might cause failures due to unhandled intermediate
states. Therefore, we aim to quantify the impact of these
test smells on execution time, helping to determine whether
reducing such smells leads to more efficient test execution.

ü RQ2. To what extent do Ambiguous Test and Eager Action
test smells affect the flow of screens during test execution?

Certain test smells may unintentionally alter the expected
screen transition sequence in tests. For instance, Ambiguous
Tests might lead to incorrect navigation paths due to unclear
instructions. Meanwhile, an Eager Action might lead testers
to skip steps when executing the test case in the user inter-
face. Therefore, RQ2 investigates whether test smells disrupt
the natural flow of screens during test execution, potentially
causing unexpected failures or requiring manual intervention.

ü RQ3. To what extent do Ambiguous Test and Eager Action
test smells lead to divergencies on the perceived success of
the tests outcome?

Test smells can impact the reliability and accuracy of test
results. The Ambiguous Test might lead to inconsistent test
execution, causing false positives or negatives. Differently,
the Eager Action might result in premature failures that do
not reflect real-world user behavior. By investigating how
different test smells influence test results such as pass/fail
rates, execution inconsistencies, or the need for reruns, RQ3

aims to evaluate whether test smells lead to inconsistencies
when evaluating the tests outcomes.

III. EXPERIMENT DESIGN

This section reports our research method. We followed the
empirical software engineering guidelines by Jedlitschka et al.
[21] and the ACM/SIGSOFT Empirical Standards1 to design
and report the experiment.

A. Planning and Instrumentation

To answer our research questions, we conducted a controlled
experiment following a between-groups design [22]. A sum-
mary of the main steps to execute the experiment is depicted
in Figure 1. In particular, we executed the experiment one
participant at a time. In the first step, we asked each participant
to sign a consent form (Pre-survey). We informed them that
their names would not be disclosed and that they could
withdraw from the experiment at any time. In the second step,
we gave a document containing the definition and examples of
manual tests to all participants (Introduction). In the third step,
we provided four manual tests for each participant and asked
them to execute the tests on the Ubuntu operating system.
Half of the participants received four tests containing smells,
while the other half received tests without smells. We recorded
the screens to allow us to collect the execution time and screen
flow metrics. After completing the tests, participants filled out
a form to indicate whether each test had passed or failed. We
also collect data regarding their testing experience and whether
their primary occupation is in an industry or academic context.

B. Experimental Materials

Questionnaires. After inviting the participants to take part
in the experiment, we sent them an online pre-survey via
email to assess the participants’ knowledge of each technology,
enabling us to assign them to appropriate groups. At the end
of the experiment, participants completed a post-survey ques-
tionnaire, which aimed to gather feedback on the experiment
and the evaluated tools.

Hardware and Software. During the experiment, partici-
pants accessed the same workstation to carry out the tasks.
Specifically, we used a workstation running UBUNTU VER-
SION 24.04 LTS. To monitor and record the experiment, we
used the EYE OF GNOME 45.32 for basic viewing effects (such

1Available at https://github.com/acmsigsoft/EmpiricalStandards.
2Available at https://wiki.gnome.org/Apps/EyeOfGnome

https://github.com/acmsigsoft/EmpiricalStandards
https://wiki.gnome.org/Apps/EyeOfGnome


Fig. 1. Controlled experiment design.

as zooming and tracking mouse pointer) and OBS Studio3

to record the screen for further analysis.

System under analysis. For our experiment, we focused
on a Linux-based environment given its open-source nature,
which allows full control over the system configuration and
facilitates reproducibility. Among the available Linux distri-
butions, we selected Ubuntu due to its widespread adoption,
with 79% of Linux users choosing it.4 Its prominence in both
academia and industry ensures familiarity for most partici-
pants, minimizing potential bias. Moreover, Ubuntu provides
a public repository of manual test cases written in natural
language, which served as a realistic and consistent basis for
our experimental tasks.5

Test smells under analysis. Although several types of test
smells have been identified and cataloged [5], [12], [20], [23],
we chose test cases containing the Ambiguous Test and Eager
Action as they are highly diffused in manual test cases [19].
They are described as follows.

• Ambiguous Test: First proposed by Hauptmann et al. [5],
this smell refers to an unclear test that allows for multiple
interpretations, hindering the understanding of the actions
to be performed. A key indicator of this test smell is
the use of vague and non-specific terms such as “some,”
“other”, or “any” [5], [19], [20].

• Eager Action: This test smell occurs when a single step
or action encompasses multiple actions. A failure in a
test with this smell complicates the developer’s ability to
understand the cause of the failure [12], [19], [20].

