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ABSTRACT

Flaky tests are tests that exhibit both a passing and failing behav-
ior when run against the same code. While researchers attempted
to define approaches for detecting and addressing test flakiness,
most of them suffer from scalability issues. This limitation has been
recently targeted through machine learning solutions that could
predict the flakiness of tests using a set of both static and dynamic
metrics that would avoid the re-execution of tests. Recognizing
the effort spent so far, this paper poses the first steps toward an
orthogonal view of the problem, namely the classification of flaky
tests using only statically computable software metrics. We propose
a feasibility study on 72 projects of the iDFlakies dataset, and in-
vestigate the differences between flaky and non-flaky tests in terms
of 25 test and production code metrics and smells. First, we statisti-
cally assess those differences. Second, we build a logistic regression
model to verify if the differences observed are still significant when
the metrics are considered together. The results show a relation
between test flakiness and a number of test and production code
factors, indicating the possibility to build classification approaches
that exploit those factors to predict test flakiness.
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1 INTRODUCTION

Regression testing consists of verifying newly committed code
changes for the presence of software faults [31]. Developers rely on
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test cases to decide on whether to merge pull requests or even de-
ploy the entire system [11]. Perhaps more importantly, developer’s
productivity is partially dependent on the outcome of test cases
[4, 22]: this is mainly due to their ability to identify real faults in a
timely and reliable fashion [30].

Unfortunately, tests can be defective as well and, sometimes,
they can be affected by the so-called flakiness [19]: this happens
when a test exhibits both a passing and failing behavior when run
against the same code, being therefore unreliable and producing
a non-deterministic outcome. According to the research literature
on the matter, flaky tests (1) may hide real defects and be hard
to reproduce because of their non-determinism [19]; (2) increase
testing costs, as developers invest time debugging failures that are
not real [15]; (3) can reduce the overall developer’s confidence on
test cases, potentially leading to neglect real defects [7].

The consequences of test flakiness have been made more and
more popular by practitioners and companies worldwide (e.g., [8,
22]), who all called for automated mechanisms to detect them.

The software engineering research community has been con-
tributing to the body of knowledge through empirical investigations
aiming at eliciting the causes of flakiness [7, 17–19, 21] as well as
with the definition of techniques for detecting and addressing them
[2, 6, 34, 38]. Despite the promising results achieved so far, most of
the identification techniques require test cases to be re-run multi-
ple times: as an example, the most well-known approach is called
ReRun and consists of executing the same test N times, with N
being a variable that goes from dozens to hundreds of executions.
As the reader may understand, the poor scalability of ReRunmakes
it often unusable in practice; in addition, there is no guarantee to
discover the flakiness over the N runs.

To overcome this limitation, researchers devised some alterna-
tives, like DeFlaker [2], that work at commit-level and rely on
the differential code coverage extracted from the analysis of a test
execution from a commit to another. In a complementary manner,
the use of machine learning approaches has been proposed. Pinto
et al. [32] and further replications [3, 13] exploited the test code
dictionary to discriminate the presence of potential flakiness. More
recently, Alshammari et al. [1] devised a supervised learning model
that, using a mixture of code and coverage metrics, can predict
flaky tests with an accuracy up to 86%.

Inspired by these previous papers on flakiness prediction, in
this work we aim at pursuing a further step forward. Rather than
predicting flaky tests with a combination of metrics that include
possibly costly dynamic features (e.g., code coverage), we aim at
studying the feasibility of devising a set of fully statically com-
putable features to be used for test flakiness prediction. Our work
has therefore a feature engineering connotation and aims at pos-
ing the first steps toward our goal. We compute 25 factors related
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to production and test code on 72 open-source projects coming
from the iDFlakies dataset of annotated flaky tests [16]. In the
first place, we verify the distribution of each individual factor in
the sets of flaky and non-flaky tests, with the aim of seeking the
metrics that statistically differ and that might possibly characterize
flaky tests. Afterwards, we build a logistic regression model to eval-
uate whether the differences observed in the first phase are still
significant when the factors are combined together.

