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BabelRTS: Polyglot Regression Test Selection
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Abstract—Regression test selection (RTS) approaches reduce
the number of regression tests. Current RTS approaches are
typically monoglot, i.e., their implementations target a specific
language. However, many subjects under test (SUT) are polyglot,
i.e., they use multiple languages. Running multiple monoglot RTS
approaches separately on a polyglot SUT is unsafe because tests
that involve inter-language dependencies can be missed. More-
over, a new language may require completely reimplementing an
RTS approach, especially if the original implementation relies on
language and runtime features that are not available in the new
language. We propose a new static approach called BabelRTS,
which is multilingual (supports multiple languages out of the
box), polyglot (analyzes SUTs written in multiple languages),
and extensible (allows adding support for new languages). A key
contribution is the idea of encapsulating the language-specific
aspects of RTS by using patterns and actions. A pattern specifies
programming language constructs used in each file that indicate
dependencies to other files written in the same or a different
language. An action specifies how to identify these files in the
codebase. Patterns and actions can be customized to support
new languages without modifying the test selection algorithm.
BabelRTS is not tied to a specific language run-time system
or paradigm. BabelRTS currently supports 12 languages and
5 language combinations. We evaluated BabelRTS on 142 open-
source monoglot and polyglot SUTSs, analyzing a total of more
than two billion LOC. The performance of BabelRTS was similar
to the state-of-the-art monoglot approaches on monoglot SUTs.
On polyglot SUTs, BabelRTS was safer in polyglot mode and
selected more tests for 60% of the commits than in monoglot
mode, which missed inter-language dependencies.

Index Terms—Regression testing selection (RTS), polyglot pro-
gramming, language independent RTS, multi-language testing.

1. INTRODUCTION

EGRESSION testing is a common and essential software
development activity, which ensures that previously tested
code does not contain software bugs as a result of change [1],
[2]. Modern codebases and test suites are large. For example,
Google executed around 150 million tests per day across all
its projects in 2017 [3]. Since running the whole test suite
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every time the codebase changes is already expensive [4], when
changes occur frequently, RTS approaches must be used to
select only those tests that involve the execution of changed
code. For example, in 2019, Meta reported using RTS to re-
duce the number of tests executed per change to the tens of
thousands while making tens of thousands of weekly changes
[5]. Researchers have proposed several static (e.g., STARTS [6],
[7], FLiRTS [8] and MaRTS [9]) and dynamic RTS approaches
(e.g., Ekstazi [10], Ekstazi# [11], Clover [12] and HyRTS [13]),
which statically or dynamically generate a dependency graph
from the SUT to select the test cases.

Need for polyglot RTS. Monoglot software is written in
a single language, whereas polyglot software is written using
multiple languages. Monoglot RTS analyzes code written in
a single language, while polyglot RTS analyzes code written
in multiple languages. Large software projects are increasingly
polyglot [14], [15], [16], and developers agree that more support
is needed [5], [17]. Mayer and Bauer [18] report a mean of
5 programming languages per project, with usually one main
general-purpose language and the others as domain-specific
languages. Some of the most commonly used programming lan-
guages in polyglot SUTs are JavaScript, Ruby and Python [16].
Kochhar et al. [19] showed that as the number of programming
languages increases, the bug proneness of code increases as
well. Elsner et al. [17] describe the vastness of their IT software
for transport management (IVU') codebase, which is polyglot
(13M lines of Java and C/C++ code), and how crucial it is
to do polyglot RTS to save time during development in their
company. Machalica et al. [5] explain the need for polyglot RT'S
in their codebase at Meta.

Using a monoglot RTS approach on a polyglot SUT ana-
lyzes code written only in one language while ignoring the
code written in the remaining languages and the inter-language
dependencies. Applying monoglot RTS on each language in-
dependently in a polyglot SUT is not enough to make a safe
selection of tests because it may miss tests that execute paths
through code written in multiple languages. A key motiva-
tion behind supporting polyglot RTS is that we found over
150,000 inter-language dependencies in our experiments with
33 small/medium polyglot SUTs.

Supporting language independent RTS. Current static and
dynamic RTS approaches are strongly bound to the language for
which they are designed because they rely on language ecosys-
tems (runtimes, frameworks, and tools such as parsers), which
are designed to work with a single language or a small group
of languages. For example, Ekstazi [10] was designed for Java
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and then adapted to work with C# [11] requiring extensive code
rewriting and resulting in a completely separate tool. Another
RTS tool, HyRTS [20] relies on bytecode injection by using
ASM [21], an approach that works on languages running on the
JVM but not others. Furthermore, the language ecosystems are
in continuous evolution, and RTS approaches bound to them
have to be maintained with increasing overhead as multiple
languages are considered.

Moreover, relying on more abstract structures, such as ASTs
and CFGs, which should be language independent, does not
solve the problem. ASTs and CFGs are not as independent of
the language as we think because their construction depends on
the features and syntax available in the SUT language, which
make them different and potentially incompatible. For example,
the AST and CFG of object-oriented languages differ from
those of non object-oriented ones. One can see that Python? and
Erlang® have ASTs with different elements. For these reasons,
composing ASTs from different languages is complicated by
the need for having a deep understanding of the two languages
to properly connect nodes representing different concepts. Gen-
erating ASTs requires specialized software (e.g., parser) and the
time spent on the task depends on the codebase size—it could
be intractable on large cases [5]. Different parsers generate
ASTs in different formats that are not compatible. Furthermore,
differences in the used ASTs and CFGs entail changes to the
strategies adopted by the RTS approach. These strategies need
to be coded and might require a redesign and rewrite of any tool
to support a new language.

Some existing tools perform multilingual static analysis and
support a small set of languages. For example, MLSA [22] and
Pfff* support three and four languages respectively. However,
they are unmaintained and often support only older versions of
the languages. Moreover, they analyze the languages separately
and cannot analyze the dependencies between languages.

Challenges of polyglot RTS. The implementation of a
generalized approach has to work with any set of languages.
Languages may differ in syntax, programming paradigm, test-
ing frameworks, execution model (e.g., interpreted vs com-
piled), and runtime environment (e.g., OS vs virtual machines).
A generalized approach should be independent of the whole
ecosystem used by the languages.

Two languages can interact in several ways. They can be
used side by side in the same source file. For example, one
can use __ASM__ in C to write assembly code, extern(C) to
declare C functions to be used from D code, and inline to
write code snippets in other languages in a Perl source file.
They can interact at the file or library level. For example, by
using the Java native interface, a file written in C/C++ can use
data structures defined in another file written in Java. A Python
program can load a library written in C++. Two RTS approaches
that work separately with languages A and B may not work
with A and B together because they may be unable to detect the

2https://docs.python.org/3/library/ast.html
3https://www.erlang.org/doc/apps/erts/absform.html
“https://github.com/facebookarchive/pfff
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inter-language dependencies. Furthermore, as Machalica et al.

[5] report, existing static RTS approaches cannot be easily

extended to cross language boundaries and running dynamic

approaches across language boundaries is also challenging be-

cause (1) they require language-specific infrastructure, and (2)

they are impractical on a large scale.