C. Participants

We conducted the experiment in September 2024, individu-
ally and in person with each participant. We recruited 30 par-
ticipants through convenience sampling, including Computer

3Available at https://obsproject.com/
4Available at: https://canonical.com/blog/ubuntu-20-04-survey-results
5Available at: https://launchpad.net/ubuntu-manual-tests

Science students from the University of anonymous, as well
as practitioners from the anonymous company 1 and the
anonymous company 2. We selected participants from both
academia and industry to enhance the diversity of the sample
to capture a broader audience. Although we did not analyze
performance by experience level, we ensured that both groups
included participants with varying expertise.

Table I shows a summary of the participants’ profiles. Of
these participants, 67.6% were from academia, and 32.4%
were from the industry. The majority of the participants have a
B.Sc. degree (88%), while only 12% of the participants have a
higher education level. In addition, we also collected the par-
ticipants’ experience with manual test cases and development
activities. The answers are categorized in: 0 (no experience);
0 ⊢ 1 (up to 1 year of experience); 1 ⊢ 2 (1 to 2 years of
experience); 2 ⊢ 3 (2 to 3 years of experience), and 3+ (3
years or more experience). The participants also play different
roles in their jobs, including Data Analyst (DA), Data Engineer
(DE), Developer (D), Infrastructure Analyst (InfA), Systems
Analyst, Database Admin (DA), Lecturer (L), Project Manager
(PM), Product Owner (PO), Researcher (R), and Requirements
Analyst (RA), Software Engineer (SE), Student (S).

D. Tasks

The task assigned to participants consisted in the execution
of four manual test cases, each provided in two versions: one
affected by a test smell and one without it. or the sake of space,
we report only an example for each smell in the paper — our
online appendix [24] contains all four manual test cases used
for the experiment in both versions (smelly and non-smelly).

Figure 2 shows a manual test case with the Ambiguous
Test smell (actions highlighted in red) and its version smell-
free (actions highlighted in green). In the smelly version,
the action “Open an OpenDocument presentation (.odp) file
containing special characters in your language” is considered
ambiguous, as it creates uncertainty by failing to specify which
document the tester should open. This lack of specificity can
lead to different testing paths and, consequently, divergent

https://obsproject.com/


TABLE I
PARTICIPANTS OF OUR EXPERIMENT.

ID Working on Experience w/ tests Experience w/ development Educational level Role Group

P2 Industry 3+ 3+ MSc SE A
P3 Academia No experience 0 ⊢ 1 B.Sc. SA B
P5 Academia 1 ⊢ 2 1 ⊢ 2 B.Sc.-S PO, S B
P6 Academia 0 ⊢ 1 1 ⊢ 2 B.Sc.-S InfA, S A
P7 Academia No experience 0 ⊢ 1 B.Sc.-S D, S B
P8 Academia 0 ⊢ 1 1 ⊢ 2 B.Sc.-S D, S A
P9 Academia 0 ⊢ 1 3+ B.Sc. D B
P10 Industry No experience 1 ⊢ 2 B.Sc.-S DA, S A
P11 Academia 1 ⊢ 2 1 ⊢ 2 B.Sc. D B
P12 Academia 0 ⊢ 1 3+ B.Sc.-S D, S A
P13 Academia 3+ 3+ MSc D B
P14 Industry 0 ⊢ 1 3+ B.Sc.-S D, S A
P15 Industry No experience 1 ⊢ 2 B.Sc.-S DE, S B
P16 Academia 1 ⊢ 2 3+ B.Sc.-S D, S A
P17 Industry 0 ⊢ 1 3+ B.Sc. C B
P18 Industry 1 ⊢ 2 3+ B.Sc. DE A
P19 Academia 3+ 3+ B.Sc.-S SE, S B
P20 Academia 0 ⊢ 1 1 ⊢ 2 B.Sc.-S D, S A
P21 Academia No experience No experience B.Sc.-S S B
P22 Industry 0 ⊢ 1 0 ⊢ 1 MSc R A
P24 Academia No experience 3+ B.Sc.-S D, S A
P25 Academia No experience 1 ⊢ 2 B.Sc. S B
P26 Industry 3+ 3+ B.Sc.-S D, R, PM, S A
P27 Industry 0 ⊢ 1 3+ B.Sc. D B
P28 Academia No experience No experience B.Sc. R A
P29 Industry 3+ 3+ B.Sc. D B
P31 Academia 0 ⊢ 1 0 ⊢ 1 B.Sc.-S S, S B
P32 Academia No experience 1 ⊢ 2 B.Sc.-S S A
P34 Academia No experience 0 ⊢ 1 B.Sc.-S R, S A
P35 Academia No experience 0 ⊢ 1 B.Sc. R B

Fig. 2. Test #1 with an Ambiguous Test in the smelly version (highlighted in
red) and without test smells (highlighted in green)

results. To eliminate this ambiguity, the smell-free version of
the test specifies the action as “Open the file ‘/Documents/-
fileTest.odp’ containing special characters in your language”
thereby clearly indicating which file should be opened and
removing any potential for ambiguity.

