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Abstract
Automated testing is a cornerstone of modern software quality,
especially in rapidly growing ecosystems like Dart and Flutter.
However, poor design choices in tests, known as test smells, can
compromise maintainability and reliability. While test smells are
widely studied in Java and C#, their prevalence and developer per-
ceptions in the Dart ecosystem remain largely unexplored. This
work aims to investigate how Dart developers perceive bad test-
ing practices and identify which test smell patterns emerge from
real-world community discussions. We conducted a mixed-methods
study on grey literature (specifically Stack Overflow Q&A posts),
analyzing 307 selected discussions that yielded 432 individual test
smell occurrences. Applying Pareto Analysis, we find that a small
subset of seven smells (the "Vital Few") accounts for approximately
80% of all occurrences, with Magic Number Test, Unknown Test,
and Assertion Roulette being the most prevalent. Furthermore, we
identify and formalize the Expected Resolution Omission (ERO)
smell, a Dart-specific asynchronous testing anti-pattern that causes
silent false positives or flaky tests. Our findings highlight critical
pain points in the Dart testing community and provide a formally
defined catalog to support developers and tool builders in improving
test quality.

Keywords
Automated Testing, Test Smells, Dart, Stack Overflow, Pareto Anal-
ysis

1 Introduction
Software engineering faces increasing challenges in developing sys-
tems that meet strict requirements for functionality, performance,
and, above all, quality [3, 15]. Automated testing has emerged as
the primary mechanism for maintaining software quality over time,
enabling teams to detect regressions, reduce defect rates, and verify

correctness across software evolution cycles [13, 18, 19]. However,
test code itself is prone to poor design choices that lead to anti-
patterns known as test smells [14, 21, 27].

Test smells are flawed structural or design choices in test suites
that degrade their maintainability, readability, and diagnostic effec-
tiveness, evenwithout preventing test execution [5, 6, 12]. Empirical
research confirms that tests containing smells are 47% more likely
to be frequently modified, 81% more associated with higher defect
occurrence, and 71% more prone to failures in the production code
they exercise [18, 19]. Despite these consequences, developers often
perceive test smells as purely aesthetic problems, not recognizing
them as technical debt that directly impacts reliability [3, 4, 10].

The vast majority of test smell research and tooling focus on ma-
ture, class-based ecosystems such as Java (JUnit) and C# (NUnit) [2,
14, 17, 22]. Meanwhile, the Dart language has experienced steady
growth worldwide, accumulating over 6,000 repositories on GitHub
and showing a 532% increase in adoption since 2019 [20]. This
growth translates into a large and expanding base of Dart test code.

Despite this scale, the Dart ecosystem still lacks dedicated sys-
tematic studies on test code quality. Developers have no language-
specific taxonomies, validated catalogs, or automated tooling to
help them identify and fix poor testing practices. The most no-
table prior effort is DNose [23, 24], which introduced automated
code-level detection of test smells across 4,154 open-source Dart
repositories. Although DNose analyzed static code structures
in software repositories, it does not provide insight into how and
why developers introduce test smells, nor does it capture commu-
nity perceptions and the recurring patterns developers themselves
struggle with.

Automated static analysis, however, answers a fundamentally
different question from developer experience. Tools such as DNose
reveal what smells exist in code, but they cannot reveal which smells
cause the most friction in practice, how developers introduce them,
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or why they struggle to recognize and fix them. Raw occurrence fre-
quency in repositories is a proxy for prevalence, not for developer
difficulty: a smell that appears thousands of times in committed
code may go unnoticed in daily work, while a less frequent but
cognitively costly smell may dominate developer Q&A discussions.
Bridging this gap requires a complementary, human-centered per-
spective on test quality.

This paper adopts a complementary perspective: we investigate
test smells through the lens of the Dart developer community.
We systematically mined Stack Overflow, the largest Q&A platform
for software developers, analyzing 307 selected discussions from
an initial corpus of 495 posts. Our manual, qualitative analysis,
conducted independently by three researchers, identified 432 in-
dividual test smell occurrences, revealing the patterns that cause
developers the most difficulty in practice.

This study is guided by the following research questions:

RQ1: What recurring patterns of poor testing practices can be
characterized as test smells in the Dart ecosystem, based on
developer community discussions?

RQ2: What is the relative prevalence of the identified test smells,
which ones constitute the “Vital Few” causes of the majority of
developer pain points?