Our preliminary results reveal a relation between test flakiness
and a number of test and production code factors. For instance, we
find the complexity of production code to be statistically different
in the two sets of tests, being therefore a candidate metric for a
machine learner approach. Our findings showcase the feasibility of
building a fully static approach for flaky test prediction. All data,
scripts, and additional analyses conducted in the experiments are
available in our online appendix [33].

Table 1: List of metrics used as independent variables.

Name Description

Production and Test Code Metrics

CBO Coupling Between Object, i.e., the number of dependencies a class has with
other classes [5].

Halstead Length The total number of operator occurrences and the total number of operand
occurrences.

Halstead Vocab-
ulary

The total number of distinct operators and operands in a function.

Halstead Vol-
ume

Proportional to program size, represents the size, in bits, of space necessary for
storing the program.

LOC Lines of Code, counting both source and comment lines.
LCOM2 Lack of Cohesion of Methods version 2, i.e., the percentage of methods that do

not access a specific attribute averaged over all attributes in the class.
LCOM5 Lack of Cohesion of Methods version 5, i.e., the density of accesses to attributes

by methods.
McCabe Weighted Methods per Class, i.e., the sum of the complexities (i.e., McCabe’s

Cyclomatic Complexity) of all the methods in a class [20].
MPC Message Passing Coupling, measures the numbers of messages passing among

objects of the class.
RFC Response For a Class, i.e., the number of methods (including inherited ones)

that can potentially be called by other classes [5].
TLOC Number of lines of code of the Test Suite.
WMC Weighted Methods per Class, i.e., the sum of the complexities (i.e., McCabe’s

Cyclomatic Complexity) of all the methods in a class [5].
Code Smells

Class Data
Should Be
Private

When a class exposes its attributes, violating the information hiding principle.

Complex Class When a class has a high cyclomatic complexity.
Functional De-
composition

When in a class inheritance and polymorphism are poorly used.

God Class When a class has huge dimension and implementing different responsibilities.
Spaghetti Code When a class has no structure and declares long method without parameters.
Test Smells

Assertion Den-
sity

Percentage of assertion statements in the test code

Assertion
Roulette

When a test method has multiple non-documented assertions.

Conditional Test
Logic

Conditional code within a test method negatively impacts the ease of compre-
hension by developers.

Eager Test When a test method invokes several methods of the production object.
Fire and Forget A test that is at risk of exiting prematurely because it does not properly wait

for the results of external calls.
Mystery Guest When a test method utilizes external resources (e.g. files, database, etc.).
Resource Opti-
mism

When a test method makes an optimistic assumption that the external resource
(e.g., File), utilized by the test method, exists.

Sensitive Equal. When the toString method is used within a test method.

2 RESEARCH QUESTIONS AND VARIABLES

The goal of the study was to investigate how static test and produc-
tion quality metrics are related to test flakiness, with the purpose of
assessing the feasibility of a flaky test prediction model solely based
on statically computable features. The perspective is of researchers
and practitioners: the former are interested in understanding the
capabilities of code and test-related metrics when it comes to the
identification of flaky tests; the latter are interested in evaluating

which are the features more connected to flakiness and that, there-
fore, should be kept under control when evolving source code.

As further explained later in Section 2.3, our focus was on both
test and production code metrics and smells. While the research
community has identified test-related aspects as those primarily
connected to the potential flakiness of test code [19], we considered
production code metrics on the basis of the findings reported in a
recent work by Eck et al. [7]: in a non-negligible number of cases,
the root-cause of test flakiness might be due to errors done in the
production code (e.g., when managing concurrency [7]). To the best
of our knowledge, this is the first research work investigating the
impact of production code quality factors on flaky tests.