Figure 3 shows the manual test case with the Eager Action

smell (actions highlighted in red) and its version smell-free
(actions highlighted in green). In the smelly version of the
test, multiple actions are combined into a single step, such
as “Click on the ’Show Apps’ icon and launch backup by
entering ’backups’.” Combining several actions in one step
may cause the tester to lose track during execution, and in
the case of a failure, it becomes difficult to pinpoint which
specific action caused the failure. To address this issue, the
smell-free version separates each action into individual steps
with its own verification.

E. Metrics
Since each test case includes actions that are shared between

the smelly and non-smelly versions, we introduce the concept
of a Critical Zone to focus our analysis. A Critical Zone refers
specifically to the steps within a test case that exhibit the
targeted test smell. For example, in Figure 2, only the first
action (line 1) is affected by the Ambiguous Test smell; thus,
metrics such as execution time and interactions were calculated
solely for that step. In contrast, Figure 3 includes multiple
smelly actions (lines 2 and 4) interleaved with a non-smelly
one (line 3). In this case, we aggregated the metrics associated
with the smelly steps only, excluding those related to non-
smelly actions. This selective approach ensures a focused and
fair comparison between the two versions of each test case.

We calculated the following metrics:
1) Execution Time counts the time a participant spent in

the critical zone to complete the test.



Fig. 3. Test #4 with an Eager Action in the smelly version (highlighted in
red) and without test smells (highlighted in green)

2) Screen Flow counts the screen transitions navigated by
the participant in the critical zone to complete the test.

3) Number of Interactions counts the interactions with
elements within the critical zone to complete the test.

4) Perceived Success evaluates whether the participant con-
sidered the outcome of the test case to be successful.

F. Variables of the Study

Independent variables: The experiment analyzes two
independent variables corresponding to the presence of specific
test smells. Specifically, test cases are categorized into two
groups: those that contain test smells, such as Ambiguous
Test and Eager Action, and those that do not contain any
test smells. The experiment aims to analyze how the presence
of the specific test smells affects the dependent variables of
our study. It is worth highlighting that each test case was
intentionally designed to exhibit only one test smell at a time.
This decision aligns with the primary goal of the study, which
is to understand the individual impact of the Ambiguous Test

and Eager Action smells on the execution of manual tests. In
this way, we ensure a focused and controlled analysis, without
confounding results from the interaction of multiple smells.

Dependent Variables: The experiment analyzes three de-
pendent variables: (i) execution time, (ii) screen flow, and (iii)
test execution output. For RQ1, the variable is the execution
time, which is measured as the duration that participants
took to execute each test case. This allows us to assess the
efficiency of test execution under the influence of test smells,
specifically the time taken from start to finish in performing
the test activities. For RQ2, the variable is the screen flow,
which refers to the sequence and smoothness of transitions
between different screens or steps during the test execution.
This metric is crucial for understanding how test smells might
impact the logical progression and user experience during test
execution, possibly indicating delays, confusion, or disruptions
in the flow of actions. As for RQ3, the variable is the test
execution output, i.e., pass or fail. This variable captures the
final result of each test case, helping to measure the effect of
test smells on the effectiveness and correctness of the tests.
The outcome could reveal whether the presence of test smells
leads to divergencies when interpreting the tests outcomes.

Each metric was recorded individually for each task and
participant, enabling a detailed analysis of their performance.

G. Experiment design

We employed a between-groups design [22] with two
groups: Group A is the treatment group that received the
smelly test cases, and Group B is the control group that
received no variable treatment and is used as a reference.
Based on that, we assigned participants to the groups, each
consisting of 15 participants — the group assignment of each
participant is reported in Table I. To balance the groups, we
took into account the participants’ background experience,
making sure that each group had both experienced participants
in testing and development (such as P2, P13, P19, P26, and
P29) and non-experienced participants (such as P21 and P28).

H. Pilot study

We conducted a two-round pilot study involving a total of
25 pilot testers. The objective of the first round was to assess
whether testers, who were not part of the Ubuntu development
team, could understand and execute the original smelly test
cases. We distributed test cases containing the Ambiguous Test
and Eager Action test smells, and after the test cases were
successfully executed, we refactored these test cases to remove
the test smells and performed the second round of the pilot
study. This round aimed to determine whether the refactored
test cases remained executable by the testers and to ensure
that the applied refactorings preserved the original intent and
functionality of the test cases.