Contribution. We present a new static RTS approach called
BabelRTS. It has three features that set it apart from the existing
approaches. First, it is multilingual. It supports 12 languages
out of the box and works with any modern and popular pro-
gramming language. Second, it is polyglot. It can analyze SUTs
written in multiple languages at the same time and infer inter-
language dependencies. The approach is universal and is not
tied to a specific language run-time system or paradigm. Last,
it is extensible. It can be customized to support new languages
and language combinations. The key idea is that dependencies
among the SUT files can be extracted from language constructs
in the SUT source code (e.g., import statements, inheritance,
package declarations), and that selecting tests using these de-
pendencies makes the implementation language of the SUTs
irrelevant. BabelRTS uses patterns and actions to extract file de-
pendencies. A pattern is a function that uses a regular expression
to match specific language constructs in each file that indicate
dependencies to other files written in the same or a different
language. An action is a function that processes a match and
identifies these files in the codebase. File hashing is used to
determine which SUT files changed since the last RTS iteration.
Both the hash calculation and comparison are independent of
the SUT language. These characteristics make BabelRTS truly
polyglot. Furthermore, adopting a static approach is not a lim-
itation. It allows us to increase independence of the approach
from the programming language without getting coupled to spe-
cific ecosystems, which could change over time. Additionally,
from the literature [23], [24], the improvement gained by using
a dynamic approach over a static approach may be marginal.

Evaluation. We evaluated BabelRTS in an extensive study
that includes the comparison with three state-of-the-art RTS
tools for Java, Python and JavaScript and SUTs written in 12
languages: Java, C#, C++, Python, Erlang, Go, Ruby/JRuby,
Rust, R, JavaScript, Groovy and Kotlin and some of their com-
binations. In total, BabelRTS was evaluated on 186 monoglot
and polyglot SUTs requiring the analysis of more than 2.3
billion lines of code. This study aims to answer the following
research questions:

RQ1. Are the time reductions, test suite reductions, and test
selection by BabelRTS on monoglot SUTs on par with
those of the state-of-the-art tools?

RQ2. What test suite reduction and time reduction does Babel-
RTS achieve with SUTSs written in programming languages
for which there are no state-of-the-art tools?

RQ3. Is it possible to perform polyglot RTS? If yes, how much
test suite reduction does BabelRTS achieve on polyglot
SUTs and how many inter-language dependencies can it
find?

RQ4. What fault detection rate do the tests selected by Babel-
RTS achieve on existing monoglot fault datasets?
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Figure 1.  BabelRTS approach at the i-th iteration.

Results. The results were promising. The average recall is
93%, 74%, and 100% wrt. HyRTS [13], pytest-rts [25], and Jest.
The end-to-end testing times are similar and sometimes faster
than those of the considered tools. Moreover, we achieve signif-
icant time reduction and test suite reduction for both monoglot
and polyglot SUTs. Additionally, we show that for 60% of
the commits on polyglot SUTs, BabelRTS running in polyglot
mode selected more tests that must be selected than in monoglot
mode. Monoglot mode is unsafe because it misses the inter-
language dependencies. Finally, BabelRTS achieves 100% fault
detection on monoglot SUTs in Java, Python, and JavaScript.

Organization. This paper is organized as follows. Section
IT details the key ideas of BabelRTS. Section III presents the
evaluation study and answers the research questions. Section IV
discusses related work. Section V draws some conclusions. Ap-
pendix A describes show BabelRTS can be extended to support
a new language, and Appendix B reports on the analysis we did
for Java.

II. BABELRTS OVERVIEW

BabelRTS statically analyzes the SUT source code to se-
lect the test cases to be run on a new version of the SUT.
Figure 1 shows the three steps of the approach: 1) discover
changed files in the SUT codebase, 2) extract dependencies
among SUT files and build a dependency graph, and 3) select
the test files for execution. Steps 1 and 3 are independent of
the SUT language because no language-specific information is
needed to perform them. Only step 2 depends on the language
constructs to provide monoglot and polyglot support.

To increase scalability, BabelRTS works at the file level like
many recent approaches [8], [10], [11], [26]. Gligoric et al. [27]
also showed that a coarser granularity can result in a reduc-
tion in overhead and a lower overall testing time. Performing
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analysis at the file level enables BabelRTS to support (poten-
tially) any language. A finer-grained approach would be more
intertwined with a specific language or a family of languages,
and lack flexibility to support other languages because it would
analyze characteristics specific to the chosen language, which
would limit the approach only to those languages that have such
characteristics. For example, a class-level approach would only
work on languages that have classes; a bytecode-level approach
would exclude those languages such as C++ that do not compile
to bytecode instead. A finer-grained approach would rely more
on the language ecosystem making it harder to generalize.

A. Discovering Changes in the SUT Files

The first step is to identify the set of SUT files that changed
since RTS was previously performed. When RTS is performed
for the first time, all the files are treated as changed and all the
test files are selected.

After the first run, BabelRTS considers two revisions: ¢ and
1 — 1, where ¢ is the revision ready to be tested, and ¢ — 1 is the
revision on which RTS was previously performed. V; and V;_,
are the set of source files in ¢ and 7 — 1 respectively. BabelRTS
analyzes V; and V;_; (Figure 1, step 1.1) and determines which
files changed (Figure 1, step 1.2). Given a hashing function h,
and a family of functions:

;i Vica = V;U{l}

that map a file from the older revision to the corresponding file
in the new revision. f; € V; is considered changed if:

— 3fic1 €Viex sito pi(fic1) = fi ANh(fiz1) # h(fi); or

— Afic1 €Viei st wi(fim1) = fi
The second case occurs when f; is created after revision ¢ — 1
was tested. The resulting set C; contains all the source files of
V; that differ from the corresponding copy in V;_; or are intro-
duced in V;. All files that existed in V;_1 but were eliminated
before V; are not added to C;. This is because all the references
to the eliminated files and any test case that was exercising the
eliminated files should have been removed or adjusted in V;.
Moreover, C; contains all the files that were renamed between
revisions ¢ — 1 and ¢. This is because the renaming operation
is a change that should be tested. The set C; is used in step 3
(selecting test files).

Step 1 is language independent because it uses a hash-
ing implementation, which does not rely on language-specific
knowledge. Similar approaches, such as smart checksums, have
already been used by other tools [6], [10], [13]. However, Ba-
belRTS does not use smart checksums because it requires an
understanding of the SUT language to remove details irrelevant
to the RTS analysis, such as comments. The smart checksum
implementation used in tools such as Ekstazi, STARTS and
HyRTS, operates on bytecode and not on the source files.
Binding BabelRTS to bytecode would limit its applicability to
languages running on the JVM. While we could substitute a
more sophisticated change detection module that can handle
detection of changed comments, it would make the approach
less flexible because the implementation of the change detection
mechanism would be tied to the SUT language.
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B. Extracting Dependencies Among SUT Files

File dependency. The RTS process needs dependency infor-
mation to determine which test files depend on changed source
files, and thus, will exercise changed code. There is a depen-
dency between two code portions A and B when A uses B and it is
denoted as A—B. The definition of the use relationship depends
on the language used to implement the SUT. For example, in
an object-oriented language, there is a dependency between the
class C, defined in the file A and the class Cg defined in file B
when a method of C, calls a method of Cg; this dependency also
subsumes a dependency from file A to file B. In this example, the
use relationship is represented by the method call expression.

Several language constructs, not just method calls, subsume
file dependencies. Let us illustrate this concept with examples.
The Java statement new Vehicle(); instantiates a new object
of the class Vehicle. Implicitly the instantiation potentially
refers to a file called Vehicle.java where the Vehicle class
is defined. The inheritance statement in Java: public class
Car extends Vehicle {} implicitly refers to the file Vehi-
cle.java. For the C language, #include "utils.h" refers to
a file called "utils.h". In polyglot SUTS, constructs can also
refer to files written in a different programming language. In
Python, one can import a binary file compiled from C using
ctypes.CDLL('lib.so'). In this case, the dependency is be-
tween the Python file and the C source code whose binary is
archived in the lib.so library. Java classes can be imported in
JRuby programs by using java_import. In this case, the Java
class is contained inside a file with the same name. These and
other constructs introduce file dependencies in the SUT code-
base, and are common in mainstream programming languages.

