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Abstract

Performance testing aims to ensure the operational efficiency of software
systems. However, many factors influencing the efficacy and adoption of
performance tests in practice are not yet fully understood. For instance,
while code coverage is widely regarded as a key quality metric for evaluat-
ing the efficacy of functional testing suites, there is limited knowledge about
the types and levels of coverage that performance tests specifically achieve.
Another important factor, often perceived as a barrier to the broader adop-
tion of performance tests yet remaining relatively unexplored, is their ex-
tended execution time. In this paper, we examine (i) the coverage of perfor-
mance testing suites, (ii) the characteristics of source code associated with
performance-tested components, and (iii) the time cost of executing perfor-
mance tests. Our analysis on 28 open-source systems reveals that perfor-
mance tests achieve significantly lower code coverage than functional tests,
as expected, and it highlights a significant trade-off between coverage and ex-
ecution time. Our results also indicate a lack of generalizable characteristics
in the source code covered by performance tests.
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1. Introduction

Software performance is a critical non-functional aspect of software sys-
tems. Deterioration in performance can present significant business chal-
lenges, including user dissatisfaction [I] and financial losses [2]. To address
these concerns, organizations typically employ performance testing [3], a
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technique designed to evaluate the software system’s performance before its
deployment in a production environment. However, the practical implemen-
tation of performance testing faces challenges.

One of such challenges is associated with the development and main-
tainability of performance testing suites. Creating these tests often requires
specific technical expertise that may not be readily available to the average
developer [4, [5]. Additionally, software development processes tend to pri-
oritize functional development activities, which can lead to limited resource
allocation for quality assurance tasks [0, 4], such as the creation and main-
tenance of performance tests [5]. These factors collectively contribute to the
oversight of performance assurance activities, leading to potential implica-
tions on the quality of performance testing suites.

The traditional way of assessing the quality of a testing suite involves
using code coverage. This metric gauges the extent to which the testing suite
executes the software source code, serving as a simple yet effective indica-
tor of the testing suite quality. Although the validity of code coverage as
a measure of test quality is still a matter of debate [7, §], it remains the
de-facto standard for evaluating testing suites in practical scenarios. Code
coverage has traditionally been used and studied in the context of functional
testing [9) 10, [7, [§] (e.g., unit tests), and there are increasing indications that
its relevance extends to software performance testing as well. For instance,
researchers have shown that code coverage significantly impacts the test ca-
pability of triggering performance bugs [I1], and that extending coverage
in performance testing suites can enhance their effectiveness in discovering
performance issues [12].

Despite these indications, there is still limited knowledge about the code
coverage achieved by performance tests. In a previous conference paper [13],
we took an initial step on this issue by conducting an investigation into the
code coverage of performance tests and the associated execution time cost,
which is an important factor typically in trade-offs with code coverage [14].
Our methodology involved selecting 28 Java software systems on GitHub
that featured JMH benchmarks, a widely used form of performance tests
in Java. We then conducted a comprehensive analysis to extract all Java
methods within these software systems. Finally, we executed 2,190 JMH
benchmarks on these Java software systems to identify the methods covered
by performance testing. Our findings revealed that JMH benchmarks achieve
a limited code coverage of about 8.8% on average, which is 4 times lower than
the JUnit tests one. Additionally, JMH benchmarks incur a considerably high



execution time cost, which is in average 62 times larger than those of JUnit
tests.

This paper extends our previous one [13], »with the main in-

tent to investigate whether static features can play the role of “detectors” of code
that is usually covered by performance tests. The identification of one or more such
features, in perspective, would support the work of performance testers by pointing
them to portions of code that claim their attention, only on the basis of static code
analysis, therefore without needing to execute those portions of code. With this main
motivation in mind, <« we introduced a wider analysis that explores the cor-
relation between the characteristics of code components and their likelihood
of being covered by performance tests. Specifically, we aim to understand
whether code components covered by performance tests share characteristics
(e.g., recurrent patterns) that are generalizable across software systems. The
identification of such patterns can help, in particular: (i) to guide developers
in selecting which code components to test, and (ii) to improve performance
engineering techniques, such as performance test prioritization [I5] [16], se-
lection [17], and generation [12| [I§].
In order to investigate this aspect, we extracted 44 well-known source code
metrics from 177, 697 Java methods, and we trained machine learning classi-
fiers to predict whether a method is covered by a performance test based on
these metrics. Through this process, we searched for correlations between the
code metrics and the likelihood of being covered by performance tests. We
employed a rigorous methodology that involved training 11 machine learning
algorithms across 99 configurations, while adhering to best practices such
as dataset rebalancing, feature selection, and hyper-parameter tuning. Our
results basically exclude correlations between source code metrics and perfor-
mance test coverage, by suggesting a lack of generalizable recurrent patterns
in performance-tested methods. This finding indicates that the choice of code
components to be performance tested is primarily driven by domain-specific
objectives rather than generalizable code characteristics. Consequently, this
poses significant challenges for the automated generation, selection, and pri-
oritization of performance tests.

To sum up, this paper provides the following contributions:

e An empirical investigation on the code coverage of performance testing,
and the associated execution time cost.

e An extensive investigation on the correlation between source code met-
rics and performance testing coverage.
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e A replication package [19] containing the dataset we mined in the study,
the scripts we used to perform the data analysis, and the detailed results
of our analysis.

2. Background

2.1. Performance Testing

Performance indicates how well a software system or component operates
in terms of efficiency, including aspects like response time and throughput.
The response time refers to the time required to respond to a request, while
the throughput of a system is the number of requests that can be processed
in some specified time interval [20]. Just like functional correctness, per-
formance is one of the key characteristics in different classifications of the
software quality attributes [21][22].

A common practice to determine the performance of any application is
performance testing [23]. Performance testing is an activity aimed at eval-
uating the efficiency of a software system in a pre-production environment,
often in terms of response time, throughput, or combination of both [24].
It includes a wide variety of approaches, such as system-level testing and
load testing [25]. One of the goal of performance testing is to identify prob-
lems that cause the system performance to degrade. Even if a software
system lacks explicit performance specifications, it is implicitly required that
it should not take infinite time or resources to execute.

Performance testing is usually carried out by repetitive executions of
target code until enough performance data points are collected [26], [27].
To evaluate overall software systems, state-of-the-art performance testing
practices typically involve relatively large-scale and long-running tests [28].
However, this process should be systematic due the the expensive nature of
performance tests in terms of execution time cost [13]. To deal with this
intrinsic complexity, several approaches to performance unit testing, such as
microbenchmarking, have been proposed for accurate performance evaluation
of small-scale and isolated source code segments [12].

Microbenchmarks are small test cases used to evaluate the performance
of a specific piece of code or function [29]. They are increasingly becoming
popular and widely adopted, mainly due to their short runtimes and testing
durations [30]. Performance microbenchmarking aims to test smaller code
units (e.g. methods or statements) [31], [32]. This approach is particularly



important in languages like Java, where system performance can be signif-
icantly affected by apparently small code segments. Microbenchmarking is
used to evaluate specific performance metrics such as execution time, mem-
ory consumption, and throughput, while providing detailed insights on the
performance characteristics of individual code units.

However, there are inherent challenges to performance microbenchmark-
ing, like unreliable results [33], and a lack of appropriate tools [34]. Due to
these challenges, many frameworks provide benchmark tooling like Caliper
[35], AutoJMH [18], and JUnitPerf [36]. For Java-based software, JMH [37] is
the de facto standard framework used to automate performance microbench-
marking by defining and executing software benchmarks. Therefore, in this
study, we focus on microbenchmarking using JMH in Java programs where
we consider methods as units to be tested.

2.2. Test Coverage

Test coverage is a commonly used metric in software testing that calcu-
lates how thoroughly the test cases exercise a given program. It is used as
an indicator to monitor the quality of a test suite and a way to measure
how thoroughly the software is tested. Test coverage refers to the portion
of a software application used during a particular test execution [38]. Test
coverage also serves to inform analysis techniques, such as fault localization,
or to guide search-based algorithms towards generating coverage-optimized
test suites (e.g., [39], [40]).

Typically, test coverage criteria include statement coverage and branch
coverage at the level of methods, classes, packages, and overall system. State-
ment coverage measures the percentage of executable statements exercised
by a test suite, while branch coverage measures the percentage of branches
exercised by a test suite. The coverage can be determined using various test
coverage tools. The coverage measurement is performed by inserting mea-
surement probes into a program at the targeted granularity level, such as
at a statement, block, or method level, and then running the tests on the
instrumented program, while typically storing coverage information in trace
files [41]. All the tools usually work on this principle but they may vary in
the languages to which they apply. Also, they may provide measurements
at different granularity levels such as statement, branch, method, and class
[42].

Despite limited applications and attention to test coverage for perfor-
mance testing, better test coverage has proven to be effective in finding syn-



chronization performance bugs in production environments [43]. Applying
test case prioritization, coverage-based techniques provide significant bene-
fits in regression testing by efficiently uncovering performance regressions[44].
Studies have shown that dynamic coverage analysis (e.g., line coverage or
branch coverage that involve measuring the test coverage while the program
is running) can effectively measure the execution behavior of Java programs.
These techniques prove to be effective in early capturing significant perfor-
mance changes [45]. Due to this, coverage-based approaches are particularly
beneficial for performance testing of software microbenchmarks, which typi-
cally require longer execution times than unit tests [13].