I. Analysis Procedure

We first formulated the working hypotheses that we statis-
tically assessed. As for RQ1, given the execution time metric



and the set of test smells (Tsi) considered in the study, our
null hypothesis was the following:

Hn1. There is no significant difference in terms of execution
time between test cases affected and not by Tsi.

As for RQ2, given the number of steps in the screen data
flow metric and the set of test smells (Tsi) considered in the
study, our null hypotheses were the following:

Hn2. There is no significant difference in the screen data flow
for test cases affected and not by Tsi.

Hn3. There is no significant difference in the number of
interactions for test cases affected and not by Tsi.

As for RQ3, given the number of test execution output
metric and the set of test smells (Tsi) considered in the study,
our null hypothesis was the following:

Hn4. There is no significant difference in test output for test
cases affected and not by Tsi.

If one of the null hypotheses is statistically rejected, we will
accept the corresponding alternative hypothesis, namely:

An1. There is a significant difference in test execution time
for test cases affected and not by Tsi.

An2. There is a significant difference in the screen data flow
for test cases affected and not by Tsi.

An3. There is a significant difference in the number of inter-
actions for test cases affected and not by Tsi.

An4. There is a significant difference in test output for test
cases affected and not by Tsi.

Then, we applied statistical tests to verify the working
hypotheses, hence accepting or rejecting them.
Statistical tests for RQ1 and RQ2. The execution time and
screen flow metrics measured in these RQs return discrete
numerical data. Initially, we performed the Shapiro-Wilk [25]
to verify the data normality with a significance level of 5%.
If the p-value returned by the test is less than 5%, the data is
not normally distributed. As the data does not follow a normal
distribution for any of the metrics, we applied the Mann-
Whitney test [26] to analyze the hypotheses with a significance
level of 5%. If the p-value returned by the test is less than 5%,
we refute the null hypotheses.

Statistical tests for RQ3. The output of the test case metric
returns a categorical data, i.e., test pass or fail. We applied the
Chi-Square test [27] to check if the proportion of successes
and failures differs significantly between the tests, with a
significance level of 5%. If the p-value returned by the test
is less than 5%, we refute the null hypotheses.

J. Publication of generated dataset

All artifacts, surveys and experiment structure, participants’
answers, scripts for the data analysis used to perform this study
are made publicly available in an online repository [24].

IV. RESULTS

This section presents the results for each RQ.

A. Test smells impact on execution time (RQ1)
We collected and analyzed the time spent by the participants

in the critical zone to execute each test case. Participants
with the smelly version of test cases finish their tasks in
120.38 seconds on average with a standard deviation (sd)
of 127.92, indicating a high variability in execution times
across participants. Differently, participants with the non-
smelly version of test cases finished the execution of their tests
in 47.20 seconds on average with a sd of 33.04. In general,
test smells can increase execution time by up to 2.5 times.

Figure 4 presents the execution time metric per test case.
Regarding the smelly version, while test cases with Ambiguous
Test present an average execution time of 189.10 seconds with
a sd of 147.03, the test cases with Eager Action present an
average execution time of 51.67 seconds with a sd of 43.65.
When comparing Test #1 and #2 for the Ambiguous Test, the
former is more complex, requiring an execution time of 271.53
seconds (sd = 157.63) against 106.67 seconds (sd = 73.27).
When comparing Test #3 and #4 for the Eager Action, the
latter is more complex, requiring an execution time of 65.87
seconds (sd = 52.95) against 37.47 seconds (sd = 26.69).
Regarding the non-smelly version, while test cases with Eager
Action present an average execution time of 57.33 seconds (sd
= 29.14), test cases with Ambiguous Test present an average
execution time of 37.07 seconds (sd = 34.05). Therefore, the
smelly version of the test cases with Ambiguous Test can
increase execution time by up to five times. In contrast, the
execution time for Eager Action is similar in both versions.

In addition, we investigated whether there was a statistically
significant difference in the execution of each test case. The re-
sults of the Mann-Whitney test show a significant difference for
Test #1 (p-value = 4.1e-06) and Test #2 (4.2e-04). Differently,
the statistical test does not indicate a significant difference for
Test #3 (p-value = 6.8e-02) and Test #4 (2.4e-01). Thus, we
refute the null hypothesis (Hn1) for the Ambiguous Test and
we accept it for the Eager Action, answering our RQ1.

 Summary1. We refute the null hypothesis (Hn1) for test
cases affected by the Ambiguous Test. In particular, the
smelly version of the test cases with Ambiguous Test can
increase execution time by up to five times. For Eager Action
smell, we do not observe statistically significant differences
in the execution time.