This reasoning let us define our RQ1: we started by analyzing
how the above mentioned metrics correlate to test flakiness. We
focused on their individual effect by statistically comparing how
their values differ in the sets of flaky and non-flaky tests. We asked:

RQ1.What are the individual effects of production and test code
quality metrics on the prediction of flaky tests?

While the results to the first research question might already
provide insights into the relations between static metrics and test
flakiness, we performed an additional step with the aim of verify-
ing whether the differences observed in RQ1 were still statistically
significant when the considered metrics were combined: as shown
in literature [29], this step is required to establish unbiased conclu-
sions on the capabilities of metrics for predictive models:

RQ2.What are the combined effects of production and test code
quality metrics on the prediction of flaky tests?

2.1 Context Selection

The context of the study consisted of 72 open-source software
projects accounting for a total of 51,549 test cases, of which at
least one affected by flakiness. More specifically, we relied on the
publicly available iDFlakies dataset produced by Lam et al. [16].
It provides a collection of 423 flaky tests, identified by re-running
them multiple times in different orders. The projects in the dataset
are all available on Github and have high diversity: for instance,
they are developed by 66 different communities, six projects belong
to the Apache Software Foundation and have a size ranging
from 638 to 1.6 million lines of code. More detailed statistics on
those projects are available on the dataset website.1

The selection of this dataset was driven by its availability as well
as by the large amount of diverse projects it contains.

2.2 Dependent Variable

The dependent variable of our study is the test flakiness, as reported
in the iDFlakies dataset [16]. In particular, test cases are either
labeled as “flaky” or “non-flaky”. As such, our statistical exercise
will consider a binary dependent variable.

2.3 Independent Variables

The ultimate goal of our work was to verify the extent to which stat-
ically computable metrics can be adopted to predict test flakiness.
In the context of this feasibility study, we considered a total of 25

1The iDFlakies dataset: https://sites.google.com/view/flakytestdataset/home.
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factors along three dimensions i.e., production and test code metrics,
code smells, and test smells. Table 1 reports name and description
of the considered metrics, while the rationale and motivations for
selecting them are discussed in the following.
Production and test code metrics. This set is composed of ten
factors measuring size and complexity of both production and test
code. Some of these metrics belong to the Object-Oriented metric
suite proposed by Chidamber and Kemerer [5], e.g., coupling be-
tween object classes (CBO), while other metrics come from other
catalogues, e.g., the McCabe cyclomatic complexity [20] or the Hal-
stead’s metrics [24]. The rationale behind the selection of these
metrics was driven by ourwillingness to verifywhether large and/or
complex code might have an impact on the likelihood to observe a
flaky behavior of the test case.
Code smells. These indicate the presence of sub-optimal solutions
to the development of source code [9] that might contribute to
the increase of technical debt [27]. It is reasonable to believe that
writing tests for smelly code may be harder and might possibly lead
them to be less effective—this was somehow showed by Grano et
al. [12]. Hence, we run Decor [23], a state-of-the-art code smell
detector, to count the number of instances of five code smell types
having different characteristics and targeting well-known design
issues, i.e., Class Data Should Be Private, Complex Class, Functional
Decomposition, God Class, and Spaghetti Code [9].
Test smells. Similarly to code smells, these are defined as bad
programming practices in unit test code [36]. As originally defined,
test smells may indeed reveal the presence of issues that induce test
flakiness [36]: hence, we run a state-of-the-art test smell detector
named VITRuM [28] to verify whether test smells have an impact
on flakiness. The detector identifies seven test smell types, i.e.,
Assertion Roulette, Conditional Test Logic, Eager Test, Fire and Forget,
Mystery Guest, Resource Optimism, and Sensitive Equality.

When computing metrics and smells on production code, we had
to link test cases to their correspondent production code. In this
respect, we used a pattern matching approach based on naming
conventions and already used in previous work (e.g., [12, 13, 29]).

