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Abstract

Context. Machine Learning is increasingly embedded in critical software systems, making their quality assurance a matter of
growing concern. While the research community has proposed several techniques for testing ML-enabled systems, there is limited
empirical evidence on whether these techniques are adopted in practice or align with developers’ testing workflows. Objective.
This paper presents a two-step empirical investigation aimed at characterizing the current landscape of ML testing in real-world
development. Our goal is to understand how developers approach testing, whether proposed techniques are adopted, and what barri-
ers hinder their implementation. Methods. We designed a mixed-method study that triangulates insights from two complementary
sources: (1) a mining study of 398 open-source repositories to analyze implemented testing strategies and tool usage; and (2) a
survey of 100 practitioners to capture perceptions, motivations, and practical challenges. Results. Our findings reveal that devel-
opers rely heavily on foundational strategies like Smoke Testing and Rule-Based Checking, implemented through custom testing
logic built on general-purpose libraries (e.g., PyTest, NumPY). Conversely, we identified a critical adoption gap in specialized tools
and advanced techniques such as Metamorphic Testing, which are rarely implemented despite their academic prominence. Our
survey indicates that this gap is driven by practical barriers, including high integration costs and a poor fit with existing developer
workflows. Conclusion. These findings suggest that future research and tooling must prioritize usability, integration, and a clearer
alignment with the pragmatic needs of developers.

Keywords: Testing ML-Enabled Systems; Empirical Software Engineering; Software Quality Assurance; Software Engineering

for Artificial Intelligence.

1. Introduction

Machine Learning (ML) is reshaping the software industry,
powering applications across domains such as healthcare, fi-
nance, autonomous systems, and creative industries [1-3]. With
the increasing integration of ML components into software sys-
tems, ensuring their reliability, robustness, and ethical sound-
ness has become a pressing concern [4]. Indeed, these systems
are no longer peripheral, but central to decision-making pro-
cesses and critical infrastructures, making their quality assur-
ance a matter of societal importance [5].

Among the various quality assurance activities designed to
verify and validate the correctness, security, and fairness of
ML-enabled systems, software testing remains one of the most
essential practices [6]. Traditionally, software testing involves
executing a system under controlled conditions to detect faults
and ensure that its behavior aligns with expected outcomes [7].
However, in the context of ML, testing practices need to ac-
count for the unique characteristics of learning algorithms, such
as the stochastic nature of model predictions, the strong de-
pendency on data quality and distribution, and the frequent ab-
sence of well-defined test oracles [8]. These issues are further
compounded by the nature of many models (e.g., Deep Neural
Networks) and the high cost of generating realistic and repro-
ducible test scenarios [4]. To address these challenges, the soft-

ware engineering research community has proposed a variety
of methods and techniques to (semi-)automatically verify the
behavior and reliability of ML-enabled components. These in-
clude, for instance, traditional functional testing of model APIs
[9, 10], adversarial testing to evaluate robustness against input
perturbations [11-13], metamorphic testing to address the or-
acle problem [14—17], and neuron coverage analysis to exam-
ine internal model behavior [18-21]. Collectively, these ap-
proaches aim to go beyond traditional performance evaluation
and provide more systematic guarantees about model behavior.

To illustrate the practical challenges motivating this work,
consider a developer building an image classification system. A
common validation strategy consists of training the model and
evaluating its performance on a held-out validation set, for in-
stance by measuring accuracy. If the model achieves a satisfac-
tory score, it is typically considered acceptable for deployment.
While this form of validation is widely adopted and useful to
estimate generalization performance, it does not systematically
verify important behavioral properties of the model. For in-
stance, it does not assess whether predictions remain stable un-
der semantically equivalent transformations of the input (e.g.,
changes in brightness or rotation), nor whether the model is ro-
bust to perturbations that may lead to incorrect predictions.

To address these limitations, the research community has
proposed complementary testing techniques. Metamorphic



Testing verifies whether a system behaves consistently under
predefined input transformations; in the context of image clas-
sification, this involves generating transformed versions of an
image and checking whether the predicted label remains un-
changed. In contrast, Adversarial Testing evaluates robustness
against intentionally crafted perturbations, often imperceptible
to humans, that are designed to cause misclassifications. These
approaches aim to complement traditional validation by en-
abling a more systematic exploration of model behavior.