B. Test smells impact on screen flow (RQ2)
We mapped all actions performed by the participants while

executing the test case in order to establish a consistent way to
compare the results. For example, Figure 2 shows the Test #1
versions with and without the Ambiguous Test. We mapped
31 actions taken by the participants to execute Test #1. We
mapped all the actions and established the screen flows as
reported in Table II. Similarly, we created ten labels to describe
the participants’ actions to execute the Test #4 described in
Figure 3, which translates to the screen flows in Table III.

In general, participants performed a flow composed of 8.05
screens on average, with a standard deviation (sd) of 4.50 for



Fig. 4. Violin Plots for the test cases execution with and without test smells.

the test cases with test smells, and a flow with 3.75 screens
on average, with an sdn of 1.56 screens for test cases without
test smells. Concerning test cases with the Ambiguous Test,
participants took 10.87 screens on average (sd = 6.20) for
executing Test #1 and 9.4 screens in average (sd = 2.72) for
executing Test #2. In contrast, the participants took an average
of 3 screens for executing Test #1 and 2 screens for executing
Test #2 without the Ambiguous Test (sd = 0). Concerning the
test cases with Eager Action, participants took, on average,
4.93 screens (sd = 1.53) for Test#3 and 7.00 screens (sd =
3.87) for Test #4. In contrast, the participants took an average
of 4 screens (sd = 0.9) for executing Test #3 and 6 screens
(sd = 0) for executing Test #4 without the Eager Test. Figure
5 shows the screen flow length per test case.

Figure 6 presents the multidimensional scaling plot consid-
ering the similarities between the screen flows. Note that the
axes represent a mathematical projection that preserves the
original distances between data points, but they have no direct
interpretation. In particular, Tests #1 and #2 present highly
dispersed values for participants executing the version of the
test cases with Ambiguous Test. Differently, the participants
executing the same test cases without test smells followed the
exact same screen flow. When analyzing the Eager Action, we
have an interesting scenario. In Test #3, participants executing
the test cases with and without test smells are highly dispersed.
In Test #4, with the exception of one participant, all the others
followed the same screen flow.

In addition, we investigated whether there is a statistically
significant difference in the execution of each test case. Since
our data did not have a normal distribution, we performed the
Mann-Whitney test. The test indicated a significant difference
for Test #1 (p-value = 2.5e-06), Test #2 (p-value = 6.6e-

TABLE II
MAPPING OF ACTIONS TO DEFINE THE SCREEN FLOWS FOR TEST #1.

ID Flow Count Group ID Flow Count Group

P2 1, 2, 3, 1, 2, 4,
1, 5, 1, 2, 6, 5 12 A P3 1, 2, 7 3 B

P6 1, 4, 8, 9, 1, 2 6 A P5 1, 2, 7 3 B

P8 10, 5, 1, 5, 11, 1,
2, 12, 13, 11, 2, 12 12 A P7 1, 2, 7 3 B

P10 1, 9, 1, 2 4 A P9 1, 2, 7 3 B

P12
10, 1, 2, 4, 14, 15, 1,
16, 17, 14, 18, 19, 10,
20, 21, 22, 23, 24

18 A P11 1, 2, 7 3 B

P14 10, 5, 11 3 A P13 1, 2, 7 3 B

P16
1, 10, 1, 16, 1, 2, 1, 2, 1,
14, 15, 25, 4, 2, 1, 10, 3,
12, 12, 4, 18, 15, 25, 4, 26

25 A P15 1, 2, 7 3 B

P18 1, 2, 4, 27, 14, 15, 17, 2, 1, 16 10 A P17 1, 2, 7 3 B
P20 10, 5, 8, 5 4 A P19 1, 2, 7 3 B
P22 3, 10, 5, 1, 2, 16, 4, 5 8 A P21 1, 2, 7 3 B

P24 1, 2, 4, 14, 15, 16, 28, 1, 3,
1, 5, 21, 2, 4, 17 15 A P25 1, 2, 7 3 B

P26 1, 2, 4, 14, 15, 16, 17, 26, 3,
21, 2, 4, 17, 1, 3, 1 16 A P27 1, 2, 7 3 B

P28 1, 5, 4, 2, 16, 8, 5, 8, 5, 11 10 A P29 1, 2, 7 3 B

P32 1, 16, 4, 2, 28, 17, 14, 26, 10,
5, 21, 8, 27, 5, 11 15 A P31 1, 2, 7 3 B

P34 30, 31, 20, 3, 12 5 A P35 1, 2, 7 3 B
Labels. 1. Home, 2. Documents, 3. Libreoffice writter, 4. Downloads,
5. Libreoffice impress, 6. Libre office draw, 7. Open filetest.odp, 8.
Firefox, 9. Search folder .odp, 10. Show apps, 11. Save document,
12. Open document, 13. Edit document, 14. Videos, 15. Pictures, 16.
Recent, 17. Trash, 18. Other locations, 19.Ubuntu, 20. LibreOffice,
21. Open file, 22. Templates, 23. Recent documents, 24. Remote
files, 25. Music, 26. Desktop, 27. Search file, 28. Starred, 30.
Terminal, 31. Create document.