Patterns and actions. BabelRTS uses patterns and actions to
extract file dependencies. Patterns are functions that use regular
expressions to match language constructs that refer to other
files or the content of other files (possibly written in a different
language). Actions are functions that process the code matched
by the patterns to infer dependencies to other files. Separate
patterns and actions are written for each language and language
combination.

File dependencies to be inferred from a language construct
may be obvious, such as names referenced by an #include C
statement, or must be algorithmically reconstructed, such as
when Java imports use wildcards or when loading a native
library using the Python ctypes.CDLL command. The action
task is straightforward for the former case, but for the latter, it
has to collaborate with the codebase’s build system to retrieve
the file names. There are two ways to interact with the build
system in BabelRTS: Knowing where to search for files, such
as with actions that are aware of the adopted build system (e.g.,
knowledge of unique file structure such as src/main/java for
source files and src/test/java for test files in maven), or with
pattern-action pairs written for the build system files.

Dependency Graph Construction. BabelRTS uses the pat-
terns to locate the language constructs inside the SUT files.
Once a match is found (Figure 1, step 2.1), BabelRTS processes
the match using the actions associated with the pattern (Fig-
ure 1, step 2.2). Each pattern can match several times against
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Customer.java new Order.java

Order o = new Order(product);

Special OrderTest.rb J

java_import SpecialOrder

public class Order {}

extends T

SpecialOrder.java

java_import

class SpecialOrder extends Order{}

Figure 2.  Dependency graph of Ruby and Java code.

Algorithm 1: Extracting the SUT dependencies.
Data: G, + {V;,E; =}

1 foreach file € V; do

patterns_actions < get_patterns_actions(file)

foreach pattern, action € patterns_actions do

matches < find_all(pattern, file)

foreach match € matches do
dependencies < action(match)
foreach dependency € dependencies do

| E; < E; U{(file,dependency)}

end

end

[-RRN IR Tr- N7 I N )

—
=4

11 end
12 end

13 return G;

the whole SUT codebase and each action can find zero or more
dependencies to other files.

The dependencies between SUT files in iteration ¢ result in
a digraph G; with a set of vertices, V;, whose elements are the
source and test files, and a set of edges, F;, whose elements rep-
resent the dependencies between the files. The graph is directed
because the dependencies are oriented: if file A depends on file
B, it does not mean that file B depends on file A. Dependencies
are treated in the same way no matter which pattern found them.
The graph is simple, i.e., no edge starts and ends at the same
vertex and at most one edge is present between any ordered
pair of nodes in the graph. Multiple language constructs (and
their respective patterns and actions) can reveal a dependency
between the same pair of files, but only one edge is added
to the dependency graph. The order in which the patterns are
defined and file dependencies are found is irrelevant because
the resulting dependency graph remains unchanged.

Figure 2 shows an example of G; for a program writ-
ten in Java and Ruby. For readability, the edges are la-
beled with the construct used to infer the dependency. Note
that the dependency between SpecialOrderTest.rb and Spe-
cialOrder.java is an inter-language dependency.

Algorithm 1 shows the pseudocode to create the dependency
graph using patterns and actions. The function get_patterns_-
actions(file) on line 2 reads the file extension of file and
returns the patterns and actions that must be run on files with
that extension. The function action(match) on line 6 returns
a set of files (possibly empty), which are dependencies of the
file in which the match occurred. This set is used to update the
dependency graph on lines 7-8.
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TABLE I
SAMPLE LANGUAGE CONSTRUCTS CAPTURED BY BABELRTS

Language Language Constructs

C# using

C++ #include, #import

Erlang import, load_nif, _:_(_)

Groovy import, extends, implements, new

Java import, package, native, extends, implements, new,
Q)

Javascript import, export, require

Kotlin import

Python import, from _ import _, __import__

R source

Ruby/JRuby load, require, include, java_import

Rust include, use

Given a language or a set of languages, multiple sets of
patterns and actions can be defined in different ways to find
all the file dependencies. Table I shows examples of language
constructs that can be searched by BabelRTS to build the de-
pendency graph. The languages were chosen to be represen-
tative of the mainstream programming languages and also of
the main programming paradigms. The listed constructs cover
most of the language dependencies but not all can be captured
via patterns. Dependencies created at run-time cannot be in-
ferred by static analysis. For example, using Java reflection,
it is possible to instantiate an object whose class is dynam-
ically determined. Even if we write a pattern that matches
Class.forName(classname), the file name cannot be inferred
when classname is a variable and not a string literal. Similarly,
in Python, it is possible to dynamically import a module via
__import__(module). This issue is a well-known limitation of
static analysis [28], [29], [30], [31]. Shi et al. [24] tried to ad-
dress this issue but they reported that the approaches remained
unsafe in certain circumstances and they were significantly
slower than the reflection-unaware alternatives.

Appendix A shows how patterns and actions can be modified
and expanded to support new languages. Appendix B describes
the analysis we performed for Java. The completeness of the
patterns and actions for a specific language or language combi-
nation depends on the skill level of the person adding BabelRTS
support for a new language. Moreover, patterns and actions can
be removed or disabled when not needed by a given SUT.

Patterns and actions at work. We illustrate them using a
simple codebase with both Python and C++ code files listed
below, where the two languages are connected through two
libraries (bar.so and foo.so).

bar.cpp bar.h bar.py bar.so
bar_test.py foo.cpp foo.h foo.py
foo.so foo_test.py makefile

A makefile specifies which C++ code builds each library.

bar.so: bar.cpp bar.h
g++ -fPIC -shared -o bar.so bar.cpp

foo.so: foo.cpp foo.h
g++ -fPIC -shared -o foo.so foo.cpp
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Dependency graph of Python and C++ code.
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Figure 3.

Figure 3 shows the dependency graph for the codebase. Black
arrows are the dependencies detected using only the patterns
and actions for Python and C++ without considering the infor-
mation from the build system (i.e., the makefile). The labels
on the arrows describe the kind of dependency.

In the absence of makefile information, BabelRTS cannot
detect dependencies from Python to C++ source files because
the Python and C++ patterns do not match C++ library con-
structs to C++ source files. However, since BabelRTS can deal
with files such as libraries and build configuration files just like
any other source file via patterns and actions, we can define
a pattern-action pair to apply on the makefiles to determine
which C++ files each library depends on.

SO_PATTERN = re.compile(r" (\w+\.s0):
def action(match):
so_file, so_deps = match

(.+)")

for so_dep in so_deps.split():
yield so_file, so_dep

The library dependency specification inside a makefile can be
matched by the above SO_PATTERN, which defines two capturing
groups: the former captures the library name and the latter, the
list of dependencies. The content of the capturing groups is
passed to the action via the match argument. With this pattern-
action pair, BabelRTS finds four additional dependencies shown
as dashed red arrows in Figure 3.

C. Selecting Test Files

BabelRTS only selects those test files that exercise changed
code. It uses a DFS algorithm on the digraph of dependencies
built in Section II-B to find paths between test files and changed
files. Given the set C; of source files that have changed between
V;—1 and V; and the digraph of the latest version G; = {V;, F; },
a test file t € V; is selected if:

- teCy;or

— vy, v9, ..., v, €V, st (t,v1) € E;, vy, € Cy,

(Uj,UjJr]) cFE,1<j<n.
The first rule selects a test file if it has changed (Figure 1,
step 3.1). The second rule looks for a path, i.e., a transitive
dependency, between the test file £ and a changed source file
vy, (Figure 1, step 3.2). This ensures that a test exercising some
changed code will be selected. The set of selected test files for
revision ¢ is ST;. ST; is a subset of the test suite of 4.

