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Abstract—As software systems evolve, large test suites in-
creasingly delay developer feedback in Continuous Integration
and Delivery (CI/CD). Test Case Selection and Prioritization
(TCSP) mitigates this issue, and recent evidence shows that
simple heuristics, such as prioritizing recently failed or fast-
running tests, often outperform sophisticated machine learning
(ML) approaches, which incur high training costs and suffer
from distribution shift. However, these simple heuristics remain
rigid and fail to leverage the rich historical data generated
continuously by CI/CD pipelines. This paper introduces DANTE,
a data-driven, yet training-free framework that evolves simple
TCSP heuristics into a data-driven selection and prioritization
strategy. DANTE processes historical signals through a proba-
bilistic stickiness metric that automatically adapts to project-
specific failure and fixing patterns, eliminating the need for
manual tuning. This history-aware logic is complemented by a
lightweight, commit-aware component that captures the relevance
between code changes and test artifacts. We evaluated DANTE
on the Long-Running Test Suite (LRTS) dataset, focusing on the
Java projects, which constitute the vast majority in LRTS (9 out
of 10 in total) and comprise more than 21,000 CI builds with
multi-hour test suites. The results show that DANTE consistently
outperforms state-of-the-art cost-history cognizant heuristics and
ML baselines in both test selection and prioritization, while
remaining robust to flaky tests.

Index Terms—test case selection, test case prioritization, soft-
ware testing, continuous integration, CI/CD

I. INTRODUCTION

Any software system deemed useful continuously evolves
[1], and modern systems even do it daily [2]. As the code
grows, so do its accompanying test suites. Large projects now
execute thousands of test cases spread across unit, integration,
and end-to-end levels [3], using Continuous Integration and
Delivery (CI/CD) pipelines [4], [5]. However, running the
entire test suite for each build could take hours, stalling
developer feedback, and increasing compute costs [6]. Indeed,
long builds have been found to be a bad practice in CI/CD and
must therefore be avoided/limited [4], [7]. Therefore, a more
selective testing strategy is essential to keep up with rapid
evolution while retaining confidence in code quality [8].

A growing body of research efforts tackles this problem
with Test Case Selection and Prioritization (TCSP) techniques
[8], [9], [10]. Such approaches, for each new build, choose
a subset of test cases likely to uncover faults introduced by
the latest changes and execute them in an order that surfaces
failures as early as possible. When applied in large industrial
settings, TCSP can reduce testing cost without sacrificing
defect detection [6]. Previous work on TCSP spans a spectrum
of strategies. Early studies rely on heuristics, e.g., prioritizing

tests with short execution times or that failed in the most recent
builds [11], [6]. Other methods select tests relevant to the files
or functions touched by the commit [12], [10]. Recent work
frames TCSP as a learning task using supervised models to
estimate fault likelihoods or reinforcement-learning agents to
minimize testing cost under time budgets [13], [14].

Despite such advances, TCSP remains a challenging task
with important gaps. Many advanced [15], [16], [17] TCSP
techniques rely on fine-grained coverage data, deep static anal-
ysis, or heavy machine learning pipelines. These techniques
scale poorly when the suite contains tens of thousands of
tests, and each test run may last hours [18]. Feature extrac-
tion, model retraining, and data collection quickly become
bottlenecks when the tight turnaround expected in modern
CI/CD is required. Moreover, much of the available empirical
evidence comes from small or synthetic benchmarks whose
execution times are measured in minutes [19]. Another chal-
lenge occurring when executing tests is in their flakiness:
some tests pass on one run and fail on the next, even
when the code is unchanged. Flakiness arises from sources
such as concurrency, external resources, and non-deterministic
assertions [20]. If TCSP techniques over-prioritize flaky tests,
they might produce useless information for developers, who
have to waste time chasing non-reproducible faults. Cheng et
al. [18] took a step toward realism by assembling the Long
Running Test Suite (LRTS) dataset and re-evaluating a broad
range of TCSP methods on more than 21,000 CI builds. Their
study shows that when test suites take hours to run and failures
are both rare and flaky, simple heuristics-such as prioritizing
recently failed and fast-running tests-can detect as many faults
as relevance- or learning-based methods, but with significantly
less overhead. These findings expose a gap in the literature:
solutions that effectively exploit richer information than past
failures or execution times, yet remain fast enough for highly
frequent builds and industrial-scale software projects [21].

In this work, we propose DANTE (Data-driven Prioritization
and Selection), a novel TCSP approach that explicitly targets
this gap. DANTE is designed as a data-driven, training-free
approach that preserves the scalability of heuristic-based TCSP
while exploiting the rich historical information accumulated in
modern CI pipelines. Rather than replacing existing heuristics
with heavyweight learning models, DANTE systematically
evolves them into a data-driven decision mechanism grounded
in observed execution behavior.

The core of DANTE is a probabilistic interpretation of test
execution history. Instead of treating past failures as binary



or frequency-based signals, DANTE models the persistence of
test failures over time through a notion of stickiness, which
captures how strongly a test remains associated with failures
across consecutive builds. This signal is computed using
statistically grounded estimators based on Wilson confidence
intervals, allowing DANTE to automatically adapt to project-
specific bug-fixing cycles and failure patterns without manual
thresholds or offline training phases.

To complement historical information, DANTE incorporates
change awareness by relating code changes to test artifacts
through textual similarity. This commit-aware component al-
lows DANTE to prioritize tests that are both historically
informative and contextually relevant to the current change,
while avoiding expensive static analysis or coverage instru-
mentation [19]. Importantly, all signals used by DANTE are
readily available in standard CI/CD environments. In contrast
to learning-based approaches, DANTE continuously adapts its
selection and prioritization decisions as new builds become
available, without requiring any retraining step.

We evaluated DANTE through an extensive empirical as-
sessment on the LRTS dataset, focusing on nine large-scale
open-source Java projects with test suites whose execution
time spans several hours (we did not consider a single project
in LRTS to maintain uniformity across the analyzed program-
ming language). Our evaluation assesses both test case se-
lection and prioritization effectiveness using standard metrics
and compares DANTE against a comprehensive set of state-
of-the-art baselines, including cost-history-aware heuristics
and learning-based TCSP techniques, along with their cost-
cognizant variants. Following recent best practices, we also
explicitly account for confounding factors such as flaky and
frequently failing tests. The results show that DANTE consis-
tently improves fault detection effectiveness while maintaining
robustness and scalability in realistic settings.