RQ3: Do Dart-specific language features give rise to novel test
smell patterns that are absent from existing catalogs?

This study provides four main contributions:

(1) Empirical Characterization: The quantitative and qualita-
tive mapping of 432 individual test smell occurrences across
307 selected Stack Overflow discussions, documenting how
classical anti-patterns manifest in the Dart testing ecosys-
tem.

(2) Pareto Analysis: An empirical application of the Pareto
Principle showing that only 7 smell types account for ap-
proximately 80% of all identified occurrences, the “Vital Few”
(answering RQ2). Practically, targeting the top 3 smells alone
would address over 53% of all identified bad practices, provid-
ing a concrete, evidence-based priority for tool development
and team policies.

(3) Formalization of ERO: The conceptualization, definition,
and formalization of the Expected Resolution Omission (ERO)
smell, a Dart-specific asynchronous testing anti-pattern that
does not appear in existing Java-based catalogs (answering
RQ3).

(4) Open Dataset: A publicly available replication package of
307 curated Stack Overflow discussions manually labeled
by three independent researchers, enabling replication and
future extensions.

The remainder of this paper is structured as follows. Section 2
presents the theoretical background on test smells and related work.
Section 3 details the study design, search strategy, and coding pro-
cess. Section 4 presents the empirical results and Pareto analysis.
Section 5 formalizes the ERO smell. Section 6 discusses findings,
implications, and threats to validity. Section 7 concludes the paper.

2 Theoretical Background and Related Work
This section establishes the conceptual and empirical foundation
for this study. Rather than revisiting generic software testing defi-
nitions, we focus directly on the state of the art in test smells, the
particularities of the Dart testing infrastructure, and how this study
is positioned relative to prior work.

2.1 Test Smells and Their Impact
Test smells are defined as poor implementation choices or struc-
tural patterns in test code that indicate design flaws [5, 6, 21]. While
these patterns do not prevent test execution or compile-time suc-
cess, they represent technical debt that degrades the long-term
maintainability, readability, and diagnostic value of test suites [3].
First formalized by Van Deursen et al. [21], the study of test smells
has evolved into a key topic within software maintenance. Devel-
opers frequently introduce smells during test implementation or
evolution, often due to tight deadlines, lack of training, or underuse
of testing framework primitives, viewing them as cosmetic issues
rather than functional risks [4, 10].

The presence of test smells in software projects has severe em-
pirical consequences. Extensive studies reveal that tests containing
smells are significantly more prone to frequent changes, harbor a
higher density of defects, and are less effective at detecting faults
in the production code they exercise [16, 18, 19]. Moreover, certain
smells are primary drivers of test flakiness, where tests fail non-
deterministically without production code changes, which erodes
team confidence in automated CI pipelines [3, 5, 25]. Finally, main-
taining test suites with low internal quality is highly expensive;
prior reports highlight that major organizations spend millions of
dollars annually solely on debugging and adjusting poorly struc-
tured test suites [2, 6].

2.2 The Dart Testing Ecosystem: A Comparison
with Java

To understand how test smells manifest in the Dart ecosystem, it
is useful to contrast its testing infrastructure with mature ecosys-
tems like Java/JUnit, where classical smells were originally defined.
Java testing frameworks rely heavily on class-based architectures
and metadata annotations (e.g., @Test, @BeforeEach) to structure
and execute tests. In contrast, Dart’s testing infrastructure, via
package:test, implements a functional and block-based paradigm
using nested functions like test(), group(), and setUp() [8, 9].
This functional style resembles modern JavaScript frameworks and
alters how tests are organized.

Furthermore, Dart’s execution model is intrinsically asynchro-
nous, featuring native language support for primitives like Future,
Stream, and the async/await syntax [7]. Testing asynchronous
logic requires explicit synchronization primitives. If developers
omit proper synchronization, tests may exit early without running
assertions or may produce silent false positives. This execution pro-
file creates conditions for asynchronous test smells such as Expected
Resolution Omission (ERO), which do not arise in synchronous, class-
based JUnit structures.
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2.3 Related Work: Q&A Studies and Code-Level
Analysis

The mining of Q&A repositories to understand testing challenges
is a recognized empirical software engineering method. In Java and
web ecosystems, researchers have studied Stack Overflow discus-
sions to identify common developer misconceptions, API misuse
and the prevalence of testing challenges [1, 2, 5, 6].