Consider the dependency graph of Figure 2. If Order.java
changes, the test file SpecialOrderTest.rb is selected. If only
Customer.java changes, the test file SpecialOrderTest.rb is
not selected because there is no path between them. In the de-
pendency graph of Figure 3, suppose that only foo.h changes.
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BabelRTS does not select bar_test.py because no path exists
in the dependency graph from it to the changed file foo.h.
However, foo_test.py is selected because a path exists from
it to the changed file:

foo_test.py— foo.py— foo.so—foo.h

III. EVALUATION

To answer the research questions presented in Section I, we
extensively evaluated BabelRTS using three separate experi-
ments. Experiment 1 compares the performance of BabelRTS
with state-of-the-art RTS tools. Experiment 2 evaluates Babel-
RTS on languages for which no RTS tool exists to demon-
strate that the approach works irrespective of the programming
language used in the SUT. Finally, experiment 3 evaluates
BabelRTS on large-scale polyglot projects to demonstrate its
applicability on real-world software and the need for polyglot
RTS approaches.

Experiments 1 and 2 were performed on a 64 bit machine
running Fedora 35, with an Intel® Xeon® CPU E31230 at 3.20
GHz and 8 GByte of RAM. Experiment 3 was performed on
a 64 bit machine running Windows 10, with an Intel® Core™
17-11800HQ CPU at 2.30 GHz and 16 GByte of RAM.

We provided a replication package that contains all the results
(including those not reported in the paper for lack of space) and
the scripts needed to generate them on Zenodo.

https://doi.org/10.5281/zenodo.14627004.

A. Metrics

We use the following metrics in our experiments. In the
definitions below, the term “retest all” refers to the strategy of
rerunning all the tests without performing RTS.

rts

Z__™ Tis the retest

all time. Ty is the tool time, which is the time taken by an RTS
tool to perform RTS (e.g., analysis, instrumentation, graph gen-
eration, and selection) and to run the selected tests. A higher TR
means that more time is saved when running the RTS tool and
the selected tests, as opposed to just using the retest all strategy.
The time reduction is negative when it takes longer to run the
RTS tool and the selected tests than to use the retest all strategy.
7S] = [TS0] "1
78 |
is the entire test suite, and 7S, is the set of tests selected by
an RTS tool. A larger TSR is better because it leads to higher
time savings. However, this depends on the execution time of
the individual tests and on the selection time. Unlike TR, TSR
cannot be negative because it is not possible to select more tests
than those present in 7.

Reduction measurements alone cannot assess the quality of
the selected tests. A tool that always selects zero tests has a
perfect reduction, but is unsafe because the tests affected by
the changes are not selected. On the contrary, a tool that always
selects all the tests is safe, but provides no reduction.

Let TP, TN, FP, FN, P, N be the sets of true positives,
true negatives, false positives, false negatives, positives, and
negatives, respectively. The sets of tests selected and discarded

Time reduction (7R) is computed as

Test suite reduction (7SR) is computed as
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by a perfect tool that knows the ground truth (or the used state-
of-the-art tool in the absence of ground truth) are P and N
respectively. Tests selected by an RTS approach are classified as
true positive if they should have been selected or true negative
if they should have been discarded. Tests discarded by an RTS
approach are classified as false positive if they should have been
discarded or false negativT if |they should have been selected.

TP

|P
lected tests that should have been selected to the number of tests
that should have been selected. It rates the selection safety, i.e.,
the percentage of affected tests that are selected.

Recall is computed as , the ratio of the number of se-

Precision is computed as , the ratio of the num-

|TP| + |FP
ber of selected tests that should have been selected to the num-
ber of selected tests. It measures the percentage of selected tests
that are affected by the changes.

ILD is the number of inter-language dependencies, which
refer to the dependencies between two files written in different
languages in a given revision of a SUT.

|Faults Detected)|

|All Faults| °
the ratio of the number of detected faults to the total number

of faults. It measures the percentage of detected faults, and it is
one of the best indicators of safety because the FDR of a safe
RTS approach should be 100%.

Fault detection rate (FDR) is computed as

B. Experiment 1: State-of-the-Art Comparison

The experiment assesses BabelRTS capabilities for lan-
guages with RTS tools to demonstrate that its performance is
at least on par with them. The comparison is for Java (HyRTS
[13]), Python (pytest-rts [25]), and JavaScript/TypeScript
(Jest®).

We did attempt to use Ekstazi for C++ and C# [11], Bi-
naryRTS [32] for C++, and RTS for Erlang [33], but failures
to execute them with the subjects prevented us from running
the experiment. Similarly, we tried the available RTS tools for
Ruby (CrystalBall® and WhatToRun”), but they are too old and
unsupported.

Since the patterns and actions used by BabelRTS on
JavaScript are the same for TypeScript, we will only refer to
JavaScript for the remainder of the paper.

Setup. For each language, we selected 10 SUTs from GitHub
that ran on Java 8, Python 3.9, and Node 16 respectively. The
SUTs selected for Java were previously used by researchers
to evaluate HyRTS, Ekstazi and FliRTS 2. For Python and
JavaScript we selected SUTs that had a test suite for Pytest and
Jest respectively. Table II lists the used SUTs and their average
LOCs, the average size of their test suites and the average
number of tests selected by each tool.

For each SUT, we selected 20 commits backward from the
latest commit that compiled and ran without errors in our en-
vironment with the constraint that between two consecutive
selected commits, at least 3 source files must have changed. We
reversed the generated list to have the commits in chronological

Shttps://jestjs.io
Shttps://github.com/toptal/crystalball
7https://github.com/DyegoCosta/what_to_run
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TABLE II
EXPERIMENT 1: COMPARISON WITH THE STATE-OF-THE-ART ON MONOGLOT SUTS

. HyRTS  BabelRTS . HyRTS  BabelRTS HyRTS  BabelRTS
Java SUTs Hash Files LOC Changed  Tests Tests Tests Recall  Precision TR TR TSR TSR
commons-cli b805e9 52.0 11233.6 5.3 28.0 1.5 26.1 1.00 0.07 —2.68 —0.02 0.95 0.07
commons-configuration 04clbc  445.0 121911.2 4.6 165.2 22.7 47.0 0.99 0.52 0.31 0.27 0.86 0.72
commons -dbcp 04e3fe  119.8 46485.0 5.3 24.5 5.3 14.1 1.00 0.61 0.14 0.39 0.88 0.69
commons - fileupload 94e5el 59.4 10693.9 9.5 6.1 4.6 59 0.98 0.80 —0.00 0.45 0.50 0.32
commons - jxpath 5badb5 92.3 15973.1 12.9 20.9 16.8 9.3 0.45 0.97 —0.03 0.75 0.24 0.60
commons - lang 38cfoc  326.8 143796.2 6.4 148.9 11.2 110.4 0.99 0.11 0.50 0.12 0.93 0.26
commons -net 037644  275.6 60215.4 15.0 44.0 1.2 18.3 1.00 0.18 0.32 0.48 0.97 0.58
commons - text 59984c  138.6 33413.9 7.6 58.7 7.3 9.3 0.96 0.49 0.13 0.26 0.88 0.84
commons -validator 0924ed  148.0 33615.9 11.2 15.2 2.8 13.3 0.98 0.51 —5.91 0.37 0.59 0.22
lanbda ffbdc2  637.0  47054.8 8.0 46.0 6.3 45.1 0.92 0.59 0.02 0.91 0.46 0.08
Average 229.4 52439.3 8.6 55.7 7.9 29.9 0.93 0.49 —0.72 0.40 0.73 0.44