TABLE III
MAPPING OF ACTIONS TO DEFINE THE SCREEN FLOWS FOR TEST #4.

ID Flow Count Group ID Flow Count Group

P2 1, 2, 3, 4, 5, 6 6 A P3 1, 2, 3, 4, 5, 6 6 B
P6 1, 2, 3, 4, 5, 6 6 A P5 1, 2, 3, 4, 5, 6 6 B

P8
1, 2, 3, 10, 6, 10, 1,
2, 3, 10, 1, 2, 3, 5, 6,
7, 7, 8, 9, 8, 9

21 A P7 1, 2, 3, 4, 5, 6 6 B

P10 1, 2, 3, 4, 5, 6 6 A P9 1, 2, 3, 4, 5, 6 6 B
P12 1, 2, 3, 4, 5, 6 6 A P11 1, 2, 3, 4, 5, 6 6 B
P14 1, 2, 3, 4, 5, 6 6 A P13 1, 2, 3, 4, 5, 6 6 B
P16 1, 2, 3, 4, 5, 6 6 A P15 1, 2, 3, 4, 5, 6 6 B
P18 1, 2, 3, 4, 5, 6 6 A P17 1, 2, 3, 4, 5, 6 6 B
P20 1, 2, 3, 4, 5, 6 6 A P19 1, 2, 3, 4, 5, 6 6 B
P22 1, 2, 3, 4, 5, 6 6 A P21 1, 2, 3, 4, 5, 6 6 B
P24 1, 2, 3, 4, 5, 6 6 A P25 1, 2, 3, 4, 5, 6 6 B
P26 1, 2, 3, 4, 5, 6 6 A P27 1, 2, 3, 4, 5, 6 6 B
P28 1, 2, 3, 4, 5, 6 6 A P29 1, 2, 3, 4, 5, 6 6 B
P32 1, 2, 3, 4, 5, 6 6 A P31 1, 2, 3, 4, 5, 6 6 B
P34 1, 2, 3, 4, 5, 6 6 A P35 1, 2, 3, 4, 5, 6 6 B
Labels. 1. show apps, 2. Type to search, 3. Backup, 4. Folders, 5.
Delete folder, 6. Select folder, 7. Forward, 8. Install packages, 9.

Authentication, 10. Create your first backup.

07), and Test #3 (p-value = = 4.2e-03). However, there is no
significant difference for Test #4 (p-value = = 3.5e-01).

Taking into account the number of interactions within the
critical zone, participants interact with 22.46 elements on
average (sd = 23.22) for the smelly test cases, and with 6.65
elements on average (sd = 4.66) for non-smelly test cases.



Fig. 5. Violin plots for the screen flow length of test cases with and without
test smells.

More specifically, participants interact with 49.93 elements
on average (sd = 25.95) for Test #1, with 23.67 elements on
average (sd = 15.78) for Test #2, with 4.47 elements on average
(sd = 2.35) for Test #3, and with 11.80 elements in average
(sd = 8.13) for Test #4 with test smells. When interacting
with test cases without test smells, the participants interact
with 5.42 elements on average for Test #1, Tets #2, and Test
#3 (sd = 4.33). However, for Test #4, participants interact with
10.33 elements on average (sd = 3.68). Figure 7 summarizes
the number of interactions in the critical zone.

Finally, we investigated whether there is a statistically
significant difference in the number of interactions within the
critical zone for the execution of each test case. The result
obtained by the Mann-Whitney test indicated a significant
difference for Tests #1 (p-value = 5.8e-06) and #2 (p-value
= 1.3e-05), i.e., there is a significant difference in the number
of interactions for Ambiguous Test. Differently, there is no
significant difference for Tests #3 (p-value = 2.3e-01) and #4
(p-value = 9.3e-01).

 Summary2. We refute the null hypotheses (Hn2 and Hn3)
for test cases affected by the Ambiguous Test. When exe-
cuting the non-smelly version of the test cases participants
followed the same flow, but the flow becomes five times
longer when the test case has test smell. In addition, the
participants interacted with three times more elements when
executing an ambiguous test.