The pioneering work on test smells in the Dart ecosystem was
conducted by Virgínio et al. [23, 24]. They introduced DNose, the
first automated test smell detector for Dart, and evaluated the preva-
lence of 14 smell types across 4,154 open-source repositories, iden-
tifying over 900,000 instances of smells.

Our study differs from DNose in both the unit of analysis and
the research question it addresses. DNose answers: “which smells
are most frequent in Dart code?” Our study answers: “which smells
cause the most difficulty to developers in practice?” These are distinct
empirical questions with distinct datasets, and their answers need
not coincide. More concretely, our work extends the picture drawn
by Virgínio et al. in three ways. First, while DNose operates on
static code structures, we capture developer intent and confusion as
expressed in natural-language forum discussions—a dimension that
automated AST analysis cannot access. Second, our Pareto analysis
reveals a priority ordering of smells from the developer’s point of
view, which may differ substantially from raw occurrence counts
in repositories; a smell that appears frequently in committed code
is not necessarily the one that causes the most trouble when writ-
ing tests. Third, the open-coding phase of our qualitative analysis
uncovered the ERO smell, a pattern tied to Dart’s asynchronous
execution model that does not appear in the 14-smell catalog used
by DNose, suggesting the catalog itself can be extended. Table 1
contrasts the two perspectives explicitly.

Table 1: Comparison of two complementary perspectives on
Dart test smells: repository-based analysis using DNose [24]
and developer-oriented analysis conducted in this work.

Dimension DNose This Work

Data source 4,154 GitHub repositories 307 StackOverflowQ&A
posts

Unit of analysis Source code files Developer discussions
Research focus Identifying test smells

present in source code
Identifying test smells
that concern developers

Method Automated AST-based
analysis

Manual qualitative cod-
ing

Main finding Test smells are widespread
across Dart projects

Seven smells account for
approximately 80% of re-
ported pain points

Novel contribu-
tion

Dart test-smell detection
through DNose

Identification of the ERO
smell and a developer-
prioritized smell set

The key insight from this contrast is that a smell can be statically
frequent in repositories yet rarely surface as a developer strugglem
and conversely, a smell that causes acute pain in practice may
not rank highest by raw occurrence count. Understanding both

dimensions is essential: DNose tells tool builders where to look; this
study tells them what to prioritize.

3 Methodology
To address RQ1–RQ3, we adopt an exploratory grey literature
mining approach, treating community-generated Q&A discussions
as primary evidence of developer perception and practical difficulty.
Unlike repository-based studies that analyze static code structures
to identify what smells exist, this study captures which smells de-
velopers actively report as problems—a complementary lens that
automated static analysis alone cannot provide.

This section describes the study design following the empirical
software engineering guidelines of Wohlin et al. [26]. The study
is an exploratory grey literature mining study, focused on
developer Q&A discussions about testing practices in the Dart
ecosystem.

3.1 Search Strategy
We selected Stack Overflow as the primary data source because it
is the largest technical Q&A platform for software developers, with
over 60 million questions and a well-structured tagging system. We
used the search string:

[DART] unit test

The tag [DART] acts as a subject-level filter restricting results to
Dart-tagged discussions. The term unit test captures discussions
involving automated test code.

3.2 Selection Criteria and Filtering Funnel
The post selection followed a structured funnel approach to ensure
only relevant, high-quality discussions were analyzed. Figure 1
illustrates the three-stage process: (i) querying Stack Overflow with
the [DART] unit test search string, (ii) filtering posts by text
content to retain only those containing concrete test code, and (iii)
applying the codebook to analyze each retained discussion and
extract test smell occurrences.

Figure 1: Overview of the study methodology.
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• Initial Collection: The search retrieved 495 posts match-
ing the query.

• Inclusion Criteria: Posts must (a) contain or reference test
code in Dart, and (b) describe a concrete testing problem,
error, or discussion about test quality.

• Exclusion Criteria: Posts were excluded if they (a) ref-
erenced only non-test code, (b) were about test execution
infrastructure only, or (c) lacked sufficient context to classify
a smell.

• Final Selection: After applying these criteria, 307 posts
were retained for analysis.

3.3 Qualitative Coding Process
Each of the 307 selected posts was analyzed independently by three
researchers. The analysis procedure for each post consisted of:

(1) Reading the full discussion (question text, code snippets,
answers, and comments).