. PytestRTS BabelRTS - PytestRTS BabelRTS PytestRTS BabelRTS
Python SUTs Hash Files LOC Changed  Tests Tests Tests Recall ~ Precision TR TR TSR TSR
Augmentor b00b72 23.2 7319.2 3.8 15.3 15.3 11.7 0.77 1.00 —0.19 0.11 0.00 0.23
backtrader 2b62e7  342.6 55208.7 37.0 81.5 81.5 73.6 0.90 1.00 —0.58 0.04 0.00 0.10
boltons 81326fF 66.0 22708.6 5.6 26.6 25.7 6.0 0.26 0.99 —1.03 0.48 0.08 0.79
docker-py 19171d  138.3 30877.4 13.8 28.8 27.8 27.0 0.93 0.96 —1.16 —0.01 0.03 0.06
isort 6100d1  111.6 27204.0 5.0 33.5 33.5 27.1 0.81 1.00 —2.11 0.86 1.00 1.00
paramiko 992c99 87.0 31462.5 3.5 29.2 26.2 20.2 0.92 0.87 —1.10 0.04 0.10 0.30
pyecharts d6éeba3  259.0 25357.9 51.7 48.0 48.0 46.0 0.96 1.00 —4.44 —0.07 0.00 0.04
python-prompt-toolkit 51944f  286.1 51044.2 18.5 21.0 20.0 1.5 0.07 1.00 —0.20 0.89 0.05 0.93
pytube 153317 39.5 8041.1 4.8 15.0 15.0 12.3 0.82 1.00 —0.06 0.40 0.00 0.18
tflearn eb7238 95.6 17222.6 3.7 1.6 1.6 1.6 1.00 1.00 —2.49 0.96 1.00 1.00
Average 144.9 27644.6 14.7 30.1 29.5 22.7 0.74 0.98 —1.34 0.37 0.23 0.46

. . Jest BabelRTS . BabelRTS  Jest BabelRTS
JavaScript SUTs Hash Files LOC Changed  Tests Tests Tests Recall  Precision Jest TR TR TSR TSR
axios 3f53eb  147.5 21193.8 4.6 42.0 4.8 4.8 1.00 1.00 0.48 0.51 0.89 0.89
chroma.js 5df19f  145.9 23829.0 6.9 43.6 8.7 11.5 1.00 0.90 0.54 0.48 0.80 0.74
mathjs 563ff6 1020.4 124287.0 7.5 315.6 284.7 283.7 1.00 1.00 0.12 0.03 0.10 0.10
openzeppelin-contracts 217167  154.6 25180.5 6.3 82.9 11.5 13.5 1.00 0.95 0.76 0.74 0.86 0.84
react-digraph 3f853a 85.6 11695.1 6.4 20.9 119 14.3 1.00 0.83 0.18 0.05 0.43 0.32
riot 7d461c 61.5 23774.7 8.1 11.0 4.8 4.8 1.00 1.00 0.12 0.05 0.56 0.56
substance d32351  538.1 67145.9 6.0 41.0 2.4 2.4 1.00 1.00 0.63 0.70 0.94 0.94
taiko 578402  183.7 26067.5 5.2 63.6 35.2 37.9 1.00 0.94 0.31 0.31 0.45 0.40
videojs-contrib-hls 4d9c0e 49.1 27466.7 5.4 20.7 8.9 9.6 1.00 0.94 0.23 0.24 0.57 0.54
vue glofed  421.2 73091.4 4.0 119.0 0.7 1.0 1.00 0.83 0.74 0.81 0.99 0.99
Average 280.7 42373.1 6.0 76.0 37.3 38.3 1.00 0.94 0.41 0.39 0.66 0.63

Hash: hash of most recent used commit.

The following metrics are averages over the 20 selected revisions. <tool> is HyRTS for Java, python-rts for Python and Jest for Javascript.

Files: number of source and test files.
Tests: total number of test files.
Precision: BabelRTS precision wrt. <tool>.

order. Starting from the oldest, we checked out each commit,
ran all the tools and collected the data. We discarded the data
from the starting commit because all RTS tools consider the
starting commit as new and select all tests by default. Finally,
we computed recall, precision,7SR, TR and averages per SUT.
Table II reports all the collected data.

Java Results. BabelRTS recall wrt. HyRTS is close to 1 in
all SUTs but one. The 95% confidence interval (CI) is 0.76 to
1.0. A high recall indicates that BabelRTS is safe wrt. HyRTS,
because the tests selected by HyRTS are also selected by Ba-
belRTS. BabelRTS precision wrt. HyRTS ranges between 0.07
and 0.97. The 95% ClI is 0.13 to 0.56. A low precision means
that BabelRTS selects more tests than HyRTS. This is expected,
given that BabelRTS is a static tool and HyRTS is dynamic.
Legunsen et al. [7] reported similar results when comparing
STARTS (a static approach) with Ekstazi (a dynamic one).
Additionally BabelRTS TSR is lower than the 7SR of HyRTS
in all SUTs but one for the same reason. However, BabelRTS
TR is greater than that of HyRTS in eight out of ten SUTs.
Furthermore, in three SUTs, HyRTS TR is negative, which
means that it took longer to run HyRTS and its selected tests
than to retest all. The average BabelRTS 7R is 0.4 and the
average HyRTS TR is -0.72, which means that regression testing

Changed: number of changed files.
<tool> Tests: n. test files selected by <tool>.
<tool> TR: <tool> time reduction.

LOC: number of lines of code.
Recall: BabelRTS recall wrt. <tool>.
<tool> TSR: <tool> test suite reduction.

is faster using BabelRTS than HyRTS. The Mann-Whitney U
test to compare the respective TR and TSR of the two tools gave
a p-value for both as 0.0, which means that the difference is
statistically significant and that while BabelRTS selects more
tests, it saves more time.

Python Results. On average BabelRTS selected fewer tests
than pytest-rts. BabelRTS has an average recall of 0.74 wrt.
pytest-rts. The 95% CI is 0.4 to 0.99. We manually inspected
ten cases in which pytest-rts selects some tests not selected by
BabelRTS. In all cases, it was clear that because of a possible
bug, pytest-rts selected tests that did not run changed code
and should not have been selected. The average precision of
BabelRTS is 0.98. The 95% CI is 0.94 to 1.0. This is expected
because BabelRTS selects fewer tests. Overall BabelRTS has
greater TSR and TR than pytest-rts. Our findings show that in
all SUTs it took longer to run pytest-rts and its selected tests
than to just use the retest all strategy. Thus, the 7R of pytest-rts
is negative in all SUTs. The Mann-Whitney U test for Python
gave similar results as for Java. The p-value for both 7R and TSR
is 0, which means that the difference is statistically significant
and that BabelRTS selects fewer tests and saves more time.

JavaScript Results. Both the average recall and precision
of BabelRTS wrt. Jest are high: 1.0 and 0.94 respectively.
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Figure 4.

The 95% CI is 0.99 to 1.0 and 0.83 to 0.98 respectively. Jest
is a static tool like BabelRTS, and it is expected to behave
similarly. Additionally, Jest uses import statements to build
the dependency graph and thus, obtains a proper subset of the
dependency graph built by BabelRTS’ pattern-action pairs. The
average TSR of the two tools are similar: 0.66 for Jest and 0.63
for BabelRTS. The average 7R of the two tools are also similar:
0.41 for Jest and 0.39 for BabelRTS. The Mann-Whitney U
test gave very different results. The p-values are 0.2 and 0.4
for TR and TSR respectively. This means that the difference is
not statistically significant. This shows that BabeIRTS and Jest
have very similar 7R and TSR.

C. Experiment 2: Languages Lacking RTS Support

The goal of this experiment is to demonstrate the ability of
BabelRTS to perform RTS on monoglot and polyglot SUTs
whose languages have no dedicated or usable RTS tools. Note
that we cannot compare with RTS tools for C# [11], C++ [34],
Erlang [33] and Ruby from the literature because they are either
unavailable or we cannot run them.