3. Study Design

This study investigates the code coverage achieved by performance tests
and their time cost, given the relevance of this aspect for the practical usage
of performance tests. To aid the interpretation of our results, we conduct a
comparative analysis with functional tests to assess the differences both in
terms of code coverage and time cost. Furthermore, we explore the potential
relationships between source code metrics and the likelihood of the analyzed
source code being covered by performance tests. By identifying these rela-
tionships, we aim to uncover recurring patterns in the source code that can
inform and guide performance testing efforts.

We focus on JMH microbenchmarks and JUnit tests due to their extensive
use within the Java ecosystem. JMH is the de-facto standard for developing
and running microbenchmarks, a widely known form of performance tests in
Java software [46], while JUnit stands as one of the most popular libraries
for implementing and executing Java functional tests. In this study, we aim
to address the following research questions (RQs):

> RQq: To what extent do performance tests cover the source code of
software systems? QOur objective is to evaluate the extent of code coverage
achieved by performance testing suites across various software systems and
compare it to the coverage provided by functional testing suites. We assess
coverage from multiple perspectives, including overall and direct coverage,
and we analyze the degree of overlap among different tests in their coverage
of identical sections of the source code.

> RQs: What is the time cost of performance tests? We assess the time
costs incurred during the execution of performance tests, and compare them



to those associated with functional tests. We measure the overall time con-
sumed at suite-level and test-level, thus providing insights on the temporal
impact of performance testing at different granularity.

> RQs: Are there any specific characteristics in the source code that can
guide performance testing? To determine if there are any peculiarities in
the source code sections chosen for performance testing, we investigate the
relationship between static code features and the likelihood of being covered
by performance tests. To do so, we leverage machine learning models to
predict whether a method is performance tested or not. Specifically, we em-
ploy a carefully designed process consisting of different steps, while adhering
to current machine learning best practices largely inspired from a similar
work [30]. We start with machine learning models using default settings.
Then, we apply both class rebalancing techniques [47, 48] and feature se-
lections [49, 50]. Finally, we adopt hyperparameter tuning [51] to enhance
the prediction accuracy of the models. High prediction accuracy indicates
the presence of distinctive patterns in the source code that are subject to
performance testing. Conversely, low prediction accuracy suggests a lack of
generalized characteristics in performance tested methods. To address RQs,
we investigate the following three sub-research questions:

e RQj3.4: Can we predict whether a method should be performance tested
using machine learning models with default settings? We investigate
the use of machine learning models with their default settings to eval-
uate if static code features can be used to predict whether a code com-
ponent should be covered by performance tests.

e RQ3.5: How does the prediction accuracy change when employing fea-
ture selection and class-rebalancing techniques? We employ two well-
known preprocessing steps, namely (i) feature selection and (i) class-
rebalancing, to investigate their impact on the prediction accuracy of
machine learning models. For feature selection, we remove less rele-
vant code features, such as co-linear and multi-co-linear features, from
our dataset. For class-rebalancing, we apply both oversampling and
undersampling techniques.

e RQs.¢: How does the prediction accuracy change after tuning the hy-
perparameters of machine learning models? We aim to investigate the
extent to which the optimization of hyperparameter configurations can
enhance the prediction accuracy of machine learning models.



3.1. Main steps of the performed study

Given the objective of our study, we selected an initial pool of 40 Java
software projects hosted on GitHub. This selection was guided by four key
considerations: (i) these systems are well-established Java libraries that cover
a broad spectrum of application domains, (i) each of these projects includes
JMH benchmarks and JUnit tests, (i) we are familiar with the commands
necessary to execute the JMH microbenchmarks for these systems, and (iv)
they have been used in prior work [30, [16, 52], 53], 54], thus supporting their
appropriateness in this context.

As shown in Figure [T} the executed process consists of three main steps:
(i) raw data collection from the selected software systems, (ii) data wran-
gling, and (iii) model training and tuning phase, as described in the following
subsections.

40 Java Projects
including
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and JUnit Tests
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Applying static & dynamic analysis to generate raw artifacts
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Figure 1: Main steps of the performed study.
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3.1.1. Raw Data Collection

Our data collection combines both static code analysis and dynamic anal-
ysis of test executions. In particular, we collected three distinct types of raw
data from each Java system, i.e., srceML XML files, JMH/JUnit callstacks,
and JMH/JUnit reports.

> sreML XML files: We transformed each Java source file into a struc-
tured XML format using sreML toolkit [55]. This transformation facilitates
a structured and reliable static analysis of the source code, thus enabling
straightforward extraction of relevant code information, such as the list of
Java method signatures and other source code elements corresponding to
Java language features for specifying and managing control flows, data, and
concurrency that appear in the project. In this process, we encountered a
specific issue with two projects, namely apache hive and eclipse jersey, where
the srcML toolkit generated incomplete XML files that omitted the repre-
sentation of specific Java source files. Thus, we decided to exclude these two
projects from our analysis. As a result, we successfully parsed the source
code of 38 of our initially selected projects.

> JMH/JUnit callstacks: We rely on dynamic analysis to identify the
code components covered (or not covered) by JMH/JUnit tests. We prefer
dynamic analysis over static analysis due to several limitations of the latter
[56], such as its inability to reliably derive method invocations. Specifically,
we employed async-profiler] to profile the execution of JMH benchmarks
and JUnit tests by capturing their respective call stacks. A call stack reports
the currently active methods in the CPU and the sequence of their invoca-
tions. For illustration, consider Fig. [2| which presents a call stack from the
execution of a JMH benchmark named skinnyEncodeIntoCompressedByte-
Buffer. Through this call stack, we can deduce the sequence of executed
methods within the benchmark. From Fig. [2, we can observe that the
benchmark first calls encodeIntoCompressedByteBuffer, which subsequently
invokes encodeIntoByteBuffer, and this is followed by writeCountsDiffs,
and so forth.

After executing each testing suite, we produced a distinct file that cata-
logs all unique call stacks observed during the execution. However, during
this procedure, we faced issues attaching the profiler to the JMH benchmarks
of seven projects. Consequently, we excluded these projects from our anal-

'https://github.com/async-profiler/async-profiler
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public class HdrHistogramEncodingBench { @

@Benchmark B
enchmark
public voidiskinnyEncodeIntoCompressedByteBuffer()|{

uffer.clear(); directly Benchmarked project method
[skinnyHistogram.encodeIntoCompressedByteBuffer (buffer) ]
1

f

ava.lang.Thread.run;
java.util.concurrent.ThreadPoolExecutor.Worker.run; <::>
java.util.concurrent.ThreadPoolExecutor.runWorker;
java.util.concurrent.FutureTask.run;
java.util.concurrent.Executors$RunnableAdapter.call;
java.util.concurrent.FutureTask.run;
java.lang.reflect.Method.invoke;
sun.reflect.DelegatingMethodAccessorImpl.invoke;
sun.reflect.NativeMethodAccessorImpl.invoke;
sun.reflect.NativeMethodAccessorImpl.invokeO;

11 bench.HdrHistogramEncodingBench.skinnyEncodeIntoCompressedByteBuffeg:
|L2 org.HdrHistogram.SkinnyHistogram.encodeIntoCompressedByteBuffer)

- [oZg-RarRIstogran, SKinnyHI StogTan. SncodSIAtoByteBuEEar ]

14 org.HdrHistogram.SkinnyHistogram.writeCountsDiffs;

15 org.HdrHistogram.SkinnyHistogram.putInt;

16 java.nio.HeapByteBuffer.put;)Non-project

17 java.nio.Buffer.nextPutIndex) methods calls

public class SkinnyHistogram extends Histogram { <::>
synchronized public int
encodeIntoCompressedByteBuffer(final ByteBuffer targetBuffer) {

int uncompressedlLength =

Non-project
methods
calls

[this.En:udEIntuBytEBuffer(intErmediatEUn:umpressedBytEBuffer);
..... benchmarked project method

Figure 2: (a) Example invocation of a method from a benchmark. (b) Benchmarked
method definition and indirect call to another project method. (¢) Example of a collected
call stack.

ysis. We faced similar issues for JUnit testing in nine projects. As a result,
we collected 12.06 million unique call stacks for JMH benchmarks from 31
systems, and 8.79 million unique call stacks for JUnit tests from 19 projects.

> JMH/JUnit reports: We collected JMH and JUnit reports to obtain two
primary information: (i) the list of JMH and JUnit tests and (7i) their cor-
responding execution times. For the latter metrics, we have exploited JMH
configuration mechanisms, which allow developers to declare the number of
repetitions for each JMH test, thus to deduce a bound on the time needed to
execute the JMH test. To obtain the JMH configurations for each JMH test,
we applied an approach similar to a prior work [54], which exploits a JMH
feature that allows to overwrite configurations on the fly via CLI arguments.
We executed each JMH test while reducing the execution time through JMH
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CLI argumentsﬂ and we stored the associated JMH reports, which include
the JMH configurations set by developers. To gather execution times of JU-
nit tests, we utilized the Maven Surefire pluginE]. This plugin is an established
instrument within the Java ecosystem, and it is explicitly tailored for running
JUnit tests through Maven. The execution of tests produces XML reports
that break down the execution time for each JUnit test.

We conducted all tests on a dedicated machine equipped with Linux
Ubuntu 18.04.2 LTS, powered by a dual Intel Xeon CPU E5-2650 v3 at
2.30 GHz, boasting 40 cores and 80 GB of RAM.

3.1.2. Data Wrangling

To address our research questions, we focus on four key pieces of informa-
tion for each Java system: (i) the entire set M of Java methods appearing in
source code, (i) the set of features for each method (as listed in Tablel[l)), (iii)
the set M; of methods covered by each (JMH/JUnit) test ¢, and (iv) the exe-
cution time e; of each (JMH/JUnit) test ¢. In the following, we describe the
process used to derive this information, starting from the raw data.