The remainder of this paper is organized as follows. Sec-
tion II provides a background on the relevant literature on
TCSP. Section III presents DANTE. Then, Section IV describes
the empirical evaluation design, Section V presents its results,
and Section VI discusses the threats to its validity. Section VII
concludes the paper.

II. RELATED WORK

TCSP aims to reduce regression testing costs. Selection
focuses on executing only relevant tests (e.g., those that test
the code affected by recent changes), while prioritization sorts
tests by likelihood of failure so that faults are discovered as
early as possible. Such techniques are often used in CI/CD
pipelines to reduce unnecessary executions and ensure that
the most valuable tests are run first [8], [22], [23].

Research in this area has explored a spectrum of strategies,
ranging from lightweight heuristics to sophisticated learning
algorithms. History-based techniques—e.g., Elsner et al. [24],
Najafi et al. [25], and Paterson et al. [26]—rank test cases
using past results, typically giving higher priority to tests
that have failed in recent builds or have been skipped for
many cycles. In contrast, Information-Retrieval (IR) methods

treat the modified code as a query, and each test or its
related artifacts as a document, then order tests according to
lexical or semantic similarity. Representations for IR methods
range from bag-of-words models—e.g., Bafna et al. [27] and
Roberson et al. [28]—to neural code embeddings that capture
deeper semantics, see for instance, Saha et al. [29], Magalhães
et al. [30], and Yang et al. [31].

Time-based methods prioritize test execution time. Some
treat it as a tight budget: given a fixed window, they schedule
tests to expose faults as soon as possible. For example, Walcott
et al. [32] and Hou et al. [33] frame this as an optimization
problem that maximizes fault detection under a time cap.
Others fold cost directly into the ranking itself: for example,
Peng et al. [34] scales the IR similarity by each test’s past
execution time, so that quick and failure-prone cases are run
first. Chen et al. [35] proposes a framework that learns from a
project’s coverage and time profile the prioritization strategy
that produces the best cost-benefit trade-off and automatically
selects it for each build.

Several TCSP techniques that utilize machine learning (ML)
have been proposed [36]. Specifically, supervised models
estimate failure probabilities based on features such as code
complexity and historical outcomes, and then rank test cases
accordingly. Jahan et al. [37] show how neural network-based
approaches outperform traditional ML classifiers in multiple
projects. Learning-to-rank approaches extend this idea by di-
rectly optimizing the test execution order rather than predicting
binary outcomes [10]. Unsupervised methods (e.g., cluster-
ing) aim to increase diversity by identifying test cases that
cover different functionality [38]. Other efforts have explored
learning-to-rank and reinforcement learning formulations of
TCSP. Learning-to-rank approaches directly optimize test case
execution order by learning relative preferences rather than ab-
solute failure probabilities [10]. Reinforcement learning tech-
niques, instead, model TCSP as a sequential decision-making
problem, where an agent iteratively selects tests to maximize
long-term rewards under time or cost constraints [14].

Selection and prioritization should also consider test flak-
iness: the test outcome is not deterministic and may fail
regardless of the applied code change. Li et al. [39] presents
a method to systematically produce specific test sequences,
prioritizing the orders most likely to reveal these unstable
behaviors. Similarly, Rahman et al. [40] focuses on diagnosing
these flaky tests once they are found.

Overall, existing TCSP approaches either rely on
lightweight but rigid heuristic rules or adopt learning-
based techniques that introduce training overhead and are
sensitive to distribution shifts [18], leaving a gap for methods
that can adapt to evolving CI/CD environments while
remaining lightweight and robust to noisy signals.

III. DANTE

DANTE is a data-driven framework for TCSP, whose pecu-
liar characteristics make it very suitable for CI/CD environ-
ments and the presence of long-running test suites.
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Fig. 1. DANTE overview.

Figure 1 provides an overview of our approach. Starting
from the CI/CD history and the current build diff, DANTE
computes two complementary signals: a history score, de-
rived from failures observed in previous builds, and a rel-
evance score, capturing the relationship between the latest
code changes and test artifacts. These signals are combined
into a Final Value (FV) score, which is used to rank tests;
finally, DANTE greedily selects the top-ranked tests until the
cumulative execution time reaches the given budget.

The history score (detailed in Section III-A) leverages
execution history to estimate how informative each test is
with respect to failure discovery. However, raw failure counts
or simple recency rules are often insufficient in practice,
as projects differ substantially in how quickly failures are
resolved and in how frequently non-deterministic flaky failures
occur. For this reason, DANTE models historical failure risk
through a notion of failure stickiness, which captures the
persistence of failures in consecutive builds and automatically
adapts to project-specific fixing behaviors. The relevance score
(detailed in Section III-B)incorporates lightweight change
awareness by measuring the textual similarity between the
code modified in the current build and test artifacts, so that
tests that are historically informative but unrelated to the
current change are de-prioritized.
Guiding principles. The definition of DANTE has been guided
by a preliminary empirical analysis of the LRTS dataset.1 In
practice, we quantified (i) the reliability and decay of historical
failure signals over time, (ii) cross-project variability in failure
handling and persistence, and (iii) the temporal stability of
failure-prone code areas across build windows, using build-
ordered CI logs and package-level failure traces. The analysis
highlighted key characteristics of real-world CI/CD environ-
ments that directly motivate the architectural choices we made.

First, there exists no single signal capable of precisely
predicting test failures. Historical failure information, commit-

1Due to space constraints, the full analysis is omitted; data are available in
the replication package (folder preliminary_analysis).

text textual relevance, and execution patterns are all weak and
noisy predictors: historical signals suffer from temporal decay
and flakiness, while change-based relevance can both under-
and over-estimate the actual impact of a commit. Second,
different projects exhibit substantial heterogeneity in how
failures are handled and resolved. The lifetime of failing tests,
the speed of bug fixing, and the persistence of failure patterns
vary widely across repositories. Third, failure-prone areas of a
codebase are highly volatile over time: components that fail in
one period are often different from those failing in subsequent
builds. This non-stationarity undermines approaches based on
global historical aggregates and supports the need for commit-
aware signals that continuously realign test prioritization with
the current evolution of the system.