Setup. We analyzed monoglot SUTs written in each of the
languages, C#, C++, Erlang, Go, R, Ruby, and Rust, as well
as polyglot SUTs written in pairs of languages running on the
JVM. The polyglot SUTs have Java as base language, and one
among Groovy, Kotlin, and Ruby as the guest language. These
languages were chosen to show that BabelRTS is independent
of the programming paradigm and language structures and syn-
tax. The used language versions depend on the specific SUT
analyzed. In total, we considered ten languages or language
pairs. For each of them, 11 SUTs were considered for a total
of 110 different SUTs. They were chosen from a variety of
different domains, such as machine learning, web development
and software testing, and they were developed by different
communities and companies. For each of the SUTs, the last 31
consecutive commits were considered without any constraint on
number of changed files, for a grand total of 3,410 revisions.
The collected metrics are: LOC, TSR, analysis time, analysis
time per line of code, and ILD. For each SUT, starting with the
oldest, we ran BabelRTS on a revision, collected the considered
metrics, and moved on to the next revision, 30 times in all.

0
Groovy JRuby Kol

(b) test suite reduction

Jaoa\  Jaoa\ R Ruby Rust Jav
tlin

a\ Jaoa\ R Ruby Rust
Groovy  Ruby  Kotlin

(c) analysis time per line of code (s/loc)

Report of lines of code, test suite reduction, and analysis time in experiment 2 with 10 languages.

We also investigated how the achieved 7SR influenced the
testing time by collecting data on 7R. Our investigation is far
from being exhaustive because some of the considered SUTs
are too old or too complex to be run on our current setup. Fur-
thermore, each SUT adopts its own development conventions
as well as different testing and building systems, even within
the same programming language, making it difficult to execute
tests without a thorough analysis of the SUT’s behavior and
usage methods. This difficulty is further exacerbated by the
lack of documentation on how the considered SUTs should be
tested. For these reasons, we collected TR only for a subset of
the SUTs written in C#, C++, Erlang, Ruby, Rust and Kotlin
+ Java. Figure 4(a) shows the average LOC span per SUT and
language.

Results. BabelRTS achieves an average TSR of 0.54 for C#
SUTs, 0.96 for C++ SUTs, 0.81 for Erlang SUTs, 0.99 for Go
SUTs, 0.89 for Java-Groovy SUTs, 0.89 for Java-JRuby SUTs,
0.95 for Java-Kotlin SUTs, 0.70 for R SUTs, 0.85 for Ruby
SUTs, and 0.99 for Rust SUTs. Figure 4(b) shows how TSR is
distributed per language or language pair.

The TSR variation found in polyglot SUTs can be explained
by differences in the languages themselves. The object-oriented
paradigm might favor a better separation of concerns than pure
structured programming. This might lead to separately tested
independent modules, which increases the 7SR. This is demon-
strated in Section III-D where BabelRTS achieves a TSR of
99% on Open]DK, a polyglot SUT with many modules inde-
pendently tested.

Several factors might cause the TSR variation found in
monoglot SUTs. Low test suite coverage makes it less likely
to cover the changed code. No test needs to be selected when
this occurs and the TSR will be larger. A large test suite might
favor a larger TSR because more tests might not be affected
by the change. A big change (where multiple source files are
involved) is likely to affect more tests, which would result in a
lower TSR. A test is more likely to be affected by a change in
a dependency graph with a high edge density, thus making the
TSR lower. For example, any change, no matter how small, will
affect all the tests if the dependency graph is a clique, resulting
in a zero value for TSR. Finally, the lack of constraints on how
many changes we have between commits implies that we may
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have considered empty commits, which would cause a 100%
TSR, thereby increasing the average TSR.

BabelRTS achieves an average analysis time of 0.31s for C#,
0.05s for C++, 0.31s for Erlang, 0.33s for Go, 0.04s for Java-
Groovy, 0.49s for Java-JRuby, 0.16s for Java-Kotlin, 0.07s for
R, 0.15s for Ruby, and 0.19s for Rust SUTs. BabelRTS has
a short analysis time for all the considered languages. Even a
large SUT, such as Godot (written in C++) with over a million
lines of code, has an average analysis time of less than 3s.
The patterns and actions used or their number does not appear
to meaningfully impact the analysis time. This is because the
Python regular expression engine is efficient, patterns are writ-
ten to be as specific as possible to make their search fast and
actions are written to be computed in constant time. Figure 4(c)
shows how the analysis time per line of code is distributed per
language or language pair. In this case patterns and actions, and
their number appear to have an impact on the analysis time per
line of code, which nevertheless remains mostly below 1075
seconds for all the considered languages.

For polyglot SUTs, we measured the /LD (defined in Section
III-A). ILD shows the degree of interconnection of the used lan-
guages. The higher the ILD is, the more the involved languages
interact. Polyglot RTS becomes necessary when the value of
ILD is greater than zero. BabelRTS found an average value for
ILD of 79; the highest value was 1,057 and the lowest was zero.
Note that an /LD value of zero was recorded in commits where a
single language was involved. The average percentages of ILDs
over the total number of dependencies are 28%, 5%, and 24%
for Groovy-Java, JRuby-Java, and Kotlin-Java, respectively.

BabelRTS achieves a positive test reduction for all the con-
sidered languages. The average TR values are 0.99, 0.30, 0.87,
0.59, 0.21, 0.79 for C++, C#, Erlang, Ruby, Rust, and Kotlin
+ Java, respectively. The overall average TR is 0.62. Just like
with TSR, there is a large variation in average TR, which can
be explained by the same factors. Additionally, we have noticed
that a few outliers considerably reduced the average TR for the
Rust language. Excluding these outliers, the average 7R for Rust
was 0.92.

D. Experiment 3: Language Interoperability

This experiment has two goals: 1) to demonstrate the scal-
ability of BabelRTS to large codebases, and 2) to demonstrate
that polyglot RTS is necessary for safe regression testing on
polyglot SUTs. This experiment runs BabelRTS on OpenJDK
and TensorFlow. OpenJDK is mainly written in Java with the
native parts written in C++. TensorFlow is mainly written in
C++ with additional bindings for other languages. We did not
collect time reduction data because of the large size of the
subjects and the difficulty in running them.

Setup. For each SUT, we considered 11 revisions from the
main branch. The revisions are chosen so that between two
consecutive revisions at least one file has changed for each
of the analyzed languages. The oldest selected revision is the
starting point of the RTS process. For each SUT, RTS is first
performed one language at a time (monoglot) and then all lan-
guages together (polyglot). Then, the union U of the monoglot
selections is computed. The collected metrics are: TSR, analysis
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TABLE III
EXPERIMENT 3: SUTS STATS

OpenJDK  TensorFlow
TSR 0.99 0.70
Analysis Time (s) 1,338 11
LOC 10,032,276 2,078,201
ILD 645 310
Dependencies 1,955,239 154,991
Files 50,691 6,965
Tests 35,880 339

time, LOC, ILD, number of dependencies, number of source
and test files, and number of test files.

Results. Table III shows the metrics collected on the start-
ing revision of OpenJDK and TensorFlow. BabelRTS analyzed
~10M lines of code in ~50K files from OpenJDK and more
than 2M lines of code in almost 7K files from TensorFlow.
The difference in size between the two subjects had an impact
on analysis time and on TSR. The analysis time for OpenJDK
is 1,338s, and the analysis time for TensorFlow is 11s. The
analysis times in experiment 3 are considerably larger than the
analysis times of the previous experiments (usually less than 1s)
because of the large size of the considered subjects. The number
of test files analyzed in OpenJDK (~35K) is two orders of
magnitude larger than the number of test files analyzed in Ten-
sorFlow (339). This difference affects TSR. The average TSR
is 99% on OpenJDK and 70% on TensorFlow. This is expected
given that the strategy used to select the revisions produces a
list of revisions whose incremental change is generally less than
10 files. Such a small change clearly makes the SUT with the
largest test suite more likely to have a larger TSR. Additionally,
the code in OpenJDK is structured into many modules that are
tested separately, which favors a higher TSR.