Fig. 6. Multidimensional scaling plot for the screen flow of test cases with
and without test smells.

Fig. 7. Violin plots for the interaction of elements for test cases with and
without test smells.



C. Test smells impact on test outcomes (RQ3)

The participants were asked to evaluate whether they per-
ceived the outcome of each test case as successful or not.
Most participants considered the execution output of the non-
smelly versions of the test cases as successful: 93% of the
test cases without the Ambiguous Test and 100% of the test
cases without the Eager Action were perceived as successful.
It means that, for the non-smelly test cases, there no or very
low divergency on the perceived success among participants.
In contrast, when evaluating the smelly versions of the tests,
44% of the participants executing Test #1 and 60% of the
participants executing Test #2 considered the test successful in
the presence of the Ambiguous Test. When executing test cases
with the Eager Action, 93% of participants perceived them
as successful. It indicates a high divergency on the perceived
success for the Ambiguous Test but a low divergency for the
Eager Action. Figure 8 shows, in the left side, the participants’
perceptions concerning the tests outcomes.

In addition, we investigated whether there is a statistically
significant difference in the execution of test case. Since our
data is categorical, we performed the Chi-Square test. The test
indicate a significant difference when considering the Ambigu-
ous Test (p-value = 9.3e-0.5), but not for the Eager Action
(p-value = 0.42). Therefore, we can suppose that the nature
of the smell in a test case, particularly the ambiguity, has a
stronger influence on how participants evaluate the success of
the test, whereas the eagerness factor is not impactful.

Given the subjective nature of the evaluation of test cases
success, we analyzed whether the participants’ perspective
converges to our perspective. This could help in understanding
whether test smells might introduce interpretational inconsis-
tencies and not just execution inefficiencies in real-world test-
ing scenarios. Figure 8 shows, in the right side, our evaluation
of the the tests outcomes. As we can see, the participants’
perception and our evaluation converge for the Ambiguous
Test. However, we observe a reduction of 20% of passing
tests without test smells (Test #3), and a a reduction of 40%
of passing tests with test smells (Test #4). We applied again
the Chi-Square test to verify possible statistically significance
differences in the execution of test cases. The results indicate
a significant difference for the Eager Action (p-value = 0.017).

 Summary3. We refute the null hypothesis (Hn4) for test
cases affected by the Ambiguous Test and Eager Action. The
ambiguity in test cases has a stronger influence on how par-
ticipants evaluate the success of the test. In addition, Eager
Action can lead to inconsistencies among practitioners when
interpreting the tests outcomes.

V. DISCUSSION

Our results suggest that the Ambiguous Test smell has a
statistically significant negative impact on manual test. In par-
ticular, from our study we observed that participants working
with smelly versions of these tests exhibited higher execution
times, performed more interactions, and navigated significantly

Fig. 8. Stack plot for pass/fail test cases with and without test smells.

longer screen flows. Moreover, the participants perceived the
the test outcome as failure, reinforcing the negative effect of
the test smell. These results highlight the critical role of clarity
in manual test documentation and suggest that addressing
ambiguous instructions should be a priority when improving
test quality.

In contrast, the impact of the Eager Action smell is less
pronounced. We did not observe statistically significant dif-
ferences in execution time or participants’ perceived success
of test cases, and the effects on screen flow and interactions
were inconsistent. This suggests that the harmfulness of this
smell may depend on specific contextual factors, such as
the complexity or interdependence of actions. Further studies
should investigate under which conditions this smell becomes
more problematic.

Another point of discussion concerns the individual and
combined effects of test smells on manual tests. Our study
focused exclusively on the individual effects of each test
smell, analyzing one smell per test case. As such, we did
not evaluate the potential combined or interaction effects of
multiple smells. Future research could explore how multiple
co-occurring smells influence test effectiveness.

Finally, the high variability observed in participants’ per-
formance, especially when experimenting with smelly test
cases, highlighted the subjective nature of test smells and



their interpretation. This suggests that the impact of certain
smells may vary based on the background and experience of
individual practitioners. As a result, even when test smells
do not consistently degrade objective performance metrics,
they may still introduce inconsistencies in how testers perceive
and execute the tests, ultimately affecting the reliability and
reproducibility of manual testing.

VI. THREATS TO VALIDITY

This section discusses the potential threats that may affect
the validity of our empirical study plan [28].

Construct validity. A first threat concerns the criteria used
to select the subject system and manual test cases. We selected
test cases from the Ubuntu Manual Tests repository, a
publicly available and widely adopted resource, ensuring real-
istic and representative scenarios for manual testing. Another
threat refers to the set of test smells evaluated in our study.
We selected Ambiguous Test and Eager Action because they
are among the most common and empirically validated test
smells in the context of manual test descriptions [19], ensuring
alignment with the literature. Nonetheless, further study should
investigate and evaluate different test smells in manual tests.