> Java methods: To extract the fully qualified names of all methods
within each project, we parsed the sreml XML files using the lxml library
and employing XPath queries. While executing XPath queries on XML files,
facilitated by lxml]ﬂ, we encountered a limitation regarding the size capac-
ity. Specifically, there was a size threshold (i.e., 6,800 srcML units) over
which lzml could not evaluate the given XPath expressions. This constraint
necessitated the exclusion of three projects from our analysis. Ultimately,
this process resulted in extracting a set M of Java methods for each Java
system. In total, we extracted 187,319 methods from 28 distinct systems
(as reported in Table |5, where detailed information about the amount of
Methods, Benchmarks and Unit Tests per project is provided).

> Source code features: To extract the features from the source code, we
employed additional XPath queries on the sreml XML files. Specifically, for
each Java method in M, we extracted a set F of 44 source code features.
The complete list of considered features is available in Table[I] To maintain
consistency, we have adhered to specific naming conventions for the employed
features. In particular, all features are named using Camel case notation.

2We refer the reader to [54] for a detailed explanation of this process.
3https://maven.apache.org/surefire/maven-surefire-plugin/
‘https://1xml.de/
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Table 1: Collected source code features.

| Category/Level | Feature Name | Description \
| | | classScope | access specifier of the class |
clsAbstract I the class 1s declared abstract
. | cIsAb | if the class is declared ab \
cNestingLevel nesting depth of the class (0 for no
g 2 nesting)
| % | % | #cIlmports | no. of import statements |
cNativelmports no. of native imports
g #cNativel t f native i
| ug | | #cMethods | no. of methods |
cInherits if the class uses inheritance
|5 | | #cInherit | if the cl inherit \
| g | | #clmplements | no. of interfaces implemented |
| | #classLOC | Lines of code of the class |
| = | | #cPkgClasses | no. of classes in current Package |
\ \ - | #methodLOC | Lines of code of the method |
s
\ \ % | #namel.en | method name length \
| | = | methodScope | access specifier of the method |
| | | isOverloaded | if the method is overloaded |
| | | #if | no. of if conditions \
| | | #switch | no. of switch statements |
| | | #case | no. of case statements |
\ o \ | #for | no. of for loops \
| 5 | g | #while | no. of while loops \
BN U | #do | no. of doWhile loops \
v o]
\ Q; \ = | #nestedLoops | no. of nested loops (arbitrary depth) |
& z methodCalls no. of methods called
g S
| & 1; | #internalCalls | no. of internal methods called |
\ < \ E’ | #externalCalls | no. of external methods called |
| = | 8 | #return | no. of return statements \
| | | #throw | no. of throw statements |
| | | #catch | no. of catch statements |
F#cyclo cyclomatic complexity by McCabe
[57]
| | | #vars | no. of the variables declared |

(iii) calls to standard library APIs

calls to methods from selected stan-
dard libraries in Java (details are
given in Table [2))
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Moreover, quantitative feature names begin with the prefix “#”, whereas
features at the class granularity level include the prefix “c”.

We considered three kinds of source code features: (i) meta information,
e.g., the number of LOCs or files (these features were collected at both class
and method granularity level); (i) language features, e.g., loops, condition-
als, or variables; and (iii) calls to standard library APIs. We have chosen
these kinds of source features because of their relationship with software per-
formance, which might influence the likelihood of the Java method being
performance tested or not [58]. The last refernce supports the last sentence
of the para (left as is). Previous research on software performance often
leverages statically or dynamically determined source code features, such as
added loops or method calls, to predict whether a code change slows down
(or speeds up) the program under analysis [59].

Below, we provide a more detailed description of each kind of source code
features.

(i) Meta Information: Meta information features provide insights into
the structure and characteristics of the code, which can potentially im-
pact the software performance. We collected these features at both the
class and method granularity levels. At the class level, features such
as the number of import statements (#clmports), number of meth-
ods (#cMethods), and number of lines of code in a class (#class-
LOC) offer a high-level view of the codebase. At the method level,
features such as the number of lines of code in a method (#method-
LOC), the method name length (#nameLen), and the access specifier
of the method (methodScope) provide more fine-grained information.
Research has shown that meta information features, including file and
method granularity features, have been successfully employed in pre-
diction models for performance properties [58].

(ii) Language Features: They are related to control flow and data ele-
ments, which have been extensively used in prior work [60], 61, [58]. Con-
trol flow elements include language constructs to specify and manage
conditions (#if, #switch, #case), loops (#for, #while, #do, #nest-
edLoops), function lifecycle (#methodCalls, #internalCalls, #exter-
nalCalls, #return), exception handling (#throw, #catch), and cyclo-
matic complexity (#cyclo). These elements contribute to the increased
complexity of a function, which may negatively impact software per-
formance. Research has frequently identified loops as a root cause
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of performance issues [62 63, 64, 65], and control flow elements have
been employed in machine-learning-based performance prediction mod-
els [68, I1]. Also, the method memory usage and stack size may po-
tentially affect performance due to increased garbage collection (GC)
activity. So, more variables (#vars) increase pressure on the GC, thus
leading to more frequent memory allocations and deallocations, which
can impact performance [66].

(iii) Library Calls: Standard library packages provide functionalities such
as file and network I/O, communication with the operating system
(OS), text and string processing, and concurrency primitives. These
functionalities often involve non-deterministic behaviors, such as wait-
ing for locks, blocking during I/O operations, and network data trans-
mission, which can affect software performance. Consequently, calls to
certain standard libraries may adversely impact software performance.
Additionally, inefficient or incorrect use of APIs, as well as concurrency
and synchronization issues, have been identified as common sources of
performance bugs [62], [63], [64], [65]. To analyze standard library calls,
we group them as single features at the package level. All calls to a
specific package are combined into one feature. Table 2] shows the Java
standard packages mapped as boolean features with their descriptions.

> Test coverage: We leveraged the JMH and JUnit call stacks to identify
the Java methods covered by each JMH benchmark or JUnit test. For each
test t, we extracted the set M; of project methods executed within ¢. To
achieve this, we iterated over all the project methods in M and checked if
each method appeared after ¢ in at least one call stack. A method m is
considered covered by test t if it is invoked either directly or indirectly by
t (i.e., m € M,;). Additionally, for each test ¢, we created a separate set
M, that only contains the methods directly called by ¢. In other words, for
each test t, we select the methods in M that appear immediately after ¢ in
the call stacks. For instance, in the example shown in Fig. 2] the method
directly invoked by the benchmark skinnyEncodeIntoCompressedByteBuffer
would be encodeIntoCompressedByteBuffer, but not encodeIntoByteBuffer.
At the end of this process, for each JMH benchmark or JUnit test ¢, we obtain
two sets: M, representing methods covered either directly or indirectly by ¢,
and M, representing methods directly covered by ¢.

> Test execution time: The JMH configuration set by developers deter-
mines the execution time of a JMH benchmark. This configuration defines
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Table 2: Standard library call features from Table

Package Feature Name Category Description

java.util usesJavaUtil utility Utility classes in Java.

java.lang usesJavaLangThread concurrency Classes for multi-threading and con-
current programming.

java.util.concurrent usesJavaUtilConcurrent concurrency Advanced concurrency utilities & col-
lections.

java.io usesJavalo io Classes for I/O through data streams.

java.nio usesJavaNio io New I/O for more scalable I/O opera-
tions.

java.nio.channels usesJavaNioChannels io Channels and selectors for non-
blocking I/0.

java.nio.file usesJavaNioFile io File I/O enhancements using the NIO
framework.

java.nio.charset usesJavaNioCharset io Charset classes for encoding and de-
coding.

java.net usesJavaNet io Networking classes for implementing
protocols and communication.

javax.net.ssl usesJavaxNetSsl io SSL/TLS support for secure network
communication.

java.lang usesJavalang 0s Core Java language classes and basic
types.

java.lang.management usesJavaLangManagement os Management interfaces for the Java
platform.

java.util.regex usesJavaUtilRegex strings Regular expressions for pattern match-
ing and string manipulation.

java.text usesJavaText strings Classes for parsing and formatting
text.

java.math usesJavaMath math Mathematical functions and utilities.

the levels of repetitions (i.e., forks, iterations, and invocations) used during
benchmarking to address the inherent variability of performance measure-
ments [67]. Invocations are repeated benchmark executions within a time-
bound iteration, while a series of iterations forms a fork. Each fork usually
comprises two distinct types of iterations: warmup and measurement itera-
tions. Warmup iterations are intended to bring the fork into a steady state
of performance [54], [67], while measurement iterations are the ones that are
actually used for performance assessment. For each benchmark ¢, we first
extract the JMH configuration from the JMH reports, i.e., the warmup it-
eration time w, the measurement iteration time r, the number of warmup
iterations wi, the number of measurement iterations 7, and the number of
forks f. Then, we compute the associated execution time e; accordingly:
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ee=(w-wi + r-i)- f.
For JUnit tests, we instead directly extract the execution time e; for each
test t from the Surefire XML reports.