BabelRTS identified ~1.9M file-level dependencies on Open-
JDK and ~155K on TensorFlow. Among these dependencies,
the number of inter-language dependencies is 645 and 310
respectively. These numbers show the necessity to use polyglot
RTS on polyglot SUTs.

Table IV reports the results of experiment 3. The most impor-
tant result is reported in the last column (|A\U|), which shows
the number of tests that are selected by the polyglot RTS, but not
by the union of the selections of the corresponding monoglot
RTS. Ideally, this column should be zero. Otherwise it means
that the monoglot selections are missing some tests affected by
the change and are therefore unsafe. The table demonstrates the
lack of safety in 8 out of 10 revisions in OpenJDK and 4 out
of 10 revisions in TensorFlow. This is caused by the ILDs that
BabelRTS found in the code. This convincingly demonstrates
the need for performing RTS analysis across languages. As
additional evidence, we also ran BabelRTS on the most recent
1,000 commits of TensorFlow (regardless of the changes in
the source code). Monoglot RTS was unsafe in ~10% of the
commits, supporting the need for polyglot RTS.

E. Experiment 4: Fault Detection

The goal of this experiment is to demonstrate the fault detec-
tion ability of the tests selected by BabelRTS on existing open
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TABLE IV
EXPERIMENT 3: POLYGLOT SUTS

SHA IA| 171 ICI 10| IANUI SHA 1A 1P| ICI 171 1UI IANUI

1dc503 26486 25495 0 25495 991 laf29d 348 299 43 6 348 0

7€0203 10 8 0 8 2 016573 302 299 3 0 302 0

60f59a 10 8 0 8 2 43c71a 304 299 5 0 304 0
« 1169al 26487 25496 0 25496 991 § 321d38 305 299 6 0 305 0
5 8351b3 2 1 0 1 1 L 223041 317 309 8 0 317 0
§ 73250 26488 25497 0 25497 991 S 87a672 343 310 26 0 336 7
S 95c7c5 3 3 0 3 0 é 82894 318 310 0 7 317 1

d191e4 26490 25499 0 25499 991 723288 330 311 11 2 324 6

205707 2 2 0 2 0 d29f7a 317 305 4 5 314 3

1caba® 26491 25500 0 25500 991 9daae3 325 309 15 1 325 0

A: set of tests selected when doing polyglot RTS on all languages.

J: set of tests selected when doing monoglot RTS on Java.
P: set of tests selected when doing monoglot RTS on Python.

source fault datasets. In addition, we also demonstrate the ex-
tensibility of BabelRTS by creating custom patterns and actions
to address specific dependencies that cannot be found by the
base implementation of the patterns and actions in BabelRTS.

Setup. We selected three datasets from GitHub: Defects4])
[35] for Java, BugsInPy [36] for Python, and BugsJS [37] for
JavaScript, which contain 835, 500, and 453 faults distributed
across 17, 10, and 17 SUTs respectively. For each fault, each
dataset provides 1) a buggy commit V3, 2) a fixed commit V7,
and 3) the set F'T" of tests that fail on V}, but pass on Vy. Two
faults are never in the same commit V},. Since F'T tests fail on
Vi, and pass on V7, the changes between V;, and V; must fix the
fault. Since these changes should affect the tests in F'T', these
tests must be selected by a safe RTS approach.

To demonstrate that BabelRTS selects the affected tests in
F'T, the experiment is conducted as follows. For each dataset
using one fault at a time, we run BabelRTS on V}, first and then
on V. If on the second run BabelRTS selects all tests in F'T,
then the fault is detected. Otherwise, the fault is not detected.
We repeated this process for all the faults in all three datasets
and we computed FDR for each dataset.

While running the experiment, we noticed that some faults in
BugsInPy were not detected by the tests selected by BabelRTS.
After a manual inspection, we discovered several issues within
the dataset. We fixed all the issues that we could. For example,
the dataset metadata had incorrect formats in some of the listed
paths to test files (e.g., extra slash or semicolon). We removed
the extra characters. Some test files were empty, but since such
tests cannot fail, we removed them from F7T'. There was one
case that we were unable to fix. Here, V;, and V; were the
same version, and thus, there was no change between them. We
excluded this case in the BugsInPy dataset from our experiment.

Results. The tests selected by BabelRTS achieve a FDR of
99%, 100%, and 85% for Java, Python, and JavaScript respec-
tively using the standard patterns and actions available out of the
box in BabelRTS. Manual inspection of the missed faults helped
us determine that BabelRTS was unable to detect dependencies
created by external libraries rather than via the mechanisms
provided by the languages. Such dependencies happened in
two Java SUTs and four JavaScript SUTs out of the 44 SUTs.
Using the knowledge acquired during the manual inspection, we

C: set of tests selected when doing monoglot RTS on C++.
U JuPuUC

created custom patterns and actions to address the specific cases
for each SUT. After including the new patterns and actions, the
tests selected by BabelRTS achieved an FDR of 100% for all
the three datasets.

In 9 out of 11 cases, creating a new pattern while reusing
an existing action was sufficient. For example, some JavaScript
SUTs used the libraries proxyquire and mocks, to import
additional modules through a special syntax instead of the
usual JavaScript statements, which would have been matched
by the existing patterns. We created two new patterns to
handle these cases: proxyquire\s*\(\sx*'(.*?)' and load-
File\s*\ (.x?'\/(.+7?)"' respectively. The existing actions for
JavaScript import can handle these two new patterns.

In 2 out of 11 cases, it was necessary to create a cus-
tom action for the new pattern. The existing pattern only
handles require() and import() statements, which con-
tain paths. For the JavaScript subject Bower, we created a
new pattern, helpers\.command\s*\(\s*'(.+?)"' to handle
helpers.command() statements, which only contain command
names. Since the existing action expects a path to the file being
imported, we created a new action that expects a command
name and then returns a dependency to the corresponding file
containing the command definition. The new action returns
"lib/commands/’ + match + ’.js’.

We do not include the new patterns and actions in the base
implementation of BabelRTS because they are specific to the
SUTs they were created for (e.g., they assume a specific folder
structure, or the use of a specific library) but they are available
in the replication package to enable the replication of this ex-
periment. We are confident that the developers of an SUT would
be able to create such custom patterns and actions if needed, as
they have the knowledge of their own codebase.

F. Answers to Research Questions

RQ1: Based on the recall, precision, TSR, and TR, BabelRTS
is on par with the state-of-the-art tools.

RQ2: BabelRTS applies to monoglot SUTs written in lan-
guages where RTS approaches are not available and achieves an
average TSR of 0.86 across all the languages with a value of at
least 0.6 for each language. Additionally, BabelRTS achieves
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an average TR of 0.62 on the languages that it has been
tested on.

RQ3: BabelRTS can scale up to large polyglot codebases.
Moreover, the results demonstrate the need for polyglot RTS
approaches that consider the codebase as a whole and the de-
pendencies that exist between files of the same language and of
different languages.

RQ4: The tests selected by BabelRTS achieve 100% fault
detection in monoglot SUTs written in Java, Python, and
JavaScript when using custom patterns and actions. Without
custom patterns and actions, the selected tests achieve on aver-
age 95% fault detection on the same SUTs.

G. Threats to Validity

This subsection discusses the construct, internal, and external
threats to validity of the evaluation.

Construct. The precision and recall computed in experi-
ment 1 might be inaccurate because the other tools used to com-
pute the ground truth might themselves be unsafe or imprecise.
This is partly mitigated by repeating the experiment in multiple
languages so that multiple values of precision and recall are
collected and considered when discussing the performance of
BabelRTS. Moreover, we used both static and dynamic tools
that were developed by different people, some in research and
some in industry.