(2) Inspecting each code snippet against the test smell defi-
nitions from the preliminary catalog (21 classical smells
adapted from established literature [5, 6, 21]).

(3) Labeling each identified occurrence with the corresponding
smell type.

(4) Flagging recurring patterns that did not match existing cate-
gories for open-coding of novel smells.

Inter-Rater Agreement: To ensure scientific rigor, we com-
puted Fleiss’ Kappa (𝜅) as the inter-rater agreement metric. Prior
to coding, a codebook defining each smell’s operational criteria was
distributed to all three raters. Each post was coded independently;
disagreements were resolved through a consensus discussion, with
a majority vote rule applied to unresolved cases. We achieved a
𝜅 = 0.57, which falls in themoderate agreement range on the Landis
& Koch scale [11], providing statistical evidence that the classifi-
cation was not purely subjective. The moderate level (rather than
perfect) reflects the inherent ambiguity in classifying multi-label,
real-world forum snippets where a single post may contain more
than one smell type simultaneously.

3.4 Smell Identification Codebook
To ensure high reliability and consistency during the manual quali-
tative coding phase, the three researchers utilized a standardized
codebook. This codebook establishes the operational definitions
and concrete classification criteria for all 21 classical test smells
adapted to Dart, translating conceptual definitions into actionable
rater guidelines. Table 2 presents the full codebook.

4 Results
This section answers the three research questions by presenting the
quantitative and qualitative findings of the grey literature analysis.
A total of 432 individual test smell occurrences were identified
across the 307 selected Stack Overflow discussions.

4.1 Frequency and Prevalence (RQ1)
Figure 2 presents the absolute frequency of all identified test smell
types. The distribution is markedly uneven, with a small number
of smell types dominating the dataset.

Although our codebook mapped 21 classical test smells, the
Constructor Initialization smell was not identified in any of the
analyzed discussions (0 occurrences).

The Magic Number Test was the most prevalent issue, account-
ing for 100 occurrences (23.15%) of the total. This high incidence
reflects the common practice of asserting computed values, counts,
or configuration thresholds using raw numeric literals instead of
named constants. The second and third most frequent smells were
Unknown Test (73 occurrences; 16.9%) and Assertion Roulette (59
occurrences; 13.66%), indicating that the primary challenges in the
Dart developer community relate to test readability and diagnos-
ability.

Table 3 summarizes the complete frequency ranking of all iden-
tified smells.

4.2 Pareto Analysis: The “Vital Few” (RQ2)
To prioritize the identified problems, a Pareto analysis was con-
ducted. Figure 3 presents the cumulative distribution of smell oc-
currences across all types.

The results confirm the “80/20 rule”: only 7 smell types are
responsible for approximately 80% of all identified occurrences,
the “Vital Few” :

(1) Magic Number Test (23.15%)
(2) Unknown Test (16.90%)
(3) Assertion Roulette (13.66%)
(4) Redundant Print (8.80%)
(5) Exception Handling (6.71%)
(6) Resource Optimism (5.32%)
(7) Mystery Guest (3.94%)
The remaining 14 smell types (the “Trivial Many” ) collectively

represent only 20% of occurrences. This finding has direct implica-
tions for tooling prioritization: detection and refactoring support
targeting the top 7 smells would address the overwhelming ma-
jority of real-world developer pain points in the Dart community
(answering RQ2).

Alignment with the DNose Catalog. To contextualize this ranking,
it is instructive to compare the Vital Few against the smell catalog
supported by DNose [24], the only automated Dart test smell detec-
tor to date. Several of the Vital Few smells are amenable to static
detection: Unknown Test (absence of assertions), Assertion Roulette
(multiple un-annotated expect calls), Redundant Print (presence
of print() statements), Resource Optimism (direct access to exter-
nal resources), and Mystery Guest (hidden external dependencies)
can, in principle, be identified through AST traversal. By contrast,
Magic Number Test—the single most prevalent smell in our dataset
(23.15%)—requires semantic reasoning about the meaning of literal
values, a step beyond purely structural analysis. The novel ERO
smell, rooted in Dart’s asynchronous execution model, is absent
from DNose’s catalog altogether, highlighting an extension oppor-
tunity for future detector work.

Crucially, even where the two studies share smell categories,
their questions differ fundamentally. DNose’s prevalence rankings
are derived from occurrence counts across 4,154 repositories and
reveal what smells exist in code [24]. Our Pareto ranking reveals
which smells cause the most difficulty in practice. These two dimen-
sions need not coincide: a smell that is statically widespread in
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Table 2: Codebook classical test smells: identification criteria used in the qualitative analysis.