Despite this growing body of research, it remains unclear to
what extent such techniques are actually adopted in real-world
development. In practice, developers may continue to rely
primarily on performance-based validation and simple testing
strategies, potentially overlooking more systematic approaches
proposed in the literature. Without such empirical insights, it
is difficult to determine whether current research directions ef-
fectively address real-world needs or whether existing solutions
are practical to integrate into ML development pipelines.

As such, gaining this understanding is essential to ensure that
research efforts align with the realities of development prac-
tice and address actual needs and limitations encountered in the
field. This may indeed inform researchers seeking to ground
their contributions in real-world needs and tool developers aim-
ing to create usable and effective solutions.

© Objective of the Study. This study aims to empir-
ically understand how ML testing is implemented and
perceived in practice, with the goal of contrasting real-
world adoption patterns against established state-of-the-
art concepts, identifying factors that may support the
broader adoption of ML testing techniques.

To address this gap, we present a two-step empirical inves-
tigation [22] that characterizes the current landscape of ML
testing in practice. Our study aims to explore the prevalence
of specific testing practices across implementations and devel-
oper perceptions; the adoption and perception of testing tools;
and the limitations or barriers that hinder the effective testing
of ML systems. We design a mixed-method methodology that
triangulates insights from complementary data sources: (1) a
mining study of open-source repositories to examine testing be-
haviors in real-world ML projects; and (2) a survey targeting
practitioners involved in ML development and testing to cap-
ture perceptions, motivations, and experiences.

Our findings reveal a hierarchy of ML testing practices. De-
velopers primarily rely on pragmatic approaches such as Smoke
Testing and Rule-Based Checking, typically implemented with
custom solutions that leverage general-purpose libraries such
as PyTest and NumPy. In contrast, advanced techniques from
academia such as Metamorphic Testing are rarely adopted,
largely due to inadequate tooling. Practitioners perceive spe-
cialized tools as poorly aligned with their workflows and too
costly to integrate, leading them to favor custom solutions in-
stead. We conclude by summarizing these insights and outlin-
ing future research directions to improve ML testing practices.

To sum up, this paper provides the following contributions:

1. An empirical investigation into ML testing in practice,
spanning real-world implementations (via a mining study)
and practitioners’ perception (via a survey);

2. Empirically grounded observations that highlight the dis-
tinction between academic proposals and real-world test-
ing needs, offering considerations for further research on
more practical and adoptable ML testing solutions;

3. A publicly available replication package [23] including all
materials to support transparency, reproducibility, and fu-
ture research on ML testing practices.

Structure of the paper. Section 2 reviews the literature re-
lated to ML testing. Section 3 presents the research questions
that guide our investigation, while Section 4 details the design
of our two-phase empirical methodology. Section 5 reports the
findings from the mining study and the survey. Section 6 in-
terprets the results, reflecting on their implications for research
and practice. Section 7 discusses threats to validity. Finally,
Section 8 summarizes the contributions and outlines directions
for future work.

2. Related Work

To contextualize our study within the broader research on
ML software testing, we first outline the challenges of testing
ML-enabled systems and summarize the main technical solu-
tions proposed in the literature. We then report the most recent
empirical studies on ML testing practices, identify their limita-
tions, and motivate our study.

2.1. Challenges and Approaches to ML Testing

Software testing is a fundamental discipline that ensures the
quality, reliability, and correctness of software systems [24].
The emergence of ML-based systems, however, has challenged
many of the assumptions underlying traditional testing prac-
tices, often rendering established techniques inadequate or in-
sufficient [4, 24-26].

In this context, the literature studies proposed by Zhang et
al. [4], and Riccio et al. [8] have become influential reference
points for understanding this evolving research area. Both re-
views characterize ML testing, providing a foundational under-
standing of techniques, tools, and challenges discussed by the
research community.