3.1.3. Model Training and Tuning

We use machine learning models to identify recurring patterns in source
code features that correlate with performance testing coverage. By employ-
ing classification algorithms, we aim to predict the suitability of a method for
performance testing based on these features. » We draw inspiration
from the study conducted by Laaber [30], where the authors applied machine learning
techniques to classify stable and unstable Go benchmarks. Their study analyzed 230
open-source Go projects, encompassing a total of 4,461 unique benchmarks. Similar
to our work, they faced the challenge of working with an unbalanced dataset.«4 The
process applied in this paper involves several steps: training the classifiers
with a dataset that includes source code features of methods and coverage
information as labels to indicate whether a method is performance tested.
We also explore alternative class rebalancing techniques, utilize feature selec-
tion methods, and perform hyperparameter tuning to optimize the prediction
accuracy of our models. Specifically, our process involves three progressively
improving steps, as detailed below by referring to Fig. [I} First, we train
the machine learning models using their default settings (RQs 4). Next, we
evaluate the impact of dataset preprocessing techniques, such as class rebal-
ancing and feature selection, both in isolation and in combination (RQj g).
Finally, we apply hyperparameter tuning to the top five model configurations,
identified on the basis of prediction accuracy, considering the algorithm, class
rebalancing technique, and feature selection technique (RQs.¢).

> — Model Training: First, we train the machine learning models
using their default parameters, as provided by the scikit-learn libraryﬂ, with-
out applying any dataset preprocessing. The dataset includes source code
features for each method and coverage labels indicating whether a method
is benchmarked. We evaluate the models using accuracy, precision, recall,
F1 score, and balanced accuracy, as shown in Table [f] and discussed in Sec-
tion[3.2.3] Due to the large amount of data (177,696 methods) and the severe
class imbalance with some projects showing significant differences between
benchmarked methods, we decided not to employ the k-fold cross-validation.

Shttps://scikit-learn.org/
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Table 3: Employed ML models

Model Acronym | Algorithm

Random Forest RF Ensemble

ADA Boosting ADA Ensemble - Boosting
Multi-Layer Perceptron MLP Neural Network
Decision Tree DT Decision

k-Nearest Neighbor kNN Nearest Neighbor
Logistic Regression LR Linear Model

Gradient Boosting GB Ensemble - Boosting
Hist Gradient Boosting HGB Ensemble - Boosting
Linear Discriminant Analysis | LDA Discriminant Analysis
Complement Naive Bayesian | CNB Probabilistic - Bayesian
Naive Bayesian NB Probabilistic - Bayesian

To ensure fair experimentation, we apply an 80-20 test split to every exper-
iment. For each model training session, we randomly remove 20% of the
dataset for testing, while leaving the remaining 80% for training. Our study
considers 11 well-known machine learning models that are listed in Table [3]
These models have been selected on the basis of their previous usage in soft-
ware performance research area [60].

> — Class Rebalancing: Data obtained from the wrangling phase
are used to assess the prediction capability of the considered models. Our
dataset consists of 177,696 methods from 28 Java projects. Among these,
10,975 methods are benchmarked, while 166,721 methods are not. This rep-
resents a severe class imbalance, with benchmarked methods constituting
only 6.58% of the total. To address this imbalance, we investigate two rebal-
ancing techniques: oversampling and undersampling. For oversampling, we
use the Synthetic Minority Over-sampling Technique (SMOTE) to increase
the instances of the minority class [47]. SMOTE is a popular technique used
during the training phase of machine learning models to handle imbalanced
data. It generates new synthetic instances for the minority class by examining
its nearest neighbors. For undersampling, we apply Random Undersampling
(RUS) to reduce the instances of the majority class [48]. RUS is a straight-
forward method that reduces the amount of data in the majority class to
balance the dataset. This approach identifies the most common class and
reduces its size to match the minority class one, thus resulting in a balanced
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dataset with fewer overall instances.

> — Feature Selection: This process includes removing co-linear
and multi-co-linear features to avoid redundancy and improve model inter-
pretability. We use Recursive Feature Elimination with Cross-Validation
(RFECV) [49] and Auto Spearman [50] to identify the most relevant fea-
tures for the prediction task. RFECV is a technique used during the feature
selection phase of model training. It works by recursively considering pro-
gressively smaller sets of features. Starting with an ordered set of features
ranked by importance, the less relevant features are pruned iteratively. This
process continues until an optimal set of features is identified. By incorpo-
rating cross-validation, RFECV automatically finds the best set of features,
thus ensuring that the selected features enhance model performance and gen-
eralization. Auto Spearman is another feature selection method that ranks
features based on their Spearman correlation with the target variable. This
approach helps in identifying features that have a strong relationship with
the target, further refining the set of features used for prediction.

The application of feature selection techniques resulted in the selection
of 22 features using RFECV and 38 features using Autospearman, out of the
44 total source code features.

> — Configuration Selection: We consider various configurations by
combining different algorithms and dataset preprocessing techniques. Each
configuration is denoted as a tuple (a, cr, fs), where a represents one of
the 11 algorithms in our study, ¢r indicates a class rebalancing method, and
fs denotes a feature selection technique. Specifically, ¢r can be: no class
rebalancing (original dataset), SMOTE, or RUS. Similarly, fs can be: no
feature selection (original dataset), RFECV, or AutoSpearman. For each
configuration, we train the model on the preprocessed training set and test it
on the original (non-preprocessed) testing set. Our analysis involves training
and testing 99 different Conﬁgurationﬂ, which we subsequently rank based
on their F1 scores. We chose the F1 score because it balances the trade-off
between false positives and false negatives, making it particularly useful in
our context where both types of errors are significant.

> @ — Hyperparameter Tuning: We select the top-5 configurations as

6The 99 configurations are derived from applying 11 models with 3 sampling methods
and 3 feature selection techniques.
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produced by the previous phase and apply hyperparameter tuning to them.
Hyperparameter tuning involves adjusting the parameters of the machine
learning models that are set before the learning process begins and are not
learned from the data. We use RandomizedSearchCVl1 from the scikit-learn
library to explore a range of hyperparameter values and find the best combi-
nation for the used models. In particular, RandomizedSearchCV helps iden-
tify the best set of hyperparameters that maximize the model performance.
For tuning, we employ the F1 score as the objective metric. The results
of the tuning process provided the final top-5 performing configurations for
predicting whether a method is benchmarked.

3.2. Employed metrics

Our investigation utilized various metrics, each pertinent to a specific
research question as shown in Table [ and detailed below.

3.2.1. Coverage metrics (RQ,)

We rely on method-level coverage to assess the coverage of performance
(or functional) testing suites. Specifically, we employ four metrics: code
coverage Cr, direct code coverage CT, overlap ratio ORy, and scope St.

e Code coverage (Cr) denotes the percentage of project methods covered—
either directly or indirectly—by at least one test of the testing suite.
Formally, a project method m € M is considered as covered by a
testing suite T if there exist at least one test ¢ € T such that m € M;,
where M; denotes the set of methods invoked within the execution of
t.

e Direct code coverage (C’T) is defined as the percentage of project meth-
ods that are directly covered by at least one test of the testing suite. A
project method m is considered as directly covered by a testing suite
T if there exist at least one test ¢ € T such that m € Mt, where Mt
denotes the set of methods directly invoked by t.

e Overlap ratio (ORy) measures the degree of redundancy within a test-
ing suite T', by quantifying the extent of method coverage overlap across

"https://scikit-learn.org/stable/modules/generated/sklearn.model _
selection.RandomizedSearchCV.html
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Table 4: Employed metrics

Employed metrics
_ |Ut€TMt| N ‘UtETMt|
Coverage Cr = A Cr = =
o (MNM;
RQ, Overlap Ratio ORy = Usseriz, M603E)|
|Uk€T Mk'|
_ ZteT‘Mﬂ
Scope St = =
Total Ezxecution Time TETr = ZteT e
RQ:
Average Execution Time AETr = Ztﬁ “
Precision P
TP+FP
TP
Recall m
RQ; F1 Score 2><pre.ci.sion><recall
precision+recall
Balanced Accumcy Recall of Class 1J2rReca11 of Class 2

different tests. Table[d]provides a formal definition of this metric, where
1 and j denote two distinct tests that belong to T, M; represents the
set of methods covered by test i, and M; represents the set of meth-
ods covered by test j. The numerator in O Ry denotes the number of
methods covered in more than one test, while the denominator denotes
the number of methods covered by the testing suite. O Ry values range
from 0 to 1, where 0 indicates no overlap, i.e., each test cover distinct
methods, and 1 indicates high test redundancy, i.e., all the methods
are covered by more than one test.

Scope (St) measures the average number of methods that an individual
test covers within a testing suite. We use this metric because previous
work has demonstrated that high coverage of tests (i.e., scope) tends
to have a positive impact on the capabilities of uncovering performance
issues [11].
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3.2.2. Time cost metrics (R(Q))

For each testing suite 7', we consider two time cost metrics: total execution
time (TETr) and average execution time (AETr). The total execution time
(T ETr) is the cumulative sum of the execution times for all tests in the suite,
i.e., the time required to run the entire testing suite. The average execution
time (AETr) is calculated as the mean execution time of the individual tests
within the suite.

3.2.3. Model performance metrics (RQs)

To evaluate the prediction accuracy of our machine learning models, we
employ well-established metrics for binary classification: precision, recall, F'1
score, and balanced accuracy. We specifically choose balanced accuracy over
traditional accuracy because the latter can be misleading in the presence of
class imbalance [6§].

4. Results and Discussion

In this section, we present and discuss the results of our analysis. As
illustrated in Table 5, we analyzed 2,190 JMH benchmarks from 28 software
projects, and 256,233 JUnit tests from 19 software projects. For RQ1 and
RQ2, we analyze performance tests on all 28 projects (both for coverage
and time cost). However, 9 Projects were excluded from the comparison of
performance and functional testing suites due to technical issues encountered
during the JUnit data collection (see Section [3.1| for details).