As a consequence, lightweight heuristics struggle to cope
with uncertainty, heterogeneity, and temporal volatility be-
cause they rely on fixed rules and static aggregations, while
learning-based approaches attempt to address these aspects
through trained models but remain sensitive to build-to-build
distribution drift, thus requiring continuous retraining, and of-
ten degrade when faced with noisy and rapidly evolving CI/CD
signals [18]. Instead, DANTE addresses these challenges by
combining multiple weak signals in a lightweight, training-
free framework that adapts automatically to project-specific
dynamics while remaining robust to noise and distribution drift
in CI/CD environments.
Terminology. Before explaining the details of our approach,
we introduce some key terms to avoid ambiguities. A project
is a software development project associated with a repository
managed by a version control system (e.g., git). A project’s
codebase includes modules, classes, and test classes, each
of which includes one or more test cases, and has a test
class execution time. A change is any addition, deletion, or
modification to a code file compared to its previous version.
A build is an executable project release and is defined as the
set of code files needed to run the software, along with the
corresponding test cases. The current build (CB) is the last



one generated. Given a current build, a corresponding look-
back window is defined as a set of those previous builds
that immediately precede it. The size of a specific look-back
window is defined in terms of the number of builds it contains
(look-back windows are a modeling stratagem we adopt to
study the past of a current build).

A failing test class reveals a fault in the build. Since a test
class typically includes multiple test cases, similarly to Cheng
et al. [18], we define a test class as failing if at least one
of its test cases fails. A flaky test class passes or fails non-
deterministically when applied to the same (version of) code.
Stickiness is the tendency of a test class to fail again in future
builds if it has failed in recent builds.

A. Learning from historical data

The effectiveness of a test class varies throughout the
development process. Its tendency to fail, and therefore to
discover failures, can be a strong indicator of its importance,
but this can vary over time. For instance, if a test class had
failed multiple times in the past but not recently, we can argue
that it is less important for the current build than a test class
that has failed frequently recently.

DANTE analyzes a corpus of previous builds to characterize
the history of test class failures, thus deriving predictive signals
about their potential importance. For each test class TCi we
compute:

HistoryScorei = THFRi︸ ︷︷ ︸
long-term

+ StickyScorei︸ ︷︷ ︸
short-term

(1)

where THFRi =
#fails of TCi

#executions of TCi
captures the total

historical failure rate over the entire build history, and
StickyScorei is formalized in the following and measures how
likely TCi is to fail again after a recent failure.

Let Wn be the look-back window containing the n builds
immediately preceding the current build CB. We denote the
event “TCi fails in build b.” as fail(TCi, b). The StickyScorei
depends on p̂n(TCi), i.e., the estimated conditional probability
that a failure for TCi occurs in CB given at least one failure
in Wn. More formally:

p̂n(TCi) = P̂
(
fail(TCi,CB) | ∃ b∈Wn : fail(TCi, b)

)
Intuitively, a high p̂n means that the test class is sticky: given
that it has failed in any of the last n builds, it is more likely
to fail in CB compared to a randomly selected test in CB.

To compute StickyScorei, we compute p̂n(TCi) for a set W
of look-back windows of various sizes (i.e., different values
of n). Moreover, we estimate the confidence associated with
this probability, which quantifies the statistical reliability of
p̂n(TCi) as:

Confidencen(TCi) = 1− (Un(TCi)− Ln(TCi))

where Un and Ln are the upper and lower bounds of the
Wilson confidence interval at 95% of p̂n. A value near 1
indicates a narrow confidence interval and, consequently, a
high reliability.

Then, for each test class TCi, we consider all the look-back
windows Wsticky ⊆ W where the precondition of p̂n holds.
Then, the stickiness score (StickyScorei) is calculated as the
mean of the failure probabilities, pondered by their confidence:

StickyScorei =

∑
Wn∈Wsticky

p̂n(TCi) · Confidencen(TCi)∑
Wn∈Wsticky

Confidencen(TCi)
(2)

This model considers all significant look-back window
signals, giving more weight to the most statistically reliable
ones. It does not discard information; rather, it weighs it based
on its credibility.

An important element in the StickyScore calculation is
the definition of the set W that requires a preliminary
project-specific analysis step. We vary n and assess the stabil-
ity and aggregate predictive power of p̂n across the entire test
suite. Such analysis considers Confidencen(TCi) (as defined
above) and Lift metric defined as:

Liftn(TCi) =
p̂n(TCi)

P (Fail)baseline

where P (Fail)baseline represents the overall, unconditional
probability that any given test class is a failing one, across
the entire historical dataset. For example, if a test class has
a Liftn of 5.0, it has a failure probability in the look-back
window of size n that is five times higher than a random
test class. As such, Lift indicates the predictive power of the
computed p̂n(TCi).

Intuitively, enlarging the look-back window increases Con-
fidence but lowers Lift because it averages over more observa-
tions (reducing variance) while mixing in older, less predictive
failures that dilute the signal. We therefore choose W by
qualitatively inspecting these trends and selecting window
sizes that balance reliability with predictive power. Based on
our analysis of the nine projects presented in Section IV, we
determined that, most of the time, a set of small to medium
windows, such as W{1, . . . , 10}, provides the best trade-off.
This data-driven selection process ensures that StickyScorei is
built on robust and reliable signals.

B. Relevance through Information Retrieval

While historical data provide a strong, context-free signal of
test importance, effective regression testing must also account
for the specific code changes introduced in the current build.
To this end, DANTE estimates the relevance of each test case to
the current Git diff by framing the problem as an Information
Retrieval task, where code changes act as the query and test
cases as the documents to be ranked.
Cleaning and tokenization. The process begins with two
primary inputs: i) the current build (CB), which contains the
entire test suite, and the Git Diff, which represents the code
changes between the current and previous builds.

The raw Git Diff is first split into distinct chunks, each
corresponding to the changes within a single file. In this phase
a filtering process is applied to discard modifications to non-
executable or configuration files (such as .xml, .json, and



.md), ensuring that the analysis focuses only on meaningful
source code changes.