The core challenge in testing ML-based systems lies in the
development paradigm. Traditional software systems are typi-
cally deterministic and deductive: given an input, they produce
a predictable output based on rules explicitly programmed by
developers. In contrast, ML systems derive their behavior in-
ductively by generalizing patterns from data [4, 25]. These sys-
tems approximate functions or decision boundaries by optimiz-
ing over training examples. As a result, their behavior is shaped
by statistical correlations, noise, and biases in the data, rather
than by explicitly defined rules. This data-driven and proba-
bilistic nature makes their outputs inherently less predictable,



especially for inputs not well represented in the training dis-
tribution. One of the most cited consequences is the test or-
acle problem [4, 26]. In traditional systems, the oracle, i.e.,
the mechanism for determining whether an output is correct, is
usually unambiguous. In ML systems, defining a correct ora-
cle becomes difficult, as the output can be subjective or lack a
single right answer [24].

Beyond the oracle issue, ML testing faces additional chal-
lenges. Non-determinism in training procedures, caused by
randomness in initialization, data sampling, or hardware execu-
tion, can lead to different models being learned from the same
data and code, complicating reproducibility and regression test-
ing [27]. Data quality and representativeness also play a criti-
cal role: subtle shifts in the data distribution can degrade per-
formance, necessitating testing that accounts for a wide range
of inputs, including edge and out-of-distribution cases [28].
Moreover, model evolution through continuous retraining in-
troduces a moving target, making it difficult to define a sta-
ble testing baseline [29]. Finally, ML systems often involve
complex pipelines with multiple data transformations, pre- and
post-processing steps, and third-party libraries, which increase
the surface for faults and require holistic, system-level testing
strategies [30].

The growing awareness of the unique challenges posed by
ML testing has led to increased research activity, as docu-
mented in recent surveys and literature reviews [4, 8, 31]. From
the analysis of these works, several established research areas
emerge to address the specific issues of ML testing. One of
the most widely studied approaches is metamorphic testing [4],
which addresses the test oracle problem by verifying whether a
system’s outputs behave consistently under defined input trans-
formations, known as metamorphic relations. Instead of check-
ing correctness directly, it checks that specific changes to the
input lead to predictable (or invariant) changes in the output.
For example, if the brightness of an image is altered, an object
classifier should still recognize the same object. Frameworks
such as AMsTERDAM and CorDUROY automate the generation and
evaluation of metamorphic relations [4, 8].

Another area of interest is robustness testing, particularly
through the generation of adversarial examples [32]. These
inputs introduce subtle, often imperceptible perturbations de-
signed to mislead models into making incorrect predictions,
and are supported by libraries such as the ApVERsARIAL Ro-
BUSTNESs TooLBox (ART) [4]. While adversarial techniques
focus on precision-crafted attacks, complementary approaches
like fuzzing (e.g., TeEnsorFuzz, DEepHUNTER) and symbolic ex-
ecution (e.g., DEepCoNcoLIC) aim to systematically explore a
broader input space, exposing edge cases and vulnerabilities
through guided or random input generation [4].

To address the limited observability of internal model behav-
ior, research has also introduced structural coverage criteria for
Deep Learning models, such as neuron coverage [18], which
tracks which parts of a neural network are activated by test in-
puts. Tools like DEepGauGE extend classical testing concepts
to deep learning by enabling finer-grained assessment of test
completeness [4]. Finally, emerging research has begun to ex-
plore alternative approaches to ML testing techniques. These

include the use of formal methods to verify model properties
such as fairness or safety [33, 34], mutation testing adapted
to neural networks to evaluate test suite effectiveness by in-
jecting faults into models [35, 36], and runtime monitoring
approaches that observe model behavior during execution to
detect anomalies or distributional shifts [37, 38]. Addition-
ally, some research efforts focus on embedding testing into
MLOps pipelines, leveraging continuous integration/continu-
ous deployment infrastructure to perform automated model val-
idation during development cycles [39].

Our work contributes to the research areas by providing em-
pirical evidence of how the ML testing techniques proposed
are applied in real-world projects, grounding current research
in practice. Additionally, we seek to expand the understanding
of ML testing by uncovering additional practices and strategies
that existing academic classifications may not fully capture.