Once we had computed the above-mentioned factors on the
considered projects, we normalized the resulting values using the
min-max scaling—this was needed because the metric values were
on different scales, making any comparison difficult [14].

3 RQ1. THE INDIVIDUAL EFFECTS OF

METRICS ON TEST FLAKINESS

3.1 Research Methodology

We assessed if the independent variables were different in the set
of flaky and non-flaky sets. We first showed boxplots depicting
the distribution of the metrics and smells. Then, we computed
the Mann-Whitney and Cliff’s Delta tests to verify the statistical
significance of the observed differences and their effect size.

3.2 Analysis of the Results

Figure 1 depicts the boxplots of the distributions of metrics and
smells which exhibit some differences between the sets of flaky
and non-flaky tests. The boxplot for the entire factors is reported
in our replication package [33]. We can observe that some factors

Figure 1: Results for RQ1.

vary in the two sets: this is especially true when considering the
production and test code metrics, for which the medians of flaky
tests and corresponding production code are often higher than
those of non-flaky tests. These results suggest that flaky tests have
a different metric profile than other tests. Moreover, we observe a
variation in terms of production code factors, which is not only in
line with previous results [7], but also indicate a new, alternative
dimension of the test flakiness neglected so far.

Perhaps more interesting, the boxplot analysis reveals that most
of the metrics and smells that are different in the two sets charac-
terize program complexity. In particular, we observe differences in
terms of control flow graph-related metrics (e.g., production WMC
and the McCabe metric computed on tests), complexity of the ex-
pressions used in the code (e.g., the Halsteald’s metrics), and code
smells (e.g., Complex Class). This seems to suggest that the devel-
opment of test cases is heavily impacted by complexity measures,
possibly increasing the likelihood to induce flakiness. As such, we
can envision future additional analyses on such a relation. As for
the test-related factors, the higher median of assertion density in
the flaky test set might be connected to the fact that having more
assertions increases the chances to induce flakiness due to restric-
tive ranges in the values compared within assert statements [7].
Finally, the effects of test smells are only partially visible: indeed,
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Table 2: Mann Whitney and Cliff’s Delta Statistical Test Re-

sults. We use N, S, M, and L to indicate negligible, small,

medium and large effect size respectively. Significant p-

value and 𝛿 value are reported in bold-face.

Statistic Tests

p-value 𝛿 p-value 𝛿

CBO 3.47𝒆−13 S Complex Class < 2.2𝒆−16 S

Halstead Length 4.45𝒆−05 S FD 0.19 N
Halstead Vocab. 9.97𝒆−06 S God Class 0.19 N
Halstead Volume 2.65𝒆−05 S Spaghetti Code 2.24𝒆−15 S

LOC 1.57𝒆−07 S Assertion Density 8.01𝒆−10 S

LCOM2 7.48𝒆−05 S Assertion Roulette 2.29𝒆−12 S

LCOM5 7.99𝒆−07 S Cond. Test Logic 0.07 N
McCabe 0.01 N Eager Test 7.66𝒆−16 S

MPC 4.22𝒆−10 S Fire And Forget 0.03 N
RFC 4.02𝒆−08 S Mystery Guest 0.52 N
TLOC < 2.2𝒆−16 M Resource Optimism 0.29 N
WMC 5.37𝒆−06 S Sensitive Equality 0.71 N
CDSBP < 2.2𝒆−16 N

most of the test cases in the dataset were not affected by any of
them, hence limiting the analysis and suggesting the need for larger
investigations into the matter. Nonetheless, we observe the severity
of the Eager Test smell as a metric that differs in two sets. This
smell measures how focused a test is, namely whether it exercises
more methods of the production code. Based on our results, we
may conjecture that the lack of focus of tests does not allow them
to properly set the environment needed to exercise the production
code: as a consequence, their outcome may depend on the order
of execution of test methods, i.e., the outcome may change if the
environment is (not) set before calling the smelly test.