Test Smell Core Concept Identification Criteria (Rater Guidelines)

Magic Number Test Numeric literals without explicit
meaning in assertions.

Direct use of numeric literals inside expect or test setup; absence of named constants
for values whose origin or semantics are non-obvious; repeated literals without
explanation.

Unknown Test A test that validates no observable be-
havior.

No expect or expectLater statements; production code is invoked, but its return
value or side effects are never asserted; verify calls alone do not count as assertions.

Assertion Roulette Multiple undocumented assertions in
one test.

Two or more expect statements without a reason parameter; failure reports cannot
pinpoint which specific expectation was violated; verify calls are excluded from
the assertion count.

Redundant Print print() calls inside test bodies. One or more print() statements in the test body; output is used instead of or
alongside assertions to inspect values; console output may obscure CI test reports.

Exception Han-
dling

Improper or absent exception verifi-
cation.

try-catch blocks used without formal assertions on exception type or message;
exception-producing calls made without an expect(..., throwsA(...)) wrapper.

Resource Optimism Naive reliance on external resources. Test accesses external files, databases, or network endpoints without mocks; no guard,
stub, or setUp/tearDown ensures resource availability; failures may be intermittent
or environment-dependent.

Mystery Guest Hidden external state or configura-
tion.

Test depends on global variables, environment variables, or external configuration
not visible inside the test; dependency is not initialized, passed in, or documented
within the test scope.

Dependent Test Tests coupled by shared mutable
state.

Mutable global state is modified in one test and read or modified in another; no
setUp() or tearDown() resets shared state; shared List or Map objects are mutated
across tests without isolation.

Ignored Test Tests permanently excluded from ex-
ecution.

Test marked with skip: true or @Skip without a documented resolution plan; test
body is present but never executed in CI; comments such as “TODO” or “temporarily
disabled” lack a linked task.

Empty Test A test with no statements or asser-
tions.

test() body is completely empty or contains only comments; no production code is
invoked and no expect is present.

General Fixture Over-broad shared test fixtures. A setUp or fixture object initializes data or dependencies not used by all tests in
the group; shared objects are not reset or contextualized per test, creating implicit
dependencies.

Eager Test A single test exercising too many be-
haviors.

Test calls multiple production methods not strictly required for the action under test;
many expect statements validate unrelated aspects of the SUT; primary behavioral
concern is unclear.

Lazy Test Multiple tests sharing the same pro-
duction method.

Several test functions invoke the same production method under different conditions;
tests cover only the “happy path” and omit edge cases or error scenarios; assertions
provide limited behavioral coverage.

Conditional Test
Logic

Control-flow constructs inside test
bodies.

if, else, or switch statements inside the test body; for, while, or forEach loops
containing expect calls; assertions depend on runtime-evaluated conditions.

Duplicate Assert Multiple identical assertions in one
test.

The same variable or property is asserted with the same matcher more than once,
without an intermediate state change.

Redundant Asser-
tion

Assertions whose result is always pre-
determined.

Assertion is always true or always false regardless of the SUT (e.g., expect(true,
false)); final assertion guarantees success or failure independently of execution.

Sensitive Equality Overly rigid value comparisons. String comparison via toString() without accounting for whitespace or casing;
exact numeric equality for floating-point values without tolerance; test fails on trivial
formatting changes unrelated to functionality.

Sleepy Test Fixed-time delays instead of synchro-
nization.

Explicit sleep or Future.delayed call is used to wait for asynchronous operations;
assertion follows a fixed-duration pause rather than directly awaiting completion.

Constructor Initial-
ization

Complex object construction inside
tests.

Constructor performs validation, calculations, or method calls beyond field assign-
ment; test setup depends on objects whose constructors produce side effects.

Default Test Template-generated tests not adapted
to real logic.

Test is auto-generated by a framework scaffold; validates example or placeholder
behavior rather than domain-specific requirements; test structure closely matches
the default framework template.

Verbose Test Excessively long or complex test bod-
ies.

Test contains redundant variables, assertions, or setup steps; unnecessary manual
cleanup such as setting variables to null; simpler implementation could achieve the
same verification goal.
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Figure 2: Absolute frequency of test smells identified in 307 Stack Overflow discussions.