2.2. Empirical Studies on ML Testing in Practice and Position-
ing of Our Work

Recognizing the gap between academic theory and indus-
trial reality, recent research has begun to investigate ML testing
practices empirically from different angles.

One line of research focuses on capturing the practitioners’
perspective through surveys and interviews. Li et al. [40] sur-
veyed 87 practitioners to uncover industrial concerns and good
practices. Their findings highlight major challenges in test data
collection, test execution, and result analysis, revealing a sig-
nificant disconnect between the problems industry faces and
the solutions proposed by academic research. Similarly, Song
et al. [41] conducted an interactive rapid review with practi-
tioners at Axis Communications, identifying key challenges in
data testing and highlighting the need for context-specific solu-
tions in industrial settings. A complementary line of research
analyzes source code artifacts to understand the practices im-
plemented. Openja et al. [42] performed an in-depth manual
analysis of test files from 11 open-source projects. Using open
coding, they derived the first empirically grounded taxonomy
of ML testing strategies and properties, finding a predominance
of grey-box and white-box techniques. Other studies have fo-
cused on more specific aspects, such as the adoption of MLOps
and best practices [39, 43, 44].

While existing studies have begun to explore how ML test-
ing is approached in practice, they focus on specific aspects and
lack a comprehensive understanding of broader adoption. For
example, Li et al. [40] investigated practitioners’ experiences
through interviews and surveys, but their study does not exam-
ine in detail the specific barriers that may hinder the adoption
of testing techniques. Similarly, Openja et al. [42] conducted
an in-depth manual analysis of a small number of open-source
projects. Yet, the limited sample size and qualitative scope
make it challenging to assess the prevalence of these practices.

Our work provides a broader and more integrated view of
ML testing practices. By combining two complementary meth-
ods, i.e., a mining and a survey study, we aim to capture dif-
ferent dimensions of the phenomenon. The former examines
what developers actually implement across hundreds of repos-
itories, whereas the latter captures practitioners’ perceptions,



motivations, and practical challenges. This enables us to con-
struct a more comprehensive understanding of how ML testing
is applied and experienced in practice, complementing and ex-
tending prior research with a broader evidence base.

3. Research Objectives and Research Method Overview

The goal of this study is to understand how ML testing is per-
formed in practice, with the purpose of identifying both emerg-
ing strategies in real-world development and gaps that may hin-
der their adoption. The perspective is that of both researchers
and practitioners. The former aim to understand current ML
testing practices, with the ultimate objective of grounding fu-
ture research contributions in empirical evidence. The latter
seek actionable insights into practical tools and prevailing chal-
lenges, aiming to improve the quality, reliability, and efficiency
of their testing processes in real-world development contexts.
We structured our study around three main research questions,
designed to capture what practitioners collectively do (imple-
mentation) and perceive (experience) regarding ML testing.

RQ;. What ML testing practices are prevalent across im-
plementations and developer perceptions?

This first research question allows us to map the state of
ML testing and categorize testing activities by scope (e.g., data,
model, system-level) and nature (e.g., unit, black-box), provid-
ing a structured understanding of what gets tested and at what
level compared to what practitioners claim to know. Given the
central role of tools in enabling or constraining testing prac-
tices, we then focused on the technological support around ML
testing, asking:

RQ>. Which ML testing tools are used in code and per-
ceived by practitioners?

Our second research question complements RQ; by pro-
viding a tooling perspective, highlighting which libraries and
frameworks are actually used in source code, rather than those
that practitioners are familiar with or prefer.

Finally, to fully assess the maturity and adoption of ML test-
ing practices, we examined the challenges that affect the uptake
and effectiveness of tools. Therefore, we asked:

RQj3;. What limitations and barriers emerge across imple-
mentations and perceptions of ML testing?

RQ; investigates whether technical constraints, observable
in code, align with the practical barriers reported by develop-
ers. This provides a critical lens for identifying where current
technical solutions and methodological proposals fail to meet
developers’ concrete needs.