4.1. RQy: To what extent do performance tests cover the source code of soft-
ware systems?

To answer RQ;, we analyze the coverage of JMH benchmarks within
our dataset of 28 software projects. We centre our analysis around two
key metrics: (i) Benchmark Coverage (Cr), which measures the extent of
method coverage by JMH benchmarks, and it includes direct coverage (C’T);
(i) Overlap Ratio (ORy ), which assesses the degree of redundancy in method
coverage across different benchmarks of the same project. Besides this, we
analyze the coverage of JUnit tests and subsequently compare it with the
coverage of JMH benchmarks within a subset of 19 software projects, as
mentioned above.

21



Benchmark Coverage. Our analysis revealed that the coverage by JMH bench-
marks in software projects is relatively low compared to the total number of
methods: Cp averaged 8.8% with 2.1% of methods directly covered (Cr)
across all 28 projects.

Figure (3| shows the distribution of benchmark coverage (Cr) across the
examined projects. The y-axis represents the percentage of methods bench-
marked in each project, while the x-axis enumerates the projects. The project
with the highest coverage is panda, where 48.82% of methods are covered. On
the other hand, the jooby project has the lowest coverage (0.27%). The anal-
ysis indicates diverse levels of coverage among the systems with a standard
deviation of 9.2%. By excluding the panda project, considered as an outlier,
from our analysis, the benchmark coverage’s standard deviation was 4.9%.

Table 5: Java systems overview

GitHub Methods Benchmarks Unit Tests

Project Stars (Total) (Total) (Total) Domain
arrow 12600 3789 34 869 Analytics Tools
byte-buddy 5800 5046 39 6357 Code Generation
cantaloupe 259 3475 103 3063 Computer Graphics
client_java 2100 386 33 217 JVM Tools
commons-bcel 223 3132 3 137 JVM Tools
crate 3800 24155 39 - Database Systems
eclipse-collections 2300 15219 515 - Programming Utility
fastjson 25500 17524 4 4979 Parsing Library
feign 9100 979 8 913 Web Development
HdrHistogram 2100 780 12 147 Analytics Tools
imglib2 278 3432 25 635 Computer Graphics
iri 1200 1554 3 398 Data Structures
jdbi 1800 2379 76 1428 Database Systems
jetty.project 3700 18060 48 - Web Development
jgrapht 2400 3782 51 2416  Programming Utility
jooby 1600 3331 3 485 Web Development
kafka 26000 16157 27 - Data Streaming
logbook 1600 811 20 564 Web Development
netty 31900 16615 221 - Network Applications
objenesis 568 207 13 45  Programming Utility
panda 247 1479 4 61 Programming Utility
protostuff 2000 3312 16 - Programming Utility
r2dbc-h2 191 291 8 259 Database Systems
rdf4j 331 14041 14 - Database Systems
RxJava 47300 8282 217 - Programming Utility
SquidLib 439 5663 236 73 Computer Graphics
tinkerpop 1800 7753 57 - Database Systems
vert.x 13800 5685 41 4095 JVM Tools

22



50

30

20

Benchmark Coverage (%)
o > 5
oy, I
o N
Y |
765 -
|
% I
o, I

[ | . - - [ |
YR NRCIRZESES LS A YA 208 DO Q QY
SOELIRLES LSS ETOECTRF TSI LS &8¢
PSS O SCSL “OFRLF TLE S IS
PEIE & L€ 9 P LIFS EI&
YLSLee S & N 9 S S
SFTE § < &
§ 4 o S
s & 3
§
(2]

Figure 3: Coverage (Cr) of benchmarks across projects.

This variation can be attributed to differences in the size of the projects
(in terms of their number of methods, benchmarks and unit tests), to the
particular development and testing practices adopted, and to the specific
performance requirements and constraints. It is evident from the figure that
panda is an outlier. Perhaps, in panda, we can associate the high coverage
of benchmarks with the nature of the project, which is a lightweight and
extensible programming language toolkit. Due to required efficiency and
scalability, developers may focus extensively on microbenchmarking.

A detailed look at direct benchmark coverage, depicted in Figure [ re-
veals a similar trend of varied coverage. As a first consideration, the average
direct benchmark coverage across many projects is around 2%, substantially
lower than the overall benchmark coverage. The figure also shows a sensi-
bly lower variation in the direct coverage compared to the overall coverage.
The standard deviation for direct benchmark coverage is 1.7%, which also
indicates a lower spread than the one in overall benchmark coverage. The
observed difference between direct and indirect coverage may be explained
by developers’ tendencies to target high-level methods during performance
testing. Such high-level methods often result in a large number of indirect

23



Benchmark Coverage (%)
o - N w N [¢)] (o]
I
o, I
%ﬁ — ]
L -
Coy I
U N
<y
6> I
I
|
2
 I—

— [ 1 0| I
2 & & LI _A YA 208V DO QY
SO TSSO SIS E S E TR ST o SE
EFFVLFTLLISS SPILO I IS TIPS
Sy /% (S oL Q.Q,\ S o IS ‘\'Q\L_
TESS & FS =N € & fy TLE
LFEL s & S § QX DS
Qoo$ o 0N -9
S g o S
o 2) Ne
S g
S
)

Figure 4: Direct coverage (dT) of benchmarks across projects.

invocations, which might broaden the overall benchmark coverage.

Overlap Ratio. Figure [5| illustrates the degree of overlap in method cover-
age, which represents the redundancy in method coverage across different
benchmarks in the project.

The overlap ratio in the considered projects ranges from a minimum of
0.09 in commons-bcel to a maximum of 1 in byte-buddy. In general, we can
observe relatively high overlaps, with an average of 74% methods covered
by more than one benchmark. While this average suggests a high degree of
redundancy within performance testing suites, this may also reflect the at-
tempts of developers to test a method under various workloads [69]. Nonethe-
less, our analysis highlights room for improving the efficiency of performance
testing by reducing unnecessary overlap.

Comparison of JMH Benchmarks and JUnit Tests Coverage. Figure [0] illus-
trates a comparison between the coverage achieved by performance testing
and the functional testing one. Clearly, the percentage of methods covered
by JUnit tests tends to be much higher than the one of JMH benchmarks,
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thus indicating a broader coverage for functional testing in the projects un-
der study. On average, the coverage achieved by a performance testing suite
is 4 times less than a functional testing suite one (10.4% versus 41.3%).
The JUnit tests coverage is significantly higher in many projects (like arrow,
cantaloupe, fastjson, iri, jooby, jgrapht, and vert.x) as compared to the
JMH benchmarks coverage. However, it is also interesting to note an ex-
ception, i.e., the SquidLib project, where not only the JUnit Test coverage
is relatively low, but also the JMH benchmark coverage exceeds the JU-
nit tests one. Upon closer examination of the project code, we attributed
this anomaly to the performance-driven focus of the project. Specifically,
SquidLib is a Java library crafted to serve as a comprehensive toolkit for the
development of various gaming applications. This orientation likely leads
to a higher priority being placed on performance testing over unit testing,
thereby resulting in a more extensive benchmark coverage.

Similarly, Figure[7]provides a comparison of direct coverage between JMH
benchmarks and JUnit tests across the same set of projects. The trend is
similar to the previous one. Few exceptions appear also here, such as (again)
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Figure 5: Overlap Ratio (ORr) of benchmarks.
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Figure 6: Comparison of coverage (Cr) of JMH Benchmarks and JUnit Tests across
projects.

SquidLib, where direct benchmark coverage exceeds the direct coverage by
unit tests. We also note substantial differences across projects in terms of
the direct coverage of methods by both JMH benchmarks and JUnit tests.
For instance, in the r2dbc-h2 project, the direct coverage of JUnit tests
reaches 30%, whereas the one of JMH benchmarks is nearly 5%. This ob-
servation emphasizes the idea that, while functional tests point to broad
coverage to ensure overall correctness, performance benchmarks often target
specific, performance-sensitive parts of the code.

Overlap Ratio Comparison. Our analysis reveals that JMH benchmarks ex-
hibit a more significant overlap in coverage compared to JUnit tests one. In
particular, we found that JMH suites show higher overlap in coverage com-
pared to that of the JUnit suites in 68% of the projects. As shown in Figure
byte-buddy, r2dbc-h2, and jdbi exhibit near-complete overlap for JMH
benchmarks, indicating extensive redundancy in performance testing. On
the other hand, commons-bcel stands out with a much lower overlap ratio
for JMH benchmarks (0.09), yet a higher overlap for JUnit tests (0.66), indi-
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Figure 7: Comparison of direct coverage (dT) of JMH Benchmarks and JUnit Tests across
projects.

cating a different testing approach. Meanwhile, fastjson has a high overlap
in JMH benchmarks (0.91), but a much lower ratio in JUnit tests (0.15).
These variations highlight the different testing priorities and strategies be-
tween performance and functional correctness across projects.

Scope Comparison of JMH Benchmarks and JUnit Tests. Figure [0 compares
the scope (Sr) of JMH benchmarks and the JUnit tests one. It is inter-
esting to observe that, while the coverage of performance testing suites is
generally lower than the functional testing suites one, the average coverage
(i.e., scope) of individual benchmarks is notably larger. Specifically, JMH
benchmarks show, on average, approximately three times larger scope than
their JUnit counterparts. This significant difference in the scope is more
evident in projects like panda and commons-bcel, likely due to the project-
specific nature of JMH benchmarks, which emphasize testing performance
under various configurations and workloads. These results, once again, sug-
gest that JMH benchmarks tend to target high-level methods, which leads to
a larger number of method invocations, whereas JUnit tests tend to target
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Figure 8: Comparison of Overlap Ratio coverage (ORT) of JMH Benchmarks and JUnit
Tests across projects.

lower-level methods. This finding is in line with our previous observation
about the difference between direct and indirect coverage.