The results of the statistical tests are reported on Table 2 and
confirm the discussion provided so far. Most of the metrics (19)
present a 𝜌-value < 0.05, meaning that the differences between the
distributions of flaky and non-flaky tests are statically significant.
These differences have, however, a small effect size in 15 cases.

Key findings of RQ1.

The metric profile of flaky tests is different from the one of
non-flaky tests. One the key factors distinguishing them is
program complexity. We also discovered a set of production
code metrics that might potentially affect test flakiness.

4 RQ2. THE COMBINED EFFECTS OF

METRICS ON TEST FLAKINESS

4.1 Research Methodology

After studying the statistical significance of the distributions of
our independent variables, we proceeded with our second research
question. We devised a Logistic Regression Model, which belongs
to the class of Generalized Linear Model (GLM) [25]. We have used
this statistical modeling approach because it does not assume the
distribution of data to be normal. In fact, we verified the normality
of the distribution by means of the K-S Lilliefors test [10], which
failed to reject the null-hypothesis, i.e., our data is not normally
distributed. Furthermore, the Logistic Regression Model can deal
with dichotomous dependent variables, hence fitting our case.

More formally, let 𝐿𝑜𝑔𝑖𝑡 (𝜋𝑓 ) be the explained test flakiness 𝑓 ,
let 𝛽0 be the log odds of the likelihood of flakiness being increased
in a test, and let the parameters 𝛽1 · 𝑓1 , 𝛽2 · 𝑓2, . . . , 𝛽𝑛 · 𝑓𝑛 be the
differentials in the log odds of being the likelihood of flakiness
increased for a test with characteristics 𝑓1, 𝑓2, . . . , 𝑓𝑛 , the statistical
model is represented by the function:

𝐿𝑜𝑔𝑖𝑡 (𝜋𝑓 ) = 𝛽0 + 𝛽1 · 𝑓1 + 𝛽2 · 𝑓2 + · · · + 𝛽𝑛 · 𝑓𝑛 . (1)

To implement the model, we relied on the glm function available
in R toolkit.2 Moreover, to avoid multi-collinearity we used the vif
(Variance Inflation Factors) function implemented in R to discard
non-relevant variables, putting a threshold value equal to 5 [26].

4.2 Analysis of the Results

Table 3 reports the results of the Logistic Regression Model. The
table reports only 17 of the independent variables; the other eight
factors, i.e., Halstead Length, Halstead Volume, LOC, MPC, RFC,
WMC, Complex Class, and Spaghetti Code, have been excluded
by the model as a result of the vif analysis. For each variable,
the table reports the value of the estimate, the standard error, and
the statistical significance. The latter is explained by the number
of stars, i.e., ’***’ indicates a p<0.001, ’**’ indicates a p<0.01, ’*’
indicates a p<0.05 and ’.’ indicates a p<0.1.

The results confirm the discussion drawn in the context of RQ1,
but not always the factors useful to distinguish flaky and non-flaky
tests. We can confirm the role of code complexity: while some of the
metrics whose distribution differs in flaky and non-flaky tests were
excluded by the vif analysis, we can still see Halstead Vocabulary
and other metrics connected to complexity, i.e., lines of test code
and CBO, as statistically significant.

Similarly, the assertion density keeps being statistically signifi-
cant. In addition, the logistic modeling let Assertion Roulette become
significant: this test smell arises when a test has a number of undoc-
umented assertions that would not allow a developer to properly
understand the rationale behind a failure [36]. Of course, the con-
nection with the flakiness might be indirect and due to a reflection
of the assertion density: we plan to further investigate the role of
this test smell in our future research on the matter.