From a methodological standpoint, we adopt a mixed-method
design [22] that combines qualitative and quantitative analyses
to triangulate insights from complementary data sources. As

shown in Figure 1, the study begins with a mining study [45]
that investigates the state of practice in open-source reposito-
ries. This phase focuses on identifying relevant test files, clas-
sifying testing strategies, and analyzing the adoption of specific
tools. We then complement the findings with a survey study [46]
targeting practitioners who develop and test ML-enabled sys-
tems. The survey captures perceptions, experiences, and self-
reported practices, reinforcing and contextualizing the findings
from the mining phase.

In terms of reporting, we follow the guidelines of Wohlin
et al. [47] for designing and describing empirical software en-
gineering studies. We also adhere to the principles of the
ACMY/SIGSOFT Empirical Standards,' specifically aligning
with the ‘Mixed-Methods Study’ standard.

4. Data Collection and Analysis

This section outlines the data collection and analysis methods
used in the study. The detailed analyses are available in our
online appendix [23].

4.1. Phase 1: Mining Study

This phase aims to build a large-scale, data-driven under-
standing of how ML testing is implemented in practice by an-
alyzing open-source repositories. We analyze test files and
project metadata to identify commonly used testing practices
(RQy), the tools and frameworks adopted (RQ>), and indirect
signs of underuse that may indicate practical challenges (RQ3).

4.1.1. Dataset Construction and Filtering

We leveraged MARK, a dataset recently proposed by De
Martino et al. [48]. This contains 3,257 GitHus projects classi-
fied into four categories: ‘ML Libraries & Toolkits’ (infrastruc-
ture and utilities for ML development), ‘ML-Model Consumers’
(projects using pre-trained models), ‘ML-Model Producers’
(projects training models from scratch), and ‘ML-Model Pro-
ducers & Consumers’ (projects that produce and integrate their
own models). We selected MARK because it is specifically cu-
rated to distinguish among different types of ML-related devel-
opment activities using fine-grained classification criteria. Ad-
ditionally, it provides a reliable, practical foundation for study-
ing ML testing practices as they naturally emerge in real-world
software development.

Our investigation focuses on projects where developers ac-
tively build and train models, as these are most likely to in-
volve model-centric testing. Consequently, we filtered the
MARK dataset to include only ‘ML-Model Producers’ and
‘ML-Model Producers & Consumers’, resulting in a subset of
1,852 projects. To ensure that the selected repositories were
relevant, active, and representative of mature and substantial
projects, we applied an additional filtering step using the cri-
teria proposed by Widyasari et al. [49], designed to systemati-
cally exclude inactive, toy, or non-substantive repositories. To

'ACM/SIGSOFT  Empirical ~ Standards:
acmsigsoft/EmpiricalStandards.

https://github.com/
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Figure 1: Overview of the two-phase mixed-method experimental design. Phase 1 (Mining) details the pipeline for identifying ML testing files, leveraging the
MARK dataset, heuristic filtering, and an LLM-based classification with self-refinement. Phase 2 (Survey) depicts the practitioner recruitment process, including
screening and data cleaning. The findings from both phases are triangulated to address the research questions.

this aim, we evaluated all 1, 852 repositories using the GrtHus
API. Each project was required to have at least 100 stars (as
a proxy for community interest), at least 100 commits (to en-
sure development depth), and at least one commit after May 1,
2020. This date was selected as a baseline to ensure that the
analyzed repositories were not abandoned projects, while still
preserving a sufficiently large pool of candidate repositories for
empirical analysis. This criterion does not imply that the se-
lected projects were created within the last five years, but rather
that they have been active at least once since May 2020. In
other words, our dataset may include projects that were orig-
inally created well before 2020, but that have remained ac-
tively maintained in recent years. We also excluded repositories
that were private or inaccessible at the time of analysis in June
2025. The decision to adopt validated filtering criteria rather
than introduce arbitrary thresholds maintains consistency with
established practices in prior empirical ML studies, ensuring
that the selected repositories represent mature, actively main-
tained projects. Moreover, the purpose of these thresholds is
not to restrict the dataset to recent projects, but rather to ex-
clude clearly abandoned repositories. Given that our analysis
focuses on current testing practices implemented in mature ML
projects, repositories that have remained active after 2020 still

provide meaningful insights into current development practices.
After this step, we retained 398 repositories: 226 ‘ML-Model
Producers’ and 172 ‘ML-Model Producers & Consumers’.