Answer to RQ;: The analyzed projects show that performance test-
ing suites achieve a limited code coverage of 8.8% on average, which
is four times lower than that of functional tests. Additionally, in
68% of the projects, performance testing suites exhibit higher over-
lap than functional testing suites, thus indicating larger redundancy in
the tested methods.

4.2. RQy: What is the time cost of performance tests?

In this subsection, we present our findings on the execution time of JMH
benchmarks and compare them to the functional testing ones.

Total FExecution Time. Figure[10]displays the execution time of performance
testing suites. On the y-axis, we report the total execution time (T'ETr)
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Figure 9: Scope (St) of JMH Benchmarks vs. JUnit Tests.

in hours, using a logarithmic scale. The black dashed line depicts the over-
all average time, which is about 29.3 hours. The T'ETr distribution varies
significantly from one project to another, with some testing suites complet-
ing in just a few minutes, while others requiring over 100 hours of execu-
tion. The less time-consuming suite is the commons-bcel one, which re-
quired only 90 seconds to run its benchmarks. Along with commons-bcel,
only other two projects kept the TETr under 6 minutes (i.e., 107! hours),
namely panda and r2dbc-h2. About the most time-consuming performance
testing suites, few ones exceeded 10 hours. Interestingly, two projects (i.e.,
squidLib and rxJava) exceeded 10 hours but did not overcome the thresh-
old of 100 hours, which was required by other three projects. In particular,
eclipse-collection required 401 hours, thus representing the most time-
intensive project for performance testing.

Average Ezecution Time. In Figure the bar chart depicts the average
execution time of benchmarks (AETy) for each performance testing suite.
The dashed line shows the average AETr across projects, which is about
23 minutes. A close examination of this chart confirms that the diver-
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sity across projects observed for T'ETp also holds for AETy. In partic-
ular, commons-bcel, which was the least time consuming one in terms of
TETr, resulted in a relatively low AET of 30 seconds, and similarly panda
and r2dbc-h2 have maintained a low average execution time. Contrari-
wise, eclipse-collections (515 benchmarks and an AETr of 2,805 seconds)
and netty (221 benchmarks and an AETy of 2,149 seconds) are very time-
consuming projects, as equipped with a high amount of benchmarks.

The most time-consuming performance testing suite is the one of kafka,
with an AETr of about 7 hours per benchmark, followed by eclipse-col-
lections. Interestingly, the performance testing suite of kafka consists of a
limited number of benchmarks (i.e., 27), each of which is then notably time-
consuming. We investigated the JMH reports to understand the reasons
behind these high AET, values, and we discovered that the likely reason is
the large number of repetitions of kafka benchmarks under different input
values. This allows the benchmark to measure performance across a variety
of configurations. Each configuration results in an additional execution of
the benchmark, which naturally increases the total execution time [69)].

107

Time in hours
it So 34
I
7, I
o I
]
o/
Sl I
Oy, I
Sy, I
%o I
7 |
Oy I
%I—
A
St I
o I
- I
I
2

RS LS NP 2,0 L8 V0L Q
SILAECHF SO 5o O T 9
LT S@ Q.95 g3 RPESRG
FPTITCEFCSS “oLILFELE OIS CIIHE
TIEL oF §€ SN I RN
To¥9L & F ' & & EES
SPSTE o g )
§ g s} S
S & <
N
O
)

Figure 10: JMH total execution time (T ETr).
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Figure 11: JMH average execution time (AETr).

Total Execution Time Comparison:. In Figure[12] we compare T ETr of JMH
and JUnit testing suites. As expected, the analysis revealed that, in general,
performance testing is significantly more time-consuming than functional
testing. For instance, by examining SquidLib, the most time-consuming
project for performance testing, we observe that T'ETr for the JMH suite
is exponentially higher than the JUnit suite one (37,735 seconds versus 18.5
seconds). Interestingly, the least time-consuming project in terms of func-
tional testing is vert.x that requires 821 seconds, whereas T E'Tr for its JMH
suite is 1,640 seconds, i.e., more than twice the JUnit test suite execution.
We can notice comparable results if we analyze less time-consuming projects.
For instance, commons-bcel requires 90 seconds for executing the whole JMH
suite and reports a T ETr of 15.27 seconds for the JUnit suite. Another
interesting case is objenesis, which requires half a second for executing the
JUnit testing suite, and 390 seconds for executing the JMH suite. Perfor-
mance testing suites have, on average, an execution time cost 62 times higher
than functional testing suites one.
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Figure 12: Total execution time (T'ETr) comparison.

Average Ezecution Time Comparison:. There is a significant difference in
test-level execution time between JMH and JUnit tests across all projects.
We found that JMH benchmarks exhibit an average AETr of approximately
245.9 seconds. On the other side, the average AETr of JUnit tests does not
exceed 0.098 seconds. On average, an individual JMH benchmark demands
about 2,507 times the execution time required by a JUnit test. We report the
complete results related to AETr of JUnit tests in our replication package

9.

Answer to RQ,: In the analyzed projects, performance testing suites
have, on average, a time cost 62 times higher than that of functional
testing suites. Specifically, the average execution time for a perfor-
mance testing suite is 29.3 hours, while individual performance tests
last 23 minutes on average. These results highlight the significant ex-
ecution time cost of performance testing, particularly when compared
to the much shorter execution times of functional testing.
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4.8. RQ3: Are there any specific characteristics in the source code that can
quide performance testing?

To address RQ3, we examine the relationship between source code features
and the likelihood of being covered by performance tests. Our goal is to
search for peculiarities in the methods selected for performance testing. To
achieve this, we investigate the possibility of employing machine learning
models to predict whether a method should be performance-tested based on
its source code features.

4.83.1. RQ3.4: Can we predict whether a method should be performance tested
using machine learning models with default settings?

We first analyze the prediction accuracy of 11 classification algorithms
(discussed in section using their default settings.

Figure [13] presents the results for the employed machine learning models
in terms of various performance metrics, including precision, recall, F1 score,
and balanced accuracy, as detailed in Table [l Each subplot corresponds to
a different performance metric used to evaluate prediction performance. The
results indicate that it is challenging to predict with high accuracy which
methods should be benchmarked based on source code features. The F1
score, which is particularly meaningful in this context, shows that the best
models barely reached 0.4%, with none of the tested models exceeding 0.5%.
Furthermore, only the Decision Tree, k-Nearest Neighbors, and Random For-
est models achieved reasonable performance levels. In contrast, the Naive
Bayesian (NB) model performed the worst, remaining below 0.2%.

As shown in Figure the Naive Bayesian model demonstrates a high
recall but very low precision. This indicates a higher rate of false positives,
meaning that while the NB model is effective at identifying methods that
should be benchmarked (high recall), it also incorrectly flags many unsuitable
methods as suitable (low precision). This leads to a higher rate of false
positives, thus making the model less reliable when it is crucial to ensure
that most of the predicted positives are true positives.

On the other hand, the Gradient Boosting (GB) and Histogram Gradi-
ent Boosting (HGB) models perform apparently well in terms of precision.
This score is due to the small amount of true and false positive predictions.
However, if we consider their recall, then we notice values close to 0, thus con-
firming that most of the predictions were true negative. This fact is proved
also by the F1 score values, close and lower than 0.1%.
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F1 score balances precision and recall, thus providing a comprehensive
metric to evaluate models. Consequently, the Decision Tree (DT), k-Nearest
Neighbors (kNN), and Random Forest (RF) models, with their higher F1
scores, appear the most effective ones for predicting whether a method should
be benchmarked based on static features of the source code. However, it is
important to note that the absolute F1 scores of these models are quite low,
thus implying significant room for improvement in their prediction capabili-
ties.

Since we are dealing with a relevantly unbalanced dataset, as reported by
the coverage analysis, we have also employed the Balanced Accuracy met-
ric. The results of this latter metric show that, in all the examined cases,
the models can correctly identify the true negatives (i.e., methods that are
correctly classified as not benchmarkable). This result is due to the evi-
dent unbalanced situation. In other words, the models easily identify the
non-benchmarkable methods because, during the training phase, most of the
methods were not covered.

4.3.2. RQs.p: How does the prediction accuracy change when employing fea-
ture selection and class-rebalancing techniques?

To answer RQ3. g, we investigate whether and to what extent pre-processing
steps impact the model prediction performance. To do this, we apply a com-
bination of two commonly used pre-processing steps: (1) class-rebalancing
using the Synthetic Minority Over-sampling Technique (SMOTE) [47] and
Random Under-Sampling (RUS) [48], and (2) removal of co-linear and multi-
co-linear features using AutoSpearman [50] and Recursive Feature Elimina-
tion with Cross-Validation (RFECV) [49].

Figure illustrates the prediction performance metrics for all studied
algorithms across various combinations of these pre-processing techniques.
We assess nine distinct configurations: (1) a baseline without feature se-
lection and class rebalancing, (2) RFECV without rebalancing, (3) AutoS-
pearman without rebalancing, (4) no feature selection with SMOTE class
rebalancing, (5) no feature selection with RUS, (6) RFECV combined with
SMOTE, (7) AutoSpearman combined with SMOTE, (8) RFECV combined
with RUS, and (9) AutoSpearman combined with RUS. This comprehensive
approach results in 99 distinct configurations (11 models x 9 pre-processing
combinations), thus allowing us to thoroughly evaluate the impact of various
pre-processing techniques on model performance.

