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ABSTRACT

Test smells signal design flaws in tests, harming maintainability and
reliability. While automated test smells are well-studied, natural
language test smells remain underexplored. Prior work identified 13
such smells but lacked systematic removal strategies and automated
tools. We bridge this gap by presenting a catalog of transformations
for seven key natural language test smells and a NLP-based tool for
automated detection and correction. We evaluated our approach
through a survey of 15 professionals and empirical analysis of
Ubuntu OS test cases. Results show high professional acceptance
(91.43%) and strong tool precision (83.70% F-Measure). Our work
is the first to systematically address natural language test smell
removal.
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1 Introduction

Test smells indicate poor design decisions in tests, causing main-
tainability issues, non-deterministic scenarios, and missing veri-
fications [14]. While automated test smells are well-studied with
extensive catalogs and tools [1, 4, 6, 12], natural language test
smells remain underexplored. Previous work identified 13 natural
language test smells [7, 11] but lacked catalogs of transformations
to remove the smells and tools to automate the process.

We address this gap by introducing: (1) a catalog of transfor-
mations to remove seven natural language test smells: Unverified
Action, Misplaced Precondition, Misplaced Action, Misplaced Verifi-
cation, Eager Action, Ambiguous Test, and Conditional Test; and (2)
an NLP-based tool that automatically identifies and removes these
smells sequentially.

To evaluate our work, we conduct a two-fold empirical strategy.
First, we survey 15 software testing professionals from a smart-
phone manufacturer to answer RQy: “How do software testing pro-
fessionals perceive our transformations?” Results show an average
acceptance of 91.43%. Second, we evaluate our tool’s precision us-
ing Ubuntu OS natural language tests to answer RQy: “How precise
is our tool in removing natural language test smells?” After ana-
lyzing 973 tests and identifying 8, 386 smell occurrences, we used
Cochran’s Sample Size Formula [3] to analyze 264 randomly se-
lected occurrences, achieving 83.70% F-Measure rate.

This paper is a compressed version of our Distinguished Paper
Award winner from 2024 [2].

2 Natural Language Test Smells

Previous works showed that test smells also exist in natural lan-
guage tests [7, 11]. We now present two examples of test smells in a
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natural language test. We also discuss why it could be harmful dur-
ing testing activities. All examples of natural language tests in this
paper are extracted from the Ubuntu OS manual test repository [13].

A smell is called Eager Action, which happens when a single step
groups multiple actions. Figure 1 depicts an example of the Eager
Action smell. This smell introduce problems such as non-isolated
tests and difficulties in debugging. In our example, we have four
actions, represented by the verbs “select”, “enter”, “select”, and “click”
Since we have one verification for four actions, in the event of a
failure, it may be unclear which action caused it.

Test name: firefox/firefox-006

Preconditions: This test will check that Firefox can print
websites.

# |Actions |Verifications

Select "print to file" as
printer and enter "firefox.pdf"
as filename. Select your home
folder as location. Then click
lon "Print"

A window opens, showing the
progress of the print

w

Figure 1: Eager Action - Example

3 Removing Natural Language Test Smells

This section introduces a catalog of transformations to remove
test smells in natural language tests. Regarding our terminology,
according to [5], refactorings preserve the observable behavior of a
code. On the other hand, [14] define test refactorings as changes in
test code that do not add or remove test cases. Since our proposals
do not strictly align with Fowler’s and van Deursen’s definitions
because they may alter the test behavior and even introduce new
test cases, we call them transformations.

3.1 Natural Language Test Template

To better explain our transformations, we first need to introduce a
template to represent natural language tests. We define a natural
language test as T = (P, S1, 52,53, ..., Si, . .., Sn). Where P are pre-
conditions, and S are steps. Each step has actions and verifications.
The complete description is on the full paper. Figure 2 presents T
and all its elements in terms of a table.

Preconditions:P

# Actions Verifications
S la11, @12, -, @1n] Vi1, V12, -, Vin]
Si Ay Vi

Sn [an1, @n2, -, Qi) [Vn1, Vnz, o) V]

Figure 2: Natural Language Test Template
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3.2 A Catalog of Transformations

Our catalog considers transformations with left-hand side (with
smell) and right-hand side (without smell) [12]. Each transforma-
tion includes: (i) addressed smell, (ii) transformation mechanics,
(iii) implications (when transformations remove one smell but add
another), and (iv) example. We propose transformations for seven
natural language test smells: Unverified Action, Misplaced Precondi-
tion, Misplaced Action, Misplaced Verification, Eager Action, Ambigu-
ous Test, and Conditional Test [7, 11]. Due to space restrictions, we
present only one transformation - Fill Verification, which addresses
the Unverified Action smell. The complete catalog is available in our

paper [2].

3.2.1 Separate Actions. Formalization. Figure 3a illustrates that A;
contains n elements, characterizing the Eager Action smell: |A;| > 1.
To remove the smell, we define a new step for each element of
the A; list. Additionally, in our transformation, we associate the
verifications list V; with the step created for the last action originally
in A;, i.e., the a;, action. We opt for this because we consider that
the tester will check the verifications list V; only after executing
the last action.

Implications. The Separate Actions transformation may lead to the
Unverified Action smell. After the transformation, we have empty
verifications lists for the Steps from S; to S, ,_1. To deal with the
Unverified Action smell, we introduce the Fill Verification transfor-
mation.