4.1.2. Heuristic-based Identification of Candidate ML Testing
Files

Given the large number of projects and the infeasibility of
manual inspection, we developed a heuristic to narrow the
search space and extract a relevant set of candidate files. Specif-
ically, for each file, we assigned a relevance score and later used
it as the basis for an additional filtering procedure. The process
involved the following steps:

Location- and Name-based Filtering. The first stage builds
an initial pool of candidate files by filtering based on typical
project structures and test naming conventions. A file is con-
sidered a candidate if located in test directories (e.g., tests,
validation) or matching naming patterns (e.g., test_x.py,
*_test.py).

Content-based Analysis. Candidate files were analyzed for
ML framework imports (TENSORFLow, PYTORCH, SCIKIT-LEARN),
testing constructs (pytest, unittest, assert), and evalua-
tion keywords (“accuracy”, “precision”, “loss”).



Relevance Scoring. The goal of this scoring system was to pri-
oritize files more likely to involve ML testing while filtering
out irrelevant ones without requiring a full manual inspection.
Each file received a score from 0 to 9, combining structural and
content-based indicators. Up to 3 points were assigned based
on structural heuristics: +1 point if the file was in a test-related
directory (e.g., tests/), +1 if it appeared in an ML-related di-
rectory (e.g., m1/), and +1 if its filename contained the term
‘test’. Up to 6 additional points were assigned based on file
content. Files received 1 point if they used a standard testing
framework (e.g., pytest). To capture model-specific testing
behavior, we further assigned up to 2 points for importing major
ML libraries (e.g., TexsorFLow, PyTorcH) and up to 3 points
for the presence of evaluation-related keywords (e.g., “accu-
racy”, “precision”). This weighting prioritizes content-based
evidence, which more reliably captures ML testing behavior
than structural patterns alone. This schema allowed us to ob-
tain a subset of 16,307 Python files with a non-zero score.

Refining for Precision and Recall. The relevance scoring
mechanism was designed to maximize recall by capturing a
broad set of Python files potentially related to ML testing.
However, structural and content-based heuristics can also
flag unrelated files, resulting in false positives. At the same
time, we acknowledge the possibility of false negatives, i.e.,
relevant files that may have been missed because they did not
follow common naming conventions, lacked typical directory
structures, or used unconventional terminology. To ensure
accuracy, we adopted a two-stage filtering strategy to further
balance recall and precision, thereby retaining truly relevant
files while minimizing noise in the final dataset. As such, we
first identified a recall-oriented threshold to the heuristic scores
to preserve as many true positives as possible; then, we refined
the candidate set using a high-precision LLM-based classifier.

To determine the threshold, we manually validated a statisti-
cally significant sample of 376 candidate files (95% confidence
level and 5% margin of error). The first two authors indepen-
dently classified each file, resolving any disagreements through
discussion. This process yielded a ground truth of 48 true ML
test files within the sample. We then evaluated the performance
of our heuristic at each score. The analysis shows that a thresh-
old of score > 4 yields a high recall of 8§7.5%, identifying 42
of the 48 true ML test files in our sample. While the precision
at this stage was modest (33.3%), this reflects an intentional
design choice driven by two factors: (1) the need to minimize
false negatives (avoiding the premature exclusion of relevant
test files), and (2) the necessity to provide the most comprehen-
sive candidate set possible to the subsequent, more precise (but
computationally expensive) LLM-based filtering step. Choos-
ing a higher threshold (e.g., score > 6) would have discarded
over a third of the relevant files, reducing recall to 62.5%. These
factors were relevant to ensure that potentially relevant ML test-
ing files were not discarded during the initial heuristic filter-
ing stage, as the subsequent LLM-based classification step was
specifically designed to refine the candidate set by removing
false positives. In this sense, prioritizing recall at this stage
therefore allowed us to preserve a broad set of candidates while

delegating precision improvements to the later, more accurate
classification phase. Applying the score > 4 threshold, we
retained 5, 429 candidate files for the next phase.