Table 3: Test smell occurrences identified in Stack Overflow
discussions (𝑁 = 432).

Test Smell Count %

Magic Number Test 100 23.15%
Unknown Test 73 16.90%
Assertion Roulette 59 13.66%
Redundant Print 38 8.80%
Exception Handling 29 6.71%
Resource Optimism 23 5.32%
Mystery Guest 17 3.94%
ERO (novel) 9 2.08%
Other (14 types) 84 19.44%

Total 432 100%

committed code is not necessarily the one developers struggle with
most when writing or debugging tests, and vice versa. Our results
therefore complement, rather than replicate, DNose’s findings by
providing tool builders with an evidence-based priority ordering

grounded in observed developer pain rather than raw occurrence
frequency.

4.3 Code Examples of the Most Prevalent Smells
This subsection illustrates the three most prevalent test smells
identified in the Pareto analysis, Magic Number Test, Unknown Test,
and Assertion Roulette, and their remediation through standard
refactoring practices.

• Magic Number Test. Numeric literals are used directly in
assertions without descriptive constants. Figure 4 shows the
anti-pattern and its refactored version using named con-
stants.

• Unknown Test. Production code is executed without asser-
tions, potentially creating a false sense of security when no
exception is thrown. Figure 5 shows the anti-pattern and its
refactored version.

• AssertionRoulette.Multiple assertions lack descriptivemes-
sages, making failures difficult to diagnose. Figure 6 shows
the problem and its remediation using the reason parameter.
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Figure 3: Pareto Analysis: “Vital Few” vs. “Trivial Many” in Dart developer discussions.

Magic Number Test (with smell)

1 import 'package:test/test.dart';

2

3 void main() {

4 test('Discount with magic numbers ', () {

5 final discount = calculateDiscount (150);

6 expect(discount , equals (15));

7 });

8 }

9

10 double calculateDiscount(int basePrice) {

11 return basePrice * 0.1;

12 }

Magic Number Test (without smell)

1 import 'package:test/test.dart';

2

3 void main() {

4 test('Discount without magic numbers ', () {

5 const int basePrice = 150;

6 const int expectedDiscount = 15;

7 final discount = calculateDiscount(basePrice);

8 expect(discount , equals(expectedDiscount));

9 });

10 }

11 double calculateDiscount(int price) {

12 const double rate = 0.1;

13 return price * rate;

14 }

Figure 4: Magic Number Test: smell (left) vs. refactored (right).

5 Expected Resolution Omission (ERO): A Novel
Dart-Specific Smell (RQ3)

Beyond confirming classical smells, the empirical analysis uncov-
ered a recurring pattern specific to Dart’s asynchronous execution
model, which we designate the Expected Resolution Omission
(ERO). This smell was explicitly identified in 9 discussions (2.08%)
from the analyzed dataset.

5.1 Definition
ERO occurs when a test involves operations that return a Future or
a Stream, but the developer fails to properly await their resolution
before the test method exits. The smell encompasses five distinct
sub-patterns:

(1) Missing await/expectLater: asserting a Future valuewith-
out awaiting its resolution.
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Unknown Test (with smell)

1 import 'package:test/test.dart';

2

3 void main() {

4 test('Calculate Discount Test', () {

5 var cart = ShoppingCart ();

6 cart.addItem(Item(price: 100));

7 // No assertion made

8 var discount = cart.calculateDiscount ();

9 });

10 }

Unknown Test (without smell)

1 import 'package:test/test.dart';

2

3 void main() {

4 test('Calculate Discount Test', () {

5 var cart = ShoppingCart ();

6 cart.addItem(Item(price: 100));

7 var discount = cart.calculateDiscount ();

8 expect(discount ,10, reason:'10%% of the total price');

9 });

10 }

Figure 5: Unknown Test: smell (left) vs. refactored (right).

Assertion Roulette (with smell)

1 import 'package:test/test.dart';

2

3 void main() {

4 test('Test with Assertion Roulette '

,(){

5 final values = [10, 20, 30];

6 expect(values.length , 4);

7 expect(values [0], 5);

8 expect(values.contains (50), true);

9 });

10 }

Assertion Roulette (without smell)

1 import 'package:test/test.dart';

2

3 void main() {

4 test('Test without Assertion Roulette ', () {

5 final values = [10, 20, 30];

6 expect(values.length , 4, reason: 'Expected 4 elements ');

7 expect(values [0], 5, reason: 'First element expected 5');

8 expect(values.contains (50), true , reason: 'Expected 50 in

list');

9 });

10 }

Figure 6: Assertion Roulette: smell (left) vs. refactored (right).