Example. Figure 3b shows Step 3 with two actions: “Add content
to the popped up memo” and “Then click the green tick” According
to our transformation, they should be split in two different steps.
Moreover, the verification “Did the window showed [...]” has been
associated with the last action, ie., “Then click the green tick

[ Verifications

Verifications

[pid the window showed [...]
T Verification

; I ] |

Bl faz] | 8] |

i |

v,
vy,

D34 the window showed [...]

(a) Transformation (b) Example

Figure 3: Separate Actions

4 Catalog Evaluation

This section presents our evaluation, conducted as an online survey
with software testing professionals. Here we aim to answer the
research question RQ1: “How do software testing professionals
perceive and evaluate the transformations of our catalog?”

4.1 Planning

We evaluated transformations through an online survey with test-
ing professionals from a smartphone manufacturer using Ubuntu
OS test snippets. Each question provided: test smell definition, prob-
lem description, identification steps, original/transformed samples,
and asked “Do you agree that, in the example below, the identified
problem was addressed according to the definition?” Responses used
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a Likert scale from ‘T strongly agree” to “I strongly disagree” with
optional comments. Participants were recruited via email.

4.2 Results

The survey achieved 15 responses. Demographics: 71% work in
industry (vs. academia) with 4.1 years average testing experience.
Geographic distribution: 14 participants from Brazil, 1 from Por-
tugal. Figure 4 shows participants’ opinions on transformation
samples.

W Istongly agree W | agree Indifferent

Idisagree [l | strongly disagree [ | do not know

00
00

00

00
00
00
00

Fill Verification
Extract Precondition
Extract Action
Extract Verification
Separate Actions
Extract Ambiguity
Extract Conditional

0% 25% 50% 75% 100%

Figure 4: Online Survey Results

4.3 Discussion

Our transformations achieved high validation with 91.43% aver-
age acceptance. Extract Action received unanimous support (93.3%
acceptance), while Fill Verification, Separate Actions, Extract Verifica-
tion, and Extract Conditional achieved 93.3% rates. Answer to RQ;.
The online survey shows software testing professionals mostly
agree with our proposals.

5 A Tool to Remove Smells from Manual Tests

For the tool, we use spaCy [8], an NLP library for POS tagging [9],
dependency parsing [10], and NER. It uses linguistic patterns to
identify test smells. We identify imperative verbs using POS=VERB,
VerbForm=Inf, and Dependency=ROO0T properties, supporting Sep-
arate Actions.

Our tool considers a sequence we defined based on the implica-
tions of each transformation of our catalog.

6 Tool Evaluation

6.1 Planning

We evaluated our tool’s precision in removing natural language test
smells using 973 Ubuntu OS tests, yielding 8, 386 smell occurrences.
Due to manual validation constraints, we analyzed a statistically
representative sample of 264 occurrences (90% confidence, 5% mar-
gin of error using Cochran’s formula [3]). The authors validated
each transformation, reaching consensus in all disagreement cases
(8 out of 264).

We collected the results in terms of true positives (TP)—the smell
was corrected—, false positives (FP)—the smell was not corrected—,
and false negatives (FN)—no correction was attempted.

6.2 Results

Our tool achieved 86.75% Precision, 80.85% Recall, and 83.70% F-
Measure. The Fill Verification transformation performed best (89.55%
TP), while Separate Actions had the lowest success rate (50.72% TP,
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Table 1: Total and sample occurrences per test smell

Test Smell Total Sample

Unverified Action 1,967 67
Misplaced Precondition 49 5
Misplaced Action 345 8
Misplaced Verification 426 16
Eager Action 2,663 69
Ambiguous Test 2,656 90
Conditional Test 279 9
TOTAL 8,386 264

36.23% FN). Two transformations (Extract Action and Extract Verifi-
cation) showed 25% false positive rates, primarily due to spaCy’s
handling of special characters and compound words like “Re-Check.”

Table 2: TP, FP, and FN per transformation

Transformation TP % FP % FN %

Fill Verification 89.55% 2.99% 7.46%
Extract Precondition | 80.00% 0.00%  20.00%
Extract Action 62.50% | 25.00% 12.50%
Extract Verification 62.50% | 25.00% | 12.50%
Separate Actions 50.72% | 13.04%  36.23%

Extract Ambiguity 76.67% 12.22%  11.11%
Extract Conditional 77.78% 11.11% 11.11%

6.3 Discussion

Poor test writing (wrong phrases, excessive special characters,
wrong formatting) causes malfunctions, adding special characters
and breaking phrases. Special characters also led Extract Action and
Extract Verification to apply incorrectly.

Answer to RQ;. Our analysis shows promising tool results,
achieving a F-Measure of 83.70%.

6.4 Threats to Validity

We found external validity concerns (evaluation limited to tests
from Ubuntu OS) and internal validity risks from manual analysis
subjectivity, mitigated through authors consensus validation.

7 Related Work

Natural language test smells were first introduced by [7], who pro-
posed seven smells and keyword-based identification techniques.
Ten years later, [11] extended this work with six additional smells
using NLP-based detection methods. However, neither work pro-
vided transformations or automated tools for smell removal, which
our work addresses.

8 Concluding Remarks

We introduced a catalog of transformations to remove natural lan-
guage test smells. We assessed the quality of our catalog by recruit-
ing 15 software testing professionals. The professionals found the
transformations valuable, which is supported by the high average
acceptance rate. We also introduced a tool that implements the
catalog. We executed the tool in 264 occurrences of test smells and
achieved 83.70% of F-Measure rate. As future work, we intend to (i)
increase the set of transformations to include other smells; and (ii)
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use Large Language Models (LLMs) to improve the effectiveness of
our tool.
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