Last but not least, our results indicate that two code smells such
as Functional Decomposition and Class Data Should be Private are
statistically significant. Looking at the definitions, these smells
have not obvious connections to flakiness. The first arises when a
class does not follow object-oriented principles like polymorphism
and inheritance, declaring a few methods that look like procedural
functions. The second affects classes that do not encapsulate fields,
hence providing public access to their attributes. To provide an
interpretation of this finding, we manually dived into the dataset
and analyzed a sample of the production classes affected by those
smells. In particular, we randomly selected 20 classes affected by
each smell and tried to establish a motivation for the statistical
results obtained—this process was mainly conducted by the first
author of the paper, who was supported by the other authors when-
ever needed. As a result, we could discover that the examined classes
had high cyclomatic complexity and, most likely, the two smells sta-
tistically subsumed the other complexity metrics. In other words, it

2https://www.r-project.org/
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Table 3: Results for RQ2 achieved by the statistical model.

Generalized Linear Model

Estimate S.E. Sig. Estimate S.E. Sig.

Intercept -4.82 2.93 Cond. Test Logic -14.10 9.67
TLOC 7.45 2.35 ** Fire and Forget 2.08 1.73
McCabe 0.90 0.72 LCOM2 1.11 1.38
Assertion Density 2.50 0.89 ** LCOM5 -0.83 1.39
Assertion Roulette -19.95 9.74 * CBO 1.82 0.80 *
Mystery Guest -0.60 2.71 Halstead Voc. 4.73 0.97 ***
Eager Test 3.70 0.98 *** CDSBP 2.93 1.47 *
Sensitive Equality -2.71 6.28 FD 0.75 0.28 **
Resource Optimism -2.70 4.89 God Class -1339.58 2621.51

is not the presence of these code smells to directly influence the test
flakiness, but rather a co-occurring phenomenon; code complexity
was again confirmed to be the main distinguishing factor.

Key findings of RQ2.

While some of the metrics that turned out to be significant in
RQ1 were discarded, we could confirm that factors connected
to code complexity and assertions represent the main distin-
guishing elements for test flakiness. In addition, the presence
of some forms of code smells may be considered as a proxy
measure to estimate the likelihood of tests to be flaky.

5 DISCUSSION AND LIMITATIONS

The results of our feasibility study provided insights that are worth
to further discuss along with the limitations of our study.

5.1 Discussion

Our aim was to conduct a preliminary, feasibility study that could
shed light on the potential features to be used within machine
learning models that predict test flakiness by means of statically
computable metrics and smells. Our findings revealed three main
observations in this respect. In the first place, the role of code com-
plexity: according to our statistical exercise, a number of metrics
and smells that have to do with the complexity of production and
test code turned out to significantly influence the test flakiness.
This is a conclusion that we reached in both research questions,
even though we observed different statistically relevant factors.

On the one hand, these results let emerge a potential additional
property of complexity metrics, namely that of influencing the
likelihood of tests to be flaky. We plan to investigate such an un-
known relation further, yet it represents already a motivation for
researchers and practitioners to keep studying and monitoring code
complexity to improve source code quality and ease the test code
development activities. On the other hand, our findings started
addressing the problem of test flakiness in a more comprehensive
manner: as a matter of fact, the properties of production code might
affect the likelihood to observe an unreliable behavior in the tests.

The second key observation concerns with the role of assertions.
To the best of our knowledge, only a few pieces of work [7] have
investigated how assert statements can induce test flakiness. As
such, further investigations into themattermight provide additional
insights and instruments to deal with flaky tests.

Finally, the role of code and test smells. As for the former, differ-
ent design issues were found significant inRQ1 andRQ2. We could
delineate direct and indirect connections that should be further

analyzed: in any case, our results suggest that, in some cases, code
smells might subsume properties that might support the identi-
fication of flaky tests. As for the latter, the discussion is slightly
different and perhaps more interesting. Our study could not inves-
tigate the role of test smells in an organic manner, as certain types
of smells were not detected in the exploited dataset. Nonetheless,
we could still discover a relation between flaky tests and smells
like Assertion Roulette and Eager Test, hence paving the way for
confirmatory, larger-scale investigations.