(2) Unnecessary await: awaiting synchronous values, adding
confusion without benefit.

(3) Missing throwsA: testing Futures that throw exceptions
without the correct exception matcher.

(4) Incorrect use of completes: using expect(await future,
completes) instead of expectLater(future, completes).

(5) Ignoring asynchronous behavior: testing a Future with-
out any synchronization, leading to false positives.

5.2 Why ERO is Dart-Specific
In Java (JUnit), test methods execute synchronously within a man-
aged thread pool, so omitting synchronization primitives typically
causes an obvious compilation error or exception. In Dart, how-
ever, a test function not marked async may exit immediately after
its last synchronous instruction. Assertions placed inside .then()
callbacks or stream listeners may never execute, causing the test
to pass falsely (False Positive), or to execute after test tear-down,
causing test leak errors. This phenomenon was repeatedly observed
in the analyzed Stack Overflow discussions, where developers re-
ported tests that pass locally but emit errors in CI, or where async
assertions silently never fire.

5.3 Code Example
Expected Resolution Omission (with smell)

1 test('fetches user', () {

2 final result = repository.fetchUser (1);//

without await

3 expect(result ,equals(mockUser));

4 });

Expected Resolution Omission (without smell)

1 test('fetches user', () async {

2 final result = await repository.fetchUser (1);

3 expect(result , equals(mockUser));

4 });

5.4 Recommended Fixes
• Always mark test functions as async when they involve
Future or Stream.

• Use await on any Future before asserting its value.
• For exception testing, use expectLater(future, throwsA
(isA<Exception>())).

• For completion testing, use expectLater(future, completes).
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• Avoid placing assertions inside .then() callbacks without
returning the Future to the test runner.

The ERO smell directly answers RQ3: Dart-specific language
features, principally its native Future/Stream model and the ab-
sence of implicit test-thread synchronization, give rise to a category
of async test smells that do not appear in Java-based test smell cat-
alogs.

6 Discussion and Threats to Validity
6.1 Answers to Research Questions
RQ1: The analysis of 307 Stack Overflow discussions identified 432
individual test smell occurrences distributed across 20 classi-
cal smell types and 1 novel type (ERO). The most prevalent pat-
terns were Magic Number Test (100 occurrences; 23.15%), Unknown
Test (73; 16.9%), and Assertion Roulette (59; 13.66%). These three
smells alone account for more than half of all identified occurrences
(53.81%), revealing that the Dart community’s primary struggles
are concentrated in test readability, diagnosability, and the man-
agement of literal values in UI-intensive test scenarios.

RQ2: The Pareto analysis confirmed the 80/20 rule: only 7 smell
types account for approximately 80% of all occurrences (the Vi-
tal Few): Magic Number Test, Unknown Test, Assertion Roulette,
Redundant Print, Exception Handling, Resource Optimism, and
Mystery Guest. The remaining 14 types (the Trivial Many) col-
lectively represent only 20% of occurrences. This concentration
provides a concrete, evidence-based priority list: detection and
refactoring support targeting these seven smells would address
the overwhelming majority of real-world developer pain points in
the Dart community. For tool builders, this ranking directly guides
implementation priorities.

RQ3: Yes. The open-coding phase revealed the Expected Res-
olution Omission (ERO), a novel smell rooted in Dart’s native
asynchronous execution model. ERO occurs when tests involv-
ing Future or Stream operations omit proper synchronization
(expectLater or await ), causing tests to exit before assertions
run, producing silent false positives. This pattern was explicitly
identified in 9 discussions (2.08%) and does not appear in any Java-
based catalog, as JUnit tests execute synchronously on managed
threads. ERO is a direct consequence of Dart’s cooperative, event-
loop scheduling model and represents a structurally new category
of test smell that requires Dart-specific detection rules.

6.2 Implications for Developers
The Pareto analysis provides an actionable priority list for the
Dart/Flutter community. Eliminating the top three smells (Magic
Number, Unknown Test, and Assertion Roulette) would address more
than 53% of identified bad practices. Development teams should
prioritize: (i) named constants for assertion values; (ii) descriptive
test names; and (iii) reason arguments in expect calls to improve
failure diagnosis.