Each subplot in Figure [14] represents the F1 scores of a specific machine
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Figure 13: Predictive Performance of Static Source Code Features

learning model across different combinations of feature selection and sam-
pling techniques. Significant variations in model performance across differ-
ent pre-processing configurations can indeed be observed. First of all, the
effect of removing co-linear and multi-co-linear features using RFECV and
AutoSpearman is a notable variation across models. For example, Random
Forest (RF) always shows a slight improvement in F1 score when RFECV is
applied (from 0.329 to 0.340 without sampling and from 0.296 to 0.298 with
RUS). It has to be noticed that, when combined with SMOTE, RF’s perfor-
mance increases to reach an F1 score of approximately 0.47. This indicates
that RF benefits from both feature selection and class rebalancing in general
(specifically RFECV and SMOTE).

The subplot for k-Nearest Neighbors (kNN) in Figure [14] shows that the

35



LDA

RF kNN
0.0

o
w

F1 Score
o
N

None RFECV AutoSpearman None RFECV AutoSpearman None RFECV AutoSpearman
Feature Selector Feature Selector Feature Selector
ADA LR CNB

0.2
II ll II H 0l s s
0.0

None RFECV AutoSpearman None RFECV AutoSpearman None RFECV
Feature Selector Feature Selector Feature Selector
MLP GB NB
0.4
o
é 0.3
]
T 02
o | [ - - -
None RFECV AutoSpearman None RFECV AutoSpearman None RFECV AutoSpearman
Feature Selector Feature Selector Feature Selector
DT HGB
0.4
203 Sampling Technique
g0 === None
202 mmm SMOTE
v mmm RandomUnderSampler
0.1 I l l
0.0
None RFECV AutoSpearman None RFECV AutoSpearman

Feature Selector Feature Selector

Figure 14: F1 Scores for All Models with Sampling Methods and Feature Selection Tech-
niques

baseline F1 score without any pre-processing is better than the one ob-
tained by using AutoSpearman for feature removal. In addition, the usage
of RFECV does not provide any significant improvement. The combination
of RFECV and SMOTE results in an F1 score of 0.421, which, while higher
than the baseline, does not overcome the performance of SMOTE alone,
which achieves the highest F1 score for kNN at 0.422.

For Decision Trees (DT), the highest baseline F1 score is 0.437. The
application of RFECV alone slightly reduces the score to 0.409, while Au-
toSpearman lowers it further to 0.397. Combining RFECV with SMOTE
performs relatively better, but the baseline is still more effective. However,
for DT, SMOTE also occurs to be more effective than RUS with all the
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feature pre-processing techniques.

In general, models such as Logistic Regression (LR), Gradient Boosting
(GB), and Linear Discriminant Analysis (LDA) show improvements with pre-
processing. The baseline F1 score for LR is nearly zero, and the application
of RUS alone provides the highest F1 score. This shows the effect of class
rebalancing on the performance improvement of this model.

For Naive Bayes (NB), the application of RFECV alone provides the high-
est F'1 score of 0.187, whereas Complement Naive Bayes (CNB) exhibits rela-
tively stable performance across different pre-processing configurations. CNB
shows minimal variation in performance, with F1 scores remaining around
0.113 to 0.118.

Therefore, in answering RQs g, our analysis shows that the impact of
removing co-linear and multi-co-linear features, as well as applying class-
rebalancing techniques, significantly varies across different machine learning
models. Feature selection methods like RFECV and AutoSpearman exhibit
model-specific effects, with some algorithms benefiting more than others.
Class-rebalancing techniques, particularly SMOTE, generally show improve-
ment in model performance for algorithms like Random Forest and k-Nearest
Neighbors. However, Decision Trees perform better with the baseline con-
figuration, while models like Logistic Regression and Naive Bayes show only
incremental improvements. Thus, the combination of feature selection and
class-rebalancing does not always yield additive benefits.

It is important to note that, despite these pre-processing steps, the over-
all prediction performance based on the static source code features remains
relatively low across all models and configurations. The highest F1 score
achieved is only 0.467, which indicates that there is still significant room for
improvement in predicting the likelihood of a method being tested for per-
formance. This suggests that while pre-processing steps can enhance model
performance to some extent, they are not sufficient to overcome the chal-
lenges in this prediction task.

4.3.3. RQs.c: How does the prediction accuracy change after tuning the hy-
perparameters of machine learning models?

Based on findings from RQ3 4 and RQj3 g, in this subsection, we answer
RQs.c by selecting the top 5 configurations with the highest F1 scores from
the previous analysis (see Table @ We then apply hyperparameter tuning
to the respective models in these top 5 configurations to evaluate the effect
on prediction performance (see Table [7)).
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By comparing Table[6]and Table[7] it is evident that hyperparameter tun-
ing resulted in moderate improvements in model performance. The best F1
score increased slightly from 0.47 to 0.48 for the configuration of Random For-
est with SMOTE and RFECV. Also, Random Forest maintained its position
as the best-performing model both before and after hyperparameter tuning,
which shows the relatively robust configuration for predicting the likelihood
of the method to be covered by performance testing. Interestingly, while
the top two configurations remain consistent (RF with SMOTE), we observe
changes in the subsequent rankings. The k-Nearest Neighbors model with
SMOTE and RFECV shows some improvement, with its F'1 score increasing
from 0.42 to 0.46 after tuning. Similarly, hyperparameter tuning affected
precision and recall differently across models. For instance, the baseline con-
figuration of Decision Tree model (no sampling and no feature selection) had
an improvement in recall (from 0.44 to 0.50) but a decrease in precision (from
0.43 to 0.37). Most models showed a slight increase in Balanced Accuracy
after hyperparameter tuning with the exception of kNN where it decreased
from 0.80 to 0.76.

Therefore, the application of hyperparameter tuning has not consider-
ably improved the overall prediction performance, with the highest F1 score
reaching only 0.48. We observe that while hyperparameter optimization im-
proves the performance of some models with certain configurations compared
to others, it still lacks promising results for this specific task of identifying
methods that should be benchmarked based on static code features. This
also highlights that predicting which methods should be benchmarked based
on static code features remains a challenging task.

Table 6: Top 5 Configurations Based on F1 Score without Hyperparameter Tuning

Model Samp}mg Feature Procision  Recall Balanced F1

Technique  Selector Accuracy  Score
RF SMOTE RFECV 0.56 0.40 0.69 0.47
RF SMOTE None 0.56 0.40 0.69 0.46
DT None None 0.43 0.44 0.70 0.44
kNN SMOTE RFECV 0.30 0.71 0.80 0.42
DT SMOTE None 0.37 0.49 0.71 0.42
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Table 7: Top 5 Configurations Based on F1 Score with Hyperparameter Tuning

Model Samphng Feature Precision  Recall Balanced F1

Technique  Selector Accuracy  Score
RF SMOTE RFECV 0.55 0.42 0.70 0.48
RF SMOTE None 0.55 0.40 0.69 0.46
kNN SMOTE RFECV 0.39 0.58 0.76 0.46
DT None None 0.37 0.50 0.70 0.43
DT SMOTE None 0.37 0.48 0.71 0.42

Answer to RQj3: In the analyzed projects, machine learning models
exhibit limited accuracy in predicting whether a method is subject to
performance testing, by achieving a top F1 score of 0.44 with default
settings. Even after applying well-knwon practices, such as feature se-
lection, class rebalancing, and hyper-parameter tuning, the best model
only achieves a top F1 score of 0.48. These results do not reveal any
clear relationship between recurrent source code patterns in methods
and the likelihood of being performance tested, thus suggesting a lack
of generalizable source code characteristics to guide performance test-
ing.

5. Implications

This section discusses some implications of this study along with some
directions for future work.

For practitioners. This study gives clear evidence that a significant
portion of the codebase of many software systems lacks performance assess-
ment. As software evolves, these code areas may become vulnerable to per-
formance bugs that remain undetected until released. One potential reason
for this oversight could be the limited availability of tools for performance
test coverage. Indeed, we are unaware of any tool that measures performance
test coverage as seamlessly as tools like JaCoCo does for functional testing.
We believe that the introduction of such a tool could allow developers to
more regularly assess the coverage of their performance testing suites, thus
increasing their awareness of the code area that remains unmonitored for
performance.
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Our results also reveal that distinct performance tests often cover the
same code components (i.e., high overlap), even though a significant portion
of the codebase remains uncovered by performance test. Although develop-
ers might deliberately target the same code components with multiple per-
formance tests to assess their behaviour under varying workloads, this high-
lights an opportunity to broaden test coverage without incurring additional
time costs. We hypothesize that, by raising awareness about performance
test coverage, developers might be more inclined to prioritize the creation of
tests that target code components currently unassessed for performance. We
encourage future work to make it easier for practitioners to be aware of the
performance testing suites coverage.