All in all, we can conclude our feasibility study by highlight-
ing the concrete possibility to devise fully static mechanisms for
detecting flaky tests. This is, clearly, our followup step.

5.2 Threats to Validity

When it comes to the limitations of the study, there are some factors
that might have biased our conclusions.

Construct Validity. Threats in this category refer to the correct-
ness of the dataset used in the study. We relied on a publicly avail-
able source built in the context of previous research [16] and that
has been already used and validated. This makes us confident of
the reliability of the dataset; yet, we cannot exclude imprecision, es-
pecially in terms of the flaky tests identified, e.g., some tests might
have not exposed their unreliability over the multiple executions
performed by the authors of the dataset.

To compute the independent variables, we relied on automated
tools. Also in this case, we cannot exclude imprecision, especially
in terms of code and test smells output by the employed detectors.
To partially mitigate this threat, we selected tools that have been
previously evaluated, showing good accuracy.

Conclusion Validity. As for the statistical methods employed,
we selected the Generalized Linear Model after verifying its suit-
ability for our purpose, e.g., its ability to deal with dichotomous
variables. In addition, to ensure that the model did not suffer from
multi-collinearity, we applied a stepwise procedure, using the vif
function, aimed at discarding non-relevant independent variables.

Another possible threat concerns with the unbalance of the
dataset considered. As a matter of fact, the number of flaky tests
was way lower than the one of non-flaky tests. This aspect might
have particularly biased the metric distributions observed in RQ1.
To account for this potential issue, we conducted an additional
experiment. First, we randomly selected a number of non-flaky
tests equal to the number of flaky tests: in this way, we could
create a reduced version of the dataset that balanced the number
of test cases in the two sets. Second, we re-run the entire set of
experiments to verify whether the obtained results were in line with
those discussed in the paper. This is what actually happened: for
the sake of space limitations, the additional analyses are reported in
our online appendix [33], yet we could confirm our findings, hence
mitigating the threat to validity.

External Validity. With respect to the generalizability of the re-
sults, we are aware of the limitations of our study. We focused on
the iDFlakies dataset [16], which is limited to open-source projects
written in Java. Our future research agenda includes the extension
of the study with other datasets of flaky tests.
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6 RELATEDWORK

Due to space limits, we cannot provide an extensive analysis of
the literature on flaky tests. Therefore, we only discuss the seminal
papers on the topic that have inspired our research.

Luo et al. [19] manually inspected 1,129 commits to elicit a tax-
onomy reporting ten root causes of test flakiness. Thorve et al. [35]
conducted a similar study in Android apps, concluding that some
root causes are similar to those identified by Luo et al. [19], while
others relate to program logic and UI. Eck et al. [7] built upon these
papers to identify additional root causes, shedding lights into the
potential contribution provided by production code factors. When
setting our study, we took the work by Eck et al. [7] into account
and computed a number of production code metrics and smells.

In terms of prediction models, several researchers have inves-
tigated the role of the test code vocabulary, reporting promising
results [3, 13, 32, 37]. In an alternative manner, Alshammari et
al. [1] used a combination of static and dynamic metrics to pre-
dict flaky tests. With respect to these works, ours can be seen as
complementary: we aimed at exploiting the metric profile of tests
and their corresponding production code, rather than relying on
combinations of features or source code terms.

7 CONCLUSION AND FUTUREWORK

We presented a feasibility study aimed at understanding whether
statically computable metrics can be exploited for flaky test pre-
diction. Our findings revealed that this seems to be possible: the
complexity of production/test code, the distribution of assert state-
ments, and the presence of code/test smells represent potentially
valid indicators of test flakiness. Our future research agenda in-
cludes the replication of the study on more diverse datasets. We
also plan to experiment with machine learners trained using the
significant static metrics and smells from our analysis.
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