The source code of the test classes and the different chunks
of the Git Diff are normalized by removing comments, anno-
tations, and other non-semantic structures, including common
keywords (e.g., if and while). The code is then tokenized
with a split-and-expand strategy, which deconstructs the iden-
tifiers (e.g., ‘MyClassName‘ → ‘my‘, ‘class‘, ‘name‘) to create
a richer vocabulary. To achieve this, we developed simple
tokenizers tailored to Java and Scala (the two languages used
in the projects evaluated in Section IV) and subsequently
implemented a generic fallback option for all other languages.
This step produces two intermediate artifacts: the Tokenized
Test Classes (TCs) and the Tokenized Changes for File (C4F).
Sparse Information Retrieval. We rely on pre-existing IR
techniques to compute a relevance score between every To-
kenized TC and every Tokenized C4F. We experimented
with both dense and sparse IR techniques, including Code-
BERT [41], TF-IDF [27], and Okapi BM25 [28]. In our set-
ting, dense retrieval based on CodeBERT embeddings proved
ineffective, as the resulting similarity scores lacked sufficient
discriminative power for ranking test cases. This behavior is
likely due to the fact that pre-trained code models capture
general syntactic and semantic similarities across code arti-
facts, rather than the fine-grained execution-level relationships
required for test-to-change relevance.

In contrast, sparse retrieval methods based on bag-of-
words representations produced more informative relevance
distributions, with a clear separation between highly relevant
and irrelevant tests. TF-IDF and BM25 achieved comparable
performance; following prior evidence on long-running CI/CD
pipelines [18], and for simplicity and efficiency, we adopt TF-
IDF with cosine similarity in our experiments.

The IR process produces a relevance vector for each test
case TCi, R⃗i = [Reli,1, Reli,2, . . . , Reli,F ], where F is the
number of modified files and Reli,j ∈ [0, 1], for j ∈ [1, F ].

From R⃗i, we derive the aggregated RelevanceScorei by
adopting the maximum relevance as our primary signal:

RelevanceScorei = max
f∈ChangedFiles

(Reli,f ) (3)

where ChangedFiles is the set of all modified files. This choice
is motivated by the intuition that a test case is more valuable if
it is highly specialized and maximally relevant to at least one
specific code change. Therefore, RelevanceScorei represents
the maximum relevance of a test for the current modifications.

C. TCSP Heuristic

Once the historical and relevance scores have been com-
puted, DANTE combines them into a unified prioritization sig-
nal. To ensure the two signals are comparable, DANTE first ap-
plies Min–Max normalization to both scores within the current
build, obtaining HistoryScorenormi and RelevanceScorenormi .
The unified value score for each test case TCi is defined as:

Vi = HistoryScorenormi + RelevanceScorenormi (4)

Still, a high value score alone is insufficient for practical
TCSP, as it does not account for the execution cost. A valuable
but extremely long-running test might consume the entire
budget, preventing the execution of many other potentially
useful tests. Following the empirical findings of Cheng et
al. [18] (Finding 10), which show that cost-history cognizant
formulations are particularly effective for long-running CI/CD
test suites, we incorporate execution cost and failure count
into the final prioritization metric. Specifically, we compute
the Final Value score as:

FVi =
Vi · fi
ti

(5)

where fi denotes the number of observed failures of test case
TCi within the considered look-back window, and ti is its
execution time.

Test cases are ordered (prioritized) in decreasing FVi, favor-
ing tests that combine high estimated value, frequent failures,
and low execution cost. Tests are then selected sequentially
from the top of this list and added to the final suite until
the cumulative execution time reaches the predefined time
budget, Tmax. This greedy strategy yields a practical and
efficient approximation of high-value test subsets under a time
constraint.

D. Complexity Analysis

From a computational perspective, DANTE is designed to
remain lightweight and compatible with the execution cadence
of modern CI/CD pipelines. The computation of the historical
score scales linearly with the number N of test cases, as it
relies on aggregated execution outcomes extracted from CI/CD
logs. Thus, the complexity is O(N). The relevance score is
computed through a lightweight IR process whose cost is
proportional to the size of the code changes in the current
build, yielding a complexity of O(∆), where ∆ denotes the
number of modified files. This is achieved through caching,
which avoids reprocessing unchanged test artifacts and source
files across consecutive builds. Test prioritization requires
sorting test cases by their FVi score, incurring a complexity
of O(N logN) for a test suite of size N , while budget-aware
selection is performed greedily in linear time. Overall, the end-
to-end complexity of DANTE is O(∆+N logN) and remains
comparable to that of simpler heuristics, making DANTE
suitable for large-scale, long-running CI/CD environments.

IV. EVALUATION DESIGN

This section provides the definition and design of DANTE’s
evaluation, which aims to answer the following research
questions:

• RQ1: How does DANTE compare to state-of-the-art ap-
proaches in terms of test case prioritization effectiveness?

• RQ2: How does DANTE compare to state-of-the-art ap-
proaches in terms of test case selection under time budget
constraints?

• RQ3: How does test flakiness affect the performance of
DANTE and competing techniques?



TABLE I
ANALYZED PROJECTS FROM THE LRTS DATASET [18].

Project SLOC #Build #TC #TCFLK µF µT

activemq 669 K 207 676 3 3 4.36
hadoop 4 M 1 299 829 46 6 5.57
hbase 1 M 278 1 061 51 2 9.28
hive 2 M 2 056 1 273 91 9 26.12
jackrabbit oak 694 K 860 1 897 9 12 3.27
james 793 K 2 404 1 864 0 6 2.15
kafka 905 K 11 843 1 232 85 4 7.59
karaf 186 K 620 205 1 2 0.58
log4j 2 277 K 270 641 5 3 0.25

RQ1 evaluates the effectiveness of DANTE in test case
prioritization, analyzing whether it can rank test cases so as to
detect failures earlier than state-of-the-art baselines, according
to widely used prioritization metrics. RQ2 investigates the
effectiveness of DANTE in test case selection under time
budget constraints, assessing whether the selected subsets
achieve better fault detection than competing approaches when
only a portion of the test suite can be executed. RQ3 examines
the robustness of DANTE to test flakiness, analyzing how non-
deterministic test failures affect its ability to detect genuine
faults compared to other techniques.