For researchers. Prior work suggests that the high costs of test de-
velopment and maintainability often hamper the adoption of performance
testing in practice [12] 5], [46]. In response to this issue, researchers have in-
troduced techniques capable of automatically transforming functional testing
suites into performance tests [12]. In light of our results, we can formulate
educated guesses regarding the potential benefits of these techniques, as well
as the challenges that might originate from their adoption. For instance, our
results suggest that, by utilizing automated performance test generation,
there could be a significant improvement in terms of performance test cov-
erage. Indeed, functional testing suites exhibit significantly higher coverage
than that of performance tests (10.4% vs 41.3% on average in our dataset),
and generated performance tests would inherit such high coverage. However,
these benefits might come at a cost, particularly regarding execution time.
The high coverage of functional test suites is typically a consequence of their
extensive sizes, which may not be feasible for a performance testing suite. In
fact, performance tests are typically more time-consuming than functional
counterparts (on average 2,507 times more in our dataset). For instance, by
using the configuration defined by Jangali et al. [12] and a typical number of
five forks [54], [52], the time cost of an individual generated performance test
would amount to about 400 seconds. For a medium-sized testing suite like
logbook, which comprises 564 JUnit tests, this translates to a total time cost
of roughly two and a half days. This is approximately 141 times longer than
the actual logbook performance testing suite. Even when considering the
smallest functional testing suite in our study, namely objenesis, this results
in a 5-hour execution time, i.e., 55 times the one of the current performance
testing suite. These findings highlight that automated generation alone might
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not be sufficient to produce performance test suites that are practically us-
able, given that developers might be deterred by such a time-consuming test
process. This underscores a significant challenge for the research community,
i.e., automated performance test generation should take into consideration
the associated time cost of the generated testing suite.

A potential research direction we aimed to trigger is to devise “smart” se-
lection strategies that automatically identify which code components should
undergo performance testing. However, our results indicate that developing
a selection strategy aligned with developers’ perceptions of what should be
tested can be challenging. Our findings highlight a lack of recurrent pat-
terns in source code subject to performance testing, thus suggesting that
performance testing should be driven primarily by domain-specific objec-
tives rather than generalizable source code features across software systems.
Consequently, researchers should consider other viable alternatives. One op-
tion could be to employ test selection strategies that aim to maximize code
coverage while mitigating the time cost, for instance, by reducing the number
of redundant performance tests covering the same code component [14] [15].
Another option could be leveraging the workload of software in production,
e.g., through execution traces and logs, to understand which code compo-
nents of the system are more heavily invoked and therefore claim for higher
priority in performance testing.

6. Threats to validity

Construct wvalidity. We focused solely on Java software systems. Our
results may not generalize to systems developed in other programming lan-
guages. Nevertheless, Java is still among the most used programming lan-
guaged’|

We restricted the coverage analysis to JMH microbenchmarks and JU-
nit tests since they are mature and widely adopted frameworks for develop-
ing performance and functional testing, respectively. Moreover, both these
frameworks operate at the fine-grained level, as they are both used to test in-
dividual methods within a codebase. This commonality provides a fair basis
for comparing their test coverage.

Using method-level coverage may have limitations, since this metric does
not account for cases where performance/functional tests only partially cover

8Stack Overflow Developer Survey, https://survey.stackoverflow.co/2023.
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the method statements. Our study results may change when employing a
statement-level coverage metric. The decision to use method-level coverage
stems from the significant technical challenges encountered in integrating
JMH with traditional statement-level coverage tools, such as JaCoCo and
Cobertura. To obtain statement-level coverage information, these tools mod-
ify the Java bytecode, which we observed could interfere with the execution of
JMH microbenchmarks. Given these challenges, method-level coverage was
deemed a reasonable compromise between the practicality of the study and
the representativeness of the results. Furthermore, method-level coverage
has been extensively employed in software performance research [58, [70, [53].

External validity. The presented analysis is limited to 28 open-source soft-
ware systems. The findings may not be broadly generalizable; nonetheless,
the selected systems are all well-known Java systems encompassing different
domains (e.g., database systems, logging frameworks, and web servers). This
limited number of subject systems is also motivated by an effort-intensive
data collection, which required months of work (in multiple iterations) to
get reliable results. This is a known issue in performance engineering that
typically restricts the number of subject systems in empirical studies. Never-
theless, the number of subject systems used in our study is larger than most
of the recent empirical studies on performance (e.g., see [30, 52, 11 58| 12]).

Internal validity. We used a sampling-based CPU profiler to identify the
methods covered by tests. These profilers operate by periodically capturing
a program’s call stack during its execution. A limitation of this approach
is the potential omission of call stack information. Since sampling is done
at discrete intervals, short-lived function calls or those that fall between
sampling points might not be captured. To mitigate this threat, we used
async-profiler, which (to our knowledge) provides the lowest sampling rate
for profiling Java software.

We employed various pre-processing techniques, including feature selec-
tion and class rebalancing, followed by hyperparameter tuning. However,
other combinations of data preprocessing methods, algorithms, and hyper-
parameters could yield better results. Additionally, the source code features
used for classifying methods might only partially capture the proper suitabil-
ity of a method for performance testing. Nevertheless, we have used widely
recognized source code features, which have been effectively utilized in previ-
ous software performance studies [60]. It is also important to note that, due
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to the inherent variability in machine learning model training, the results
may vary slightly if the experiments are repeated.

7. Related work

Performance Testing. The study most closely related to our work is that
of Laaber and Leitner [30], which proposes a performance test quality metric
inspired by mutation testing score, namely API benchmarking score (ABS).
ABS is related to the concept of test coverage, as it represents the capability
of the performance testing suite to find slowdowns. While Laaber and Leitner
focus on defining a novel metric for test quality, our research evaluates the
quality of existing performance testing suites using traditional code coverage
metrics. Traini et al. [53] show that code components covered by performance
tests tend to be less susceptible to refactoring. The execution time cost
of performance testing is also related to this work. Researchers proposed
approaches to reduce the time of performance testing without sacrificing
results quality [52] [71L [72], 67].

Test Coverage. In [9], the authors describe Google’s code coverage infras-
tructure and how the computed information is visualized and used. The
study demonstrates that most of the projects contain few unit tests, despite
the opposite perception of the developers. The authors in [73] analyzed test
coverage data on several widely used Python projects. The main finding
is that the coverage strongly depends on the control flow structure. More-
over, the authors found that error-handling code is also neglected. In [§],
the authors examine the question of coverage criteria as suite quality pre-
dictors from the perspective of non-researcher audience. Alves et al. [38]
conceived an approach for estimating code coverage through static analysis,
particularly slicing call graphs.

Performance Bugs. Jin et al. [4] empirically studied 110 real-world per-
formance bugs collected from 5 open-source software repositories. A more
extensive study was recently conducted by Zhao et al. [75], which investi-
gated 570 performance issues from 13 open-source projects. Other empirical
studies have focused on more specific domains, such as internet browsers
[76], mobile applications [77], and JavaScript applications [64]. While our
empirical findings may not directly correlate with the ability to uncover per-
formance issues, there are strong indications of the relevance of code coverage
for the efficacy of performance testing. Batch et al. [7§] found that source
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code covered by functional/performance tests is less prone to bugs. Ding
et al. [11] showed that the code coverage of tests (i.e., scope) influences their
capability to uncover performance bugs. The study of Jangali et al. [12]
suggests that the extension of code coverage in performance testing improves
the capability of detecting performance issues. These works indicate that in-
corporating code coverage analysis into performance testing can be beneficial
for software performance assurance.

Machine Learning for Performance Testing. Laaber et al. [60] stud-
ied the prediction of unstable software benchmarks using static source code
features. They focused on benchmarks in open-source projects using the Go
programming language. The study demonstrates the effectiveness of combin-
ing multiple static source code features and utilizing machine learning models
to predict benchmark stability. Chen et al. [58] presented an approach to
build prediction models to detect the tests that are prone to performance
regression. Their work focuses on early identifying performance issues to
mitigate the performance regressions introduced by new code commits at
the test level. They exploit the historical commit information to extract
features. Machine learning models are employed to predict performance re-
gressions immediately after a new commit is introduced. The study of Zhao
et al. [79] proposes an approach for enhancing performance bug prediction
using performance code metrics. The study highlights the effectiveness of
combining various performance code metrics with machine learning tech-
niques to identify performance issues. They integrate code characteristics
of performance bugs with traditional source code metrics to build machine
learning models for predicting presence of performance bugs in the source
code.

8. Conclusion and future work

This paper presented a comprehensive empirical study focused on perfor-
mance testing coverage. Our findings revealed the limited coverage of current
performance testing suites and the significant execution time cost associated
with them. The results of this work suggest opportunities to enhance the
coverage of performance testing suites, by emphasizing the necessity to en-
lighten practitioners about these prevalent limitations.

We have intentionally considered in this paper the concept of code cover-
age that usually relates to functional testing. Additional metrics should be
considered for a sharper concept of performance test coverage, like workload
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and operational profile. However, these metrics are quite difficult to collect
and may sensibly vary for the same application in different contexts. There-
fore, we have intended to explore the extent at which performance testing
can be solely based on code coverage. Additionally, we have investigated the
relationship between source code features and the likelihood of performance
testing opportunity. Our goal was to identify recurring characteristics in the
source code that could drive performance testing efforts.

As suggested by our findings, the real-world adoption of performance
testing techniques might be hampered by their substantial execution time
costs. The evidence provided in this paper sustains the idea that the limited
coverage of performance tests (as compared to functional ones) only stems
from technical issues (e.g., time limits, problems to collect dynamic metrics).
Indeed, a wider coverage is desirable as it would allow to identify performance
issues in code sections that, for the above reasons, are usually not considered.

To address this challenge, researchers can leverage the automated gener-
ation of performance tests [12) [I8]. One promising direction is the develop-
ment of “smart” test selection strategies that can reduce the execution time
of a performance testing suite without compromising its effectiveness. The
selection of code components for performance testing appears to be driven
primarily by objectives that cannot be inferred solely from source code fea-
tures. Instead, these objectives may be closely tied to domain-specific reasons
or associated with the operational profile of the software system. Therefore,
future performance test generation techniques should better consider these
aspects rather than focusing solely on source code features. We encourage
future research efforts directed to address this challenge.
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