Internal. BabelRTS may have bugs affecting its safety and
precision. This was mitigated by writing a test suite with 100%
statement coverage of the BabelRTS implementation. Another
threat is that BabelRTS is not able to find all dynamic depen-
dencies by only performing static analysis. Most notably, in
Java it is possible to instantiate a class using reflection (i.e.,
Class.forName). We have investigated this possibility and we
found that, of the eleven Java SUTs that we used in the evalua-
tion, only two of them use this kind of dynamic dependencies.
Moreover, in those SUTs, the dynamic dependencies occurred
in only about 1% of the files. We believe that this issue does
not severely affect the usability of BabelRTS. Additionally,
Shi et al. [24] demonstrated that solving this issue would not
make the approach safer. Another threat relates to the com-
pleteness of the patterns and actions used for each language
and the combinations. We built the patterns for each language
by considering its standard definition, and for each construct
in the language, we determined whether it could lead to any
dependency between two code files. This method should be
adequate to ensure that the patterns cover all the relevant cases.
Based on our expertise with the languages, we are confident
for Java, JavaScript and Python, but for the other languages it
is possible that we have not considered all the corner cases.

External. The languages considered in the evaluation may
not be representative of the broader set of available languages.
The constructs found by BabelRTS in the considered languages
might be completely missing in others and so BabelRTS might
not work in the latter. This is partially mitigated by the number
of programming languages considered in the evaluation and by
their diversity in syntax, programming paradigms and building
systems.
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IV. RELATED WORK

There is extensive literature on RTS. This section describes
some works whose domain partially overlaps with that of Ba-
belRTS, including code- and model-based RTS tools, and tools
for static analysis that support multiple languages. This section
does not include works that are ML-based [38], because they
are not directly comparable with BabelRTS.

Monoglot RTS. Several code-based RTS tools exist, some
are static (e.g., STARTS [6], [7], Reks [39], Fine* [40]) and
some are dynamic (e.g., Ekstazi [10], Ekstazi# [11], Clover
[12] and HyRTS [13]). Some of these tools were used in our
evaluation, but none of them supports multiple languages. They
have to be rewritten to support a different language as happened
with Ekstazi [10] and its variant Ekstazi# [11], supporting Java
and C#, respectively. All these tools create a graph of dependen-
cies, either from the source code or by executing the code, but
none of them uses regular expressions like BabelRTS. Ekstazi
[10], HyRTS [13] and STARTS [6] use smart checksums for the
bytecode to identify changed files. On the other hand, BabelRTS
directly hashes the source files because it is also designed to
work with languages that do not support bytecode.

Other papers propose RTS tools for programming languages
also supported by BabelRTS. Fu et al. [34] propose an approach
to RTS for C++ projects that compile to LLVM IR and use
the Google Test framework. Rothermel and Harrold [1] propose
an approach for C that analyzes the control flow graph to find
statement-level change. Bozé and Téth [33] propose an RTS
approach for Erlang using impact analysis through call graph
generation via program slicing.

Polyglot RTS. Multi-language support or language indepen-
dence can be pursued by moving the analysis from code to
different information. SPIRITuS [41] and ReTEST [42] use
test coverage and failure history data, which are not always
available or computable. Briand et al. [43], Farooq et al. [44],
FLiRTS [8], MaRTS [9], and FLiRTS2 [26] propose approaches
based on either structural or behavioral models such as UML
class, sequence and activity diagrams. Their applicability is
constrained by the unavailability of the models and the difficulty
of automatically extracting models from code. Their results are
undermined by the coverage these abstractions provide over the
codebase.

Celik et al. [45] proposed a dynamic approach that works
at the operating system (OS) level to identify files outside
of the JVM (i.e., not class files) that have been loaded by a
particular test. Their approach can only find a test’s dependency
when the dependent file is loaded at run time. This can be
a problem when a language runtime loads all files at once
before the execution, or when all the code is compiled into a
single file that is loaded once. Furthermore, their approach is
inextricably bound to the OS because it is designed as a loadable
Linux kernel module that captures Linux system calls to detect
file dependencies. To switch to a different OS would require
coping with different system calls and to use different tools to
capture them.

Elsner et al. [17] proposed a hybrid approach (i.e., both static
and dynamic) for Java and C/C++, which uses a combination
of system call monitoring (made with dtrace) and JVM class
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loading monitoring to derive the graph of dependencies, as well
as static analysis on the C++ code to determine the relation-
ship between source files and DLLs. The first limitation of
this approach is that dtrace cannot tell apart files within an
archive, such as jars and DLLs. Therefore, any dependency
will be to the archive itself and not to the actual source files
used to generate the archive. The second limitation is that
the test traces and DLL-to-source mappings (i.e., the graph of
dependencies) are computed in a separate pipeline that runs
the entire codebase. The problem is that the entire codebase
has to be run each time to compute the dependency graph,
which prevents saving any time, or do this every once in a
while (they did it once a day) and risk having an outdated
graph. The third limitation of this approach is that the JVM class
loading monitoring is obviously only available for languages
that run on the JVM. This is important because their approach
is specifically designed for a project whose main language is
Java and the RTS is done on the Java test suite. If the project’s
main language was anything other than Java, then the entire
approach would have to be redesigned. Both these approaches
are tied to the environment for which they were designed and
cannot be easily generalized. Adapting these two approaches to
new OS and new languages would require extensive rewriting
of their implementation, because different languages have dif-
ferent language features, interpreters, virtual machines, and file
loading mechanisms. Elsner et al. [32] proposes BinaryRTS a
refinement of their previous approach focusing more on dealing
with cross-language links to compiled C++ binaries. BinaryRTS
relies on dynamic binary instrumentation made by an external
tool (DynamoRIO) to get an execution trace of the tests and
ctags to get to the C++ function definition. It has been tested
on C++ but it should work with any native compiled language
even if to configure ctags to go back to a different language has
still to be demonstrated. BinaryRTS implements a trace enabled
dynamic approach that leverages on native code instrumentation
that seems difficult to have it working on a different languages.

Multilingual Static Analysis. Shatnawi et al. [46] discuss
five key challenges for multilingual static analysis and list a
set of requirements to address them. They propose a solu-
tion for server side Java applications combined with client
side web-dialects (e.g., JSP, and JSF). Lyons et al. [22] pro-
pose the multi-lingual software analysis architecture, which is
lightweight and modular. It focuses on generating call graphs,
both intra-language and inter-language. It supports only C/C++,
JavaScript and Python and it is limited in the dependen-
cies it can find (only import statements) in comparison with
BabelRTS.

V. CONCLUSION AND FUTURE WORK

This paper introduces a static approach to RTS named Ba-
belRTS, which is multilingual (i.e., supports multiple languages
out of the box), polyglot (i.e., can analyze multiple languages at
the same time) and extensible (i.e., support for new languages
and language combinations can be added).

BabelRTS is compared to three state-of-the-art RTS tools on
SUTs written in Java, Python, and JavaScript, and it is further

IEEE TRANSACTIONS ON SOFTWARE ENGINEERING, VOL. 51, NO. 5, MAY 2025

evaluated on 156 SUTs written in other 11 languages and their
combinations. In total, the evaluation includes 186 SUTs, 8,500
revisions, over 4 million source files and more than 2.3 billion
LOC. Our investigation demonstrates the need for polyglot RTS
approach because monoglot RTS was shown to be unsafe on
polyglot SUTs.

In the future, we will add smart checksums to increase the
TSR. We are also considering how to exploit the ideas behind
RTScheck [47] to demonstrate the quality of the achieved re-
duction when no tool exists for comparison.
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