All experiments were executed on a machine equipped with
a 13th Gen Intel(R) Core(TM) i7-1355U processor and 16GB
DDR4 RAM.

A. Study Context: Datasets and Baselines

Datasets. To evaluate DANTE, we leverage the LRTS dataset
recently published by Cheng et al. [18]. LRTS aggregates
21,255 Jenkins CI/CD builds and 57,437 test suite runs drawn
from ten large Apache projects developed between 2020 and
2023; each test suite run takes roughly 6.5 hours on average.
Importantly, LRTS is, to the best of our knowledge, the
most comprehensive and realistic public benchmark currently
available for TCSP in long-running CI/CD settings, as it cap-
tures both the scale (thousands of builds) and the operational
constraints (multi-hour suites) faced by real pipelines. For
methodological consistency and to avoid confounding factors
due to language- and tooling-specific test infrastructures, we
restrict the analysis to the nine projects (out of ten) whose
primary language is Java. Some Java projects (in particular
kafka) have some Scala components, the DANTE’s tokenizer
is also able to work on such a language, which is, therefore,
also covered. The subset of Java projects covers 95% of the
builds in LRTS, spans a diverse set of mature, industrially
relevant systems, and provides enough cross-project variability
to assess robustness beyond a single repository.

The selected projects span messaging systems (activemq),
bigdata platforms (hadoop, hbase, hive), infrastructure li-
braries (jackrabbit oak, kafka, karaf, log4j 2) and a mail server
(james). The code bases range from 186K to 4M SLOC,
and their CI/CD histories include a few hundred to almost
12000 builds. Table I summarizes the key characteristics of the
projects considered. For each project, column SLOC shows
the total amount of source code lines, column #Build the

total amount of builds available in the dataset, column #TC
the total amount of test classes within the project, column
#TCFLK the amount of flaky test classes within the project,
column µF the average amount of failed test classes per build,
and µT the average total time in hours to execute the full
test suite. The figures reported in Table I show that even the
smallest project (karaf ) includes more than 200 test classes
per build, while large systems such as kafka contain more
than a thousand. The failure density is low (typically two to
nine failing classes per build), and the widespread variation in
execution times, from 15 minutes to 26 hours, motivates the
need for precise selection and prioritization.
Baseline approaches. We compared DANTE against the best
TCSP techniques identified in the literature according to the
empirical findings of Cheng et al. [18]. In their large-scale
study on the LRTS dataset, Cheng et al. show that augmenting
classical heuristics with execution cost and historical infor-
mation significantly improves performance in long-running
CI/CD pipelines. In particular, they distinguish between cost-
cognizant (CC) variants, which incorporate execution time
into the prioritization logic, and cost-history-cognizant (CCH)
variants, which jointly account for execution cost and historical
failure information. Following Cheng et al.’s findings, for each
baseline, we adopt the most comprehensive variant reported in
their study. The considered baselines are:

• LatestFailCCH [42]: a history-based heuristic that pri-
oritizes test cases according to their last failure time,
extended with a cost-history-cognizant formulation.

• MostFailCC [6]: a history-based heuristic that ranks tests
according to their cumulative number of past failures,
using a cost-cognizant variant.

• QTF-Last [35], [24]: a cost-cognizant heuristic that pri-
oritizes tests based on their most recent execution time.

• QTF-Avg [35], [24]: a cost-cognizant heuristic that ranks
tests according to their average execution time.

• LTRCCH [43]: the best-performing learning-based ap-
proach identified by Cheng et al., which leverages gra-
dient boosting and all available features using a cost-
history-cognizant formulation.

• Random: a baseline that selects test cases uniformly at
random, providing a lower bound for comparison.

In our experiments, we rely on the implementations and
parameter settings provided by the original authors or by
the replication package of Cheng et al. [18]. For LTRCCH ,
we leverage the build history included in the benchmark
in [18] to perform model training. However, we observed
that in the associated replication package the training and test
splits are not always strictly ordered chronologically, which
may introduce look-ahead bias when learning from historical
data. To mitigate this issue, we enforce a strict chronological
ordering of builds during training. Moreover, to evaluate the
method under ideal conditions, we retrain the model for
each considered current build while preserving the original
75/25 train–test split. In practice, to keep execution costs and
time under control, retraining would occur less frequently;



therefore, our results should be interpreted as an upper bound
on the method’s effectiveness.

B. Study Methodology

Evaluation metrics. We evaluate the approaches with metrics
aligned with our research questions.

To address RQ1 (test case prioritization effectiveness), we
use APFDc [44] (higher is better), a cost-aware extension of
APFD [36] that accounts for test execution time:

APFDc = 1 −

m∑
i=1

Ci

m · Ctot
+

1

2Ctot

where m is the number of test failures in the build, Ctot is
the total cost (execution time) to run the whole test suite,
and Ci =

∑ki

j=1 cj is the cumulative cost up to the first test
exposing failure i (with cj the cost of test case TCj and ki
its position in the ordered suite).

To address RQ2 (test case selection effectiveness), we use
%DTC (higher is better), i.e., test recall [6], which evaluates
selection quality independently of execution order. The metric
is defined as follows:

%DTC = 100 · DTC

TF

with DTC the number of detected failures within the executed
test case subset and TF the total number of failures in the full
test suite for the build.

We also report SAPFDc [45], which accounts for incom-
plete failure detection by scaling APFDc by the proportion
of detected failures:

SAPFDc = %DTC ·APFDc

To complement fault-detection metrics in RQ2, we re-
port a qualitative metric called Structural Diversity Score
(SDS). SDS is a static proxy for the architectural breadth
of the selected test case subset, avoiding the overhead of
collecting dynamic code coverage. Given a selected subset
S = {t1, . . . , tk} and a function Pkg(t) that extracts the test
package (namespace prefix), we define:

SDS(S) =
|{Pkg(t) | t ∈ S}|

|S|

SDS ranges in (0, 1]: values close to 1 indicate that selected
tests span many distinct packages, whereas lower values
indicate concentration within fewer packages. We use pack-
ages (treating packages and subpackages as distinct) as a
lightweight structural unit, under the assumption that, in large
systems, namespace boundaries typically reflect developers’
modular decomposition and thus provide a reasonable proxy
for covering different functional components. SDS can be
interpreted as follows: high values suggest a more exploratory
selection that spreads the budget across modules, while low
values indicate stronger exploitation (concentration) on a lim-
ited set of modules. SDS is reported as a heatmap, showing
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Fig. 2. APFDc distribution boxplots by technique.