Internal Validity. We mitigated the Learning effect threat
by applying a between-group design, i.e., participants only
perform one of the tasks. With this design, we could also
mitigate Fatigue threat as the participants spent half of the
time performing only one of the tasks instead of the two tasks.
Finally, a threat concerns the Human error as we intervened to
assign participants to tasks and balance the set of participants,
which could have introduced bias or error into the study.

External Validity. Our conclusions are based on a sample
of 30 participants, equally split between two groups. On
the one hand, the number of participants involved in our
controlled experiment is comparable to other empirical studies
in the software engineering literature [29], and aligns with
commonly adopted sample sizes for controlled experiments
in this field [28]. On the other hand, our participants have
the characteristics described in Section III-C, representing a
diverse group from both academia and industry, with varying
levels of experience in software development and testing.
Their profiles reflect typical roles involved in manual testing
activities, such as developers, analysts, and software engineers.
As such, we believe that our findings can be meaningfully
transferred to similar testing contexts, particularly where man-
ual test execution is still prevalent. Nonetheless, replications of
our study would strengthen the validity of our conclusions. For
this reason, we have made all experimental materials publicly
available in an online appendix [24].

Additionally, the study was conducted in a controlled en-
vironment, which may not reflect the real-world situations
developers face while working on software projects. This may
limit the applicability of the findings to real-world scenarios.
As for the complexity, the tasks used in the study may not
represent the complexity and diversity of test smells that
developers face in real-world projects, which may limit the
external validity of the findings.

In order to be sure to collect all the relevant information,
we followed the guidelines provided by Charness et al. [22] to
define our between-group study. Additionally, we conducted a
pilot study with 25 participants to fix possible biases and flaws
before conducting the real study.

Conclusion validity. A potential threat of this category
concerns the choice of the statistical tests employed in the
study. The choice of non-parametric tests was guided by the
results of the Shapiro-Wilk test [25], which indicated that our
data did not follow a normal distribution. For this reason, we
selected well-known statistical tests, i.e., Mann-Whitney and
Chi-Square [26], [27].

VII. RELATED WORK

Bavota et al. [11] conducted a controlled experiment in-
volving twenty master’s students, with the aim of analyzing
whether the presence of test smells affects the comprehensi-
bility of source code during software maintenance. The results
show that most test smells have a strong negative impact on
the understandability of test suites and production code. In
a later study, Bavota et al. [12] conducted an experiment in
which participants performed different program comprehen-
sion tasks on test suites with and without test smells and
measured participants’ performance using both correctness and
time spent performing a task. The results showed that test
comprehension is 30% better in the absence of test smells. In
our work, we also carried out a controlled experiment to see
how harmful test smells are, but unlike most work that focuses
on automated software, our analysis focused on manual tests
written in natural language.

When focusing on manual tests, Hauptman et al. [5] in-
troduced a set of test smells for natural language tests and
defined metrics to automatically detect these smells in natural
language tests using static analysis. In addition, the authors
performed an empirical study to validate the metrics for natural
test smells detection, and to quantify the extent of the smells
in real-world test suites. In a similar work, Soares et al. [19]
performed an exploratory study in manual tests to propose a
catalog of test smells for natural language and their respective
identification rules. Then, the authors validated the catalog
with 24 in-company test engineers. Based on the previous
catalogs of natural language test smells, Rajkovic and Enoiu
[30] presented a tool called NALABS to detect smells in
requirements and test specifications. In contrast, our work aims
to investigate the effects of proposed natural language test
smells from literature rather than listing new ones.

VIII. CONCLUDING REMARKS

In this paper, we investigated the impact of two natural
language test smells, Ambiguous Test and Eager Action, on the
effectiveness of manual testing. We measured the effectiveness
of manual testing using the number of interactions, screen flow
and time spent by participants to execute the test cases. Our
findings show that Ambiguous Test can significantly increase
execution time and screen flow, highlighting the importance
of clear, unambiguous test instructions in ensuring efficient



and accurate testing. Additionally, while each Eager Action
is independent to another, they still impact execution time, as
developers may skip some steps or fail to follow the intended
sequence, leading to inefficiencies in test execution.

In conclusion, this study shows the importance of addressing
test smells in manual testing, offering new insights into their
effects on testing effectiveness and providing a foundation
for future research in this area. For future work, we plan to
perform experiments with larger and more diverse participant
groups to validate and expand upon our findings. Addition-
ally, other potential test smells could be explored to further
understand their impact on manual testing.
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