The prevalence of Magic Number Test (23.15%) reflects the use of
raw numeric literals in assertions, which can make tests brittle and
increase maintenance costs when production thresholds change.

ERO has a particularly high safety impact because it can pro-
duce perpetually green tests that mask failures in asynchronous
logic. False confidence in the test suite may allow critical defects to

reach production, making ERO a high-priority target for developer
education and linting.

ERO is rooted in Dart’s single-threaded, event-loop execution
model.When asynchronous operations returning a Future or Stream
are not properly synchronized with await, the test may reach its
final brace before the operation completes. The test runner can
therefore mark it as passed while assertions in subsequent call-
backs, such as .then(), execute later or fail to execute as intended.
This behavior can allow functional errors to pass through CI/CD
undetected, posing a threat to software quality.

6.3 Threats to Validity
Construct Validity. The primary threat is the subjectivity of the
manual coding process: two researchers may classify the same code
snippet under different smell categories. We mitigated this by: (1)
distributing a structured codebook with operational definitions for
each smell before coding began; (2) requiring three independent
coders; and (3) measuring inter-rater agreement with Fleiss’ Kappa
(𝜅 = 0.57), which indicates moderate agreement on the Landis &
Koch scale [11]. The moderate value (as opposed to substantial or
near-perfect) is expected given the multi-label nature of the task:
a single forum post frequently manifests more than one smell si-
multaneously, increasing classification ambiguity at the boundaries
between categories. Remaining disagreements were resolved by
consensus, with a majority-vote rule for unresolved cases.

Internal Validity. Researchers may exhibit confirmation bias
when searching for pre-defined smell categories, potentially over-
looking novel patterns or misclassifying ambiguous snippets. This
risk was mitigated by including an open-coding stage in the proto-
col, in which patterns not matching the predefined codebook were
explicitly flagged and resolved by consensus. The discovery of ERO
itself is an outcome of this open-coding mechanism.

External Validity. The results may not generalize beyond Stack
Overflow or the specific search string used. First, because Stack
Overflow posts are primarily in English, challenges faced by non-
English-speaking Dart communities may be under-represented. Sec-
ond, the search string [DART] unit test is oriented toward logical
unit tests andmay under-sample Flutter widget tests (testWidgets),
potentially underestimating UI-specific smells such asWidget Setup
and Residual State. Future work should include widget test and
flutter test terms. Third, Stack Overflow users may not repre-
sent the broader Dart developer population, as developers differ in
experience, incentives, and problem visibility. Developers who do
not post publicly or work in private codebases remain outside the
sample; thus, the reported rankings reflect community-visible pain
points rather than overall Dart testing activity.

Reliability. To ensure replicability, the complete dataset of 307
labeled Stack Overflow discussions is made publicly available. Other
researchers can independently re-apply the codebook and verify
the classification decisions.

7 Conclusion and Future Work
This paper presented an empirical grey literature mining study on
test smells in the Dart developer community. Analyzing 307 Stack
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Overflow discussions from an initial pool of 495 posts, we iden-
tified 432 test smell occurrences and addressed three research
questions.

For RQ1, the most prevalent smells were Magic Number Test
(23.15%), Unknown Test (16.9%), and Assertion Roulette (13.66%),
indicating that developers primarily struggle with test clarity, diag-
nosability, and literal values in UI-intensive scenarios.

For RQ2, Pareto analysis showed that 7 smell types account
for approximately 80% of occurrences, providing an evidence-
based priority list for tool development, education, detection, and
refactoring efforts.

For RQ3, we uncovered the Expected Resolution Omission
(ERO), a novel smell rooted in Dart’s asynchronous execution
model. ERO occurs when tests involving Future or Stream oper-
ations fail to synchronize properly with await or expectLater,
potentially causing false positives or silent assertion non-execution.
This smell is not represented in existing Java-based catalogs and re-
flects Dart’s single-threaded, event-loop model and lack of implicit
test-level asynchronous synchronization.

FutureWork. The findings motivate three extensions: (i) a Dart-
specific static analysis linter targeting the “Vital Few” smells; (ii)
formal ERO detection rules for tools such as DNose [23]; and (iii)
broader search strategies incorporating Dart/Flutter terms such as
widget test and testWidgets.

Artifact Availability
The dataset and scripts (kappa.py, pareto.py) are available at
https://figshare.com/s/f719a336f1be519edaf8.
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