TABLE II
RQ1: WILCOXON PAIRWISE SIGNED-RANK TEST COMPARISON FOR
APFDc AGGREGATED OVER ALL PROJECTS (padj < 0.001 IN ALL

CASES).

Approach 1 Approach 2 Eff Magn

DANTE LatestFailCCH 0.65 L
DANTE LTRCCH 0.30 M
DANTE MostFailCC 0.30 M
DANTE QTF-Avg 0.49 M
DANTE QTF-Last 0.40 M
DANTE Random 0.79 L

the SDS achieved by the different approaches on the studied
projects.

Finally, to address RQ3 (robustness to test flakiness), we
use %DTCFLK (higher is better):

%DTCFLK = 100 · DTC −DTCFLK

TF

where DTCFLK is the number of detected flaky test cases [6].
A higher value indicates that fewer detected failures are due
to flaky behavior, yielding more reliable feedback about the
current build.
Statistical Procedures. We perform statistical analyses in
R [46] with significance level α = 0.05. Since the same builds
are evaluated by multiple techniques, our data consist of paired
observations; therefore, we adopt non-parametric tests.

For each comparison scenario, we first apply Friedman’s
test [47] (friedman_test in rstatix [48]) as an omnibus
test to assess whether at least one technique differs from
the others. When the test is significant, we run a post
hoc analysis using pairwise Wilcoxon signed-rank tests [49]
(pairwise_wilcox_test in rstatix [48]), with Holm
correction [50] to control for multiple comparisons. We also
report Wilcoxon effect sizes (S: small; M: medium; L: large)
to quantify the magnitude of the observed differences.

We apply this procedure to both the aggregated dataset and
each individual project. Depending on the analysis, observa-
tions are paired by build only, or by build and budget level
when a time budget constraint is involved.

V. EVALUATION RESULTS

In the following, we present and discuss the results obtained
while addressing the research questions posed.



TABLE III
WILCOXON PAIRWISE SIGNED-RANK TEST COMPARISON OF APPROACHES BY PROJECT: EFFECT SIZES FOR SIGNIFICANT DIFFERENCES (N/S WHEN

NONSIGNIFICANT)

Approach1 Approach2 activemq hadoop hbase hive jackrabbit-oak james kafka karaf log4j

APFDc effect size across projects

DANTE LatestFailCCH 0.49 (M) 0.49 (M) 0.47 (M) 0.86 (L) 0.82 (L) 0.78 (L) 0.81 (L) n/s 0.58 (L)
DANTE LTRCCH n/s n/s n/s n/s 0.42 (M) n/s 0.65 (L) n/s n/s
DANTE MostFailCC n/s n/s 0.47 (M) n/s n/s 0.42 (M) n/s 0.44 (M) 0.57 (L)
DANTE QTF-Avg 0.42 (M) n/s 0.40 (M) 0.63 (L) 0.73 (L) n/s 0.87 (L) 0.43 (M) n/s
DANTE QTF-Last n/s n/s 0.62 (L) n/s 0.47 (M) n/s 0.87 (L) 0.40 (M) 0.58 (L)
DANTE Random 0.63 (L) 0.74 (L) 0.74 (L) 0.87 (L) 0.86 (L) 0.76 (L) 0.87 (L) 0.70 (L) 0.83 (L)

%DTC effect size across projects by budget

DANTE LatestFailCCH 0.26 (S) 0.32 (M) 0.34 (M) 0.80 (L) 0.39 (M) 0.51 (L) 0.44 (M) n/s 0.27 (S)
DANTE LTRCCH 0.27 (S) n/s 0.27 (S) n/s 0.46 (M) n/s 0.45 (M) 0.14 (S) 0.33 (M)
DANTE MostFailCC 0.30 (M) n/s 0.53 (L) n/s n/s 0.47 (M) 0.25 (S) 0.26 (S) 0.33 (M)
DANTE QTF-Avg 0.51 (L) 0.56 (L) 0.34 (M) 0.65 (L) 0.70 (L) 0.41 (M) 0.85 (L) 0.34 (M) 0.59 (L)
DANTE QTF-Last 0.44 (M) 0.47 (M) 0.47 (M) 0.41 (M) 0.58 (L) n/s 0.86 (L) 0.44 (M) 0.72 (L)
DANTE Random 0.72 (L) 0.77 (L) 0.71 (L) 0.86 (L) 0.86 (L) 0.82 (L) 0.85 (L) 0.59 (L) 0.86 (L)

SAPFDc effect size by budget

DANTE LatestFailCCH 0.74 (L) 0.62 (L) 0.47 (M) 0.81 (L) 0.84 (L) 0.71 (L) 0.69 (L) 0.42 (M) 0.83 (L)
DANTE LTRCCH 0.40 (M) n/s 0.26 (S) n/s 0.39 (M) n/s 0.49 (M) 0.36 (M) 0.13 (S)
DANTE MostFailCC 0.60 (L) 0.36 (M) 0.51 (L) 0.25 (S) 0.38 (M) 0.69 (L) 0.59 (L) 0.54 (L) 0.73 (L)
DANTE QTF-Avg 0.54 (L) 0.61 (L) 0.31 (M) 0.70 (L) 0.72 (L) 0.48 (M) 0.86 (L) 0.62 (L) 0.83 (L)
DANTE QTF-Last 0.79 (L) 0.72 (L) 0.78 (L) 0.74 (L) 0.86 (L) 0.82 (L) 0.86 (L) 0.63 (L) 0.84 (L)
DANTE Random 0.78 (L) 0.79 (L) 0.73 (L) 0.86 (L) 0.86 (L) 0.83 (L) 0.86 (L) 0.63 (L) 0.86 (L)

A. RQ1: Prioritization Effectiveness

To answer the first research question, we evaluated the
approaches’ ability to order the entire test suite to discover
failures as early as possible using the APFDc metric. Fig. 2
shows the box-plots for APFDc. DANTE stands above the
other approaches, with a median APFDc = 0.87, followed by
MostFailCC and LTRCCH (0.82 and 0.8, respectively). The re-
maining heuristics form a second tier: LatestFailCCH reaches
a median around 0.77, while time-based baselines (QTF-Last
and QTF-Avg) are lower (0.74 and 0.69, respectively), and
Random provides the expected lowest reference point (median
0.50). Beyond medians, DANTE also shows a visibly right-
shifted distribution, indicating that its improvements are not
driven by a small number of favorable builds, but occur across
a broad portion of the build population. The statistical analysis
in Table II confirms such differences. At an aggregate level,
DANTE emerges as the most effective strategy. It significantly
outperforms all traditional heuristics, including the strongest
competitor, MostFailCC (Eff = 0.30, medium effect size). This
is a relevant comparison because MostFailCC already captures
a strong signal in long-running suites (tests that historically
fail more often), but lacks the additional structure exploited
by DANTE. A critical comparison is with the ML baseline,
LTRCCH . DANTE obtains a statistically significant improve-
ment, again with a medium effect size (Eff = 0.30). Such
empirical results lead to a noticeable finding: DANTE, while
training-free, not only matches but surpasses the performance
of a learning-to-rank regressor trained on historical data. The
detailed project-level analysis, presented in the top part of
Table III, offers further insights. Although the difference
between DANTE and LTRCCH is not statistically significant

in many projects, DANTE shows a decisive advantage in
complex, large-scale environments. In particular, in kafka,
DANTE outperforms LTRCCH with a large effect size (Eff
= 0.65 and in jackrabbit-oak with a medium effect size (Eff
= 0.42). This pattern is consistent with the intuition that
learned models can be sensitive to build-to-build distribution
shifts and to the volatility of failure signals, while DANTE
relies on lightweight signals that remain available and stable
across the entire project history.

RQ1 Summary: DANTE outperforms state-of-the-art
cost-cognizant heuristics in prioritization. Importantly, it
matches or exceeds the performance of ML baselines
(LTR), particularly in large-scale projects, without requir-
ing training.

B. RQ2: Selection Effectiveness under Budgets

We compare DANTE with the baseline approaches in terms
of test selection quality under time budgets. We analyze three
complementary aspects: (i) the ability to include failing tests
in the selected subset (%DTC), (ii) the quality of the ordering
within the selected subset (SAPFDc), and (iii) the structural
diversity of the selected subset (SDS). We tested each approach
under budgets corresponding to 2%, 5%, 10%, 15%, 20%, and
30% of the test suite’s total execution time.
Fault detection under constraints (%DTC). At an aggregate
level (Table IV, top block), DANTE significantly outperforms
all baselines (padj < 0.001 in all pairwise comparisons). The
effect sizes indicate that the closest competitors for recall are
the history- and learning-based techniques (LatestFailCCH :
Eff= 0.38 (M), MostFailCC : Eff= 0.27 (S), LTRCCH : Eff=



TABLE IV
RQ2: WILCOXON PAIRWISE COMPARISON AGGREGATED OVER ALL

PROJECTS (padj < 0.001 IN ALL CASES).

Approach 1 Approach 2 Eff Magn

%DTC effect size (Recall)

DANTE LatestFailCCH 0.38 M
DANTE LTRCCH 0.20 S
DANTE MostFailCC 0.27 S
DANTE QTF-Avg 0.56 L
DANTE QTF-Last 0.49 M
DANTE Random 0.80 L

SAPFDc effect size (Selection Order)

DANTE LatestFailCCH 0.69 L
DANTE LTRCCH 0.22 S
DANTE MostFailCC 0.51 L
DANTE QTF-Avg 0.64 L
DANTE QTF-Last 0.80 L
DANTE Random 0.81 L

0.20 (S)), while the gap widens against time-based approaches
(QTF-Avg: Eff= 0.56 (L), QTF-Last: Eff= 0.49 (M)) and
Random (Eff= 0.80 (L)). This is consistent with long-running
suites: in projects where the average suite runtime is high,
a small number of wasted selections quickly dominates the
available budget, making failure-oriented signals more valu-
able than purely cost-driven ones.

The project-level results (Table III, %DTC block) indicate
that the advantage is generally consistent across heteroge-
neous repositories. In particular, the margin against time-
based baselines is pronounced for repositories with a long CI
history (e.g., kafka, 11,843 builds, and james, 2,404 builds),
where DANTE yields large effects vs QTF-Avg (kafka: 0.85
(L), james: 0.41 (M)) and vs QTF-Last (kafka: 0.86 (L)).
If compared with the strongest learning baseline, DANTE is
significantly better in multiple projects (e.g., jackrabbit oak:
0.46 (M), kafka: 0.45 (M), log4j 2: 0.33 (M)) and statistically
indistinguishable in other cases (n/s), indicating that training is
not necessary to obtain strong selection quality under budgets.
Ordering within the selected subset (SAPFDc). When
considering the execution order within the selected bud-
get (Table IV, bottom block), DANTE emerges even more
clearly from the baselines. It achieves a large effect size
against all non-ML techniques (LatestFailCCH : Eff= 0.69
(L), MostFailCC : Eff= 0.51 (L), QTF-Avg: Eff= 0.64 (L),
QTF-Last: Eff= 0.80 (L), Random: Eff= 0.81 (L)), and still
improves over LTRCCH (Eff= 0.22 (S)). The project-level
analysis (Table III, SAPFDc block) confirms that these gains
are not limited to a single repository: for example, DANTE
shows medium effects over LTRCCH in projects with large
test suites (kafka: 0.49 (M), 1,232 tests; jackrabbit oak: 0.39
(M), 1,897 tests), where ordering within a tight budget is
particularly important.
Structural diversity (SDS). SDS (Fig. 3) complements the
fault-detection results by characterizing how, across the nine
studied projects, the different approaches allocate the budget
across the package structure. Random provides a reference

Fig. 3. Structural Diversity Score heatmap.

that reflects the intrinsic structure of each project, which
differs substantially across projects (e.g., karaf has only 205
tests, while jackrabbit oak and james exceed 1,800). Time-
based strategies consistently yield the lowest SDS, indicating
concentration on a small set of fast-running packages. In
contrast, DANTE avoids this structural concentration while
remaining guided by change relevance and historical metrics.
This behavior is particularly important in projects where
failures are not rare (e.g., µF = 12 in jackrabbit oak and
µF = 9 in hive), because concentrating the budget on a narrow
region increases the chance of missing regressions outside
frequent and known hotspots.

RQ2 Summary: Under realistic time budgets, DANTE
selects more failure-revealing tests and orders them earlier
than the best baselines, including the learning-based tech-
nique, while avoiding the structural concentration typical
of time-based strategies.

C. RQ3: Effect of Flakiness

RQ3 investigates whether DANTE can prioritize non-flaky
failure-finding tests. This is critical in long-running CI/CD
pipelines, where a single flaky test can repeatedly consume
a large fraction of the available budget while providing little
actionable value to developers.

We quantify robustness to flakiness through %DTCFLK ,
which counts only non-flaky detected failures. Table V reports
the statistical comparison aggregated over all projects. The
results show that DANTE is consistently more robust than
all baseline strategies (padj < 0.001 for all comparisons).
In particular, DANTE achieves large effect sizes against the
strongest history-driven baselines, LatestFailCCH (Eff= 0.84,
large) and MostFailCC (Eff= 0.75, large), indicating that it
is substantially better at avoiding failure signals that are not
stable regressions.

This distinction matters because history-driven methods are
naturally biased toward tests with frequent recent failures, re-
gardless of whether those failures are persistent or intermittent.



TABLE V
RQ3: WILCOXON SIGNED RANK TEST COMPARISON FOR %DTCFLK

(padj < 0.001 IN ALL CASES).

Approach 1 Approach 2 Eff Magn

DANTE LatestFailCCH 0.84 L
DANTE LTRCCH 0.75 L
DANTE MostFailCC 0.75 L
DANTE QTF-Avg 0.80 L
DANTE QTF-Last 0.46 M
DANTE Random 0.87 L

When flakiness is present, this bias can lead to spending the
budget on tests that fail repeatedly but inconsistently, which
does not help developers isolate regressions introduced by the
latest change. DANTE mitigates this issue by grounding its
historical signal in persistence: the probabilistic stickiness no-
tion rewards failures that remain consistent across consecutive
builds and attenuates failures that appear as isolated events.
As a result, DANTE is less likely to select flaky tests and is
more likely to prioritize tests whose failures are stable enough
to be actionable.

The advantage of DANTE is also large against QTF-Avg
(Eff= 0.80) and the Random baseline (Eff= 0.87). The gap
narrows for QTF-Last (Eff= 0.46, medium). A plausible ex-
planation is that time-based strategies, by selecting many short
tests, can partially dilute the impact of individual long-running
flaky tests under a fixed budget. However, this robustness is
incidental: the approach does not explicitly distinguish flaky
from non-flaky signals and therefore cannot systematically
prefer stable failures when flaky tests are numerous.

In particular, DANTE also outperforms the learning-based
baseline LTRCCH with a large effect (Eff= 0.75). This result
suggests that in this long-running CI/CD setting, explicitly
modeling persistence may be at least as important as learning
complex decision boundaries from heterogeneous features.

These results clearly show that DANTE does not over-
prioritize noisy tests: instead, it improves fault-finding effec-
tiveness while increasing the proportion of detected stable
failures, thus better isolating actionable regressions in the
presence of flaky behavior.

RQ3 Summary: DANTE selects substantially more non-
flaky failure-finding tests than all baselines, including the
learning-based approach, showing strong robustness to
flaky behavior and better isolation of actionable regres-
sions.

VI. THREATS TO VALIDITY

In the following, we highlight some threats that can restrict
the validity of the results obtained [51].

Threats to internal validity concern factors internal to the
study that could influence our results. These may be related
to the choice of particular budget levels considered. Although
we experimented with different budget levels, it is possible
that trends could change beyond the maximum budget (30%)

considered. However, a budget too high would defeat the
purpose of test selection. Other threats could depend on the
specific settings used for DANTE and its competitors (Section
IV). The settings used for DANTE may not be optimal, but
we showed how DANTE generally outperforms the baselines
anyway. As explained in Section IV-A, we mitigated errors
arising from the implementation of baseline approaches by
leveraging the replication packages from the original papers.

Threats to external validity concern the generalizability of
our findings. Our evaluation is limited to nine large-scale
projects written in Java and Scala from the LRTS dataset
introduced by Cheng et al. [18]. Although these projects
represent realistic long-running CI environments, more studies
are needed to assess the applicability of our results to other
programming languages and ecosystems. For comparison, we
selected the strongest baselines identified by Cheng et al. [18],
together with a Random baseline, to ensure a fair and well-
established experimental setting.

Threats to construct validity concern whether our metrics
capture the intended notions of effectiveness. The metrics used
to evaluate DANTE and its competitors are widely adopted in
TCSP research [18], [36], [45], [44], [6]. Regarding SDS, its
interpretability depends on the assumption that test packages
reflect the modular decomposition of the system; If tests are
organized in ways that do not align with the application
components, SDS can underestimate the actual diversity of
the selected subset.

In this study, threats to conclusion validity primarily concern
the statistical support for our findings. Throughout all research
questions, we leveraged a suitable statistical procedure to
pairwise compare multiple distributions.

VII. CONCLUSIONS

This paper presented DANTE, a data-driven training-free
framework for test case selection and prioritization tailored to
long-running test suites in CI/CD pipelines. By evolving sim-
ple cost-cognizant heuristics with statistically grounded his-
torical modeling and lightweight commit awareness, DANTE
bridges the gap between rigid heuristics and heavyweight
learning-based techniques. An extensive evaluation on large-
scale CI/CD data shows that DANTE consistently improves
the effectiveness of test selection and prioritization while
remaining scalable and robust in realistic industrial settings.

DATA AVAILABILITY AND REPLICATION PACKAGE

The replication package (implementation, analysis scripts,
and results) is available at doi.org/10.5281/zenodo.18031888.
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