As for precision, we employed a state-of-the-art approach
based on LLMs, leveraging the SELF-REFINE technique in-
troduced by Madaan et al. [50], which iteratively refines LLM
classifications using self-generated feedback. This approach
allows the model to correct its own reasoning errors with-
out requiring supervised fine-tuning, and its effectiveness for
classification tasks in software engineering has been demon-
strated in recent literature [51]. We implemented this pro-
cess using gemini-2.5-flash-preview-05-20, for its cost-
effectiveness and ability to process full source files without
truncation. The process, illustrated with an example in Figure 2,
consists of three steps. We first prompted the model with the
full source code of each file. The system prompt was designed
using a combination of role-play prompting [52] and few-shot
learning [53]. We first assigned the model the persona of an ex-
pert in ML-model testing. Then, we provided a definition of an
ML-testing file and a set of canonical examples of both positive
(ML_TEST) and negative (NON_ML_TEST) cases. The model’s
task was to classify the file and provide its rationale in a struc-
tured JSON format. Then, this JSON classification was passed
back to the same LLM, which was again guided by a role-play
prompt to assume the persona of a meticulous reviewer. We
asked to discuss its previous output and either respond with
VALID if the classification was correct or provide concrete, ac-
tionable feedback for improvement. If feedback was generated,
it was used as input for another prompt, instructing the LLM to
produce a new, corrected JSON classification.

This loop was repeated up to three times or until the model
returned VALID in the feedback stage, indicating that the clas-
sification had stabilized. In the example shown in Figure 2,
the refined classification (d) was subsequently validated by the
model, terminating the process.

To evaluate the effectiveness of the self-refinement process, we
used a stratified sample of 126 files from our ground truth
dataset with a threshold > 4. This sample, which reflects
the actual distribution encountered during classification, in-
cluded 42 true positives and 84 true negatives. We then com-
pared the LLM final classifications against the manual anno-
tations. The classifier achieved an overall accuracy of 81.7%,
with a precision of 69.4% and a recall of 81.0% for the positive
class, yielding an Fl-score of 74.7%. Based on this perfor-
mance, we deemed the classifier sufficiently accurate and ap-
plied the self-refinement process to the 5,429 candidate files
identified in the previous step. While some false positives or
negatives may remain, the observed precision and recall pro-
vide strong confidence in the quality of the resulting dataset.
Therefore, we proceed under the methodological assumption
that the impact of residual noise is limited. Specifically, because
our subsequent analysis seeks to identify aggregated, high-level
trends across a large-scale dataset, the statistical impact of iso-
lated individual misclassifications is inherently mitigated. We
thus proceeded with the final set of 2,018 files classified as
ML_TEST, which we used for the final analysis phase.



(a) Source Code Snippet from test_relative_landmarking.py

import pytest
from pymfe.mfe import MFE

class TestRelativeLandmarking:
def test_ft_method_relative(self, ...):
X, y = load_xy(dt_id)
mfe = MFE(groups=[GNAME], ...)
mfe.fit(X.values, y.values, o)
_, vals = mfe.extract()
assert np.allclose(vals, exp_value)

(b) Initial Classification (INIT)

is_ml_test_file: false

extracted features, not a primary ML model’s behavior.

Rationale: Tests a metafeature extraction utility (MFE). While it may use simple learnable models internally, the test validates the

behavior) and asserts correctness, fitting the ML test definition.

(c) Self-Generated Feedback (FEEDBACK)

CONCRETE FEEDBACK: The previous classification incorrectly identified this as a non-ML test. The test exercises a component
(MFE with landmarking) that explicitly trains and uses internal ML models. It measures the outcome (metafeatures derived from model

is_ml_test_file: true

the derived features, fitting the ML test definition.

(d) Refined Classification (REFINE)

Rationale: Tests metafeature extraction using internal ML models (landmarking). It exercises these models and asserts the correctness of

Figure 2: An example of the SELF-REFINE classification process. The LLM initially misclassifies the file as a non-ML test (b), then generates feedback on its
own mistake (c), and uses it to produce the correct, refined classification (d). A subsequent feedback step on this refined classification yielded a “VALID” response,

terminating the iterative process.

4.1.3. Data Analysis

Upon selecting the final set of 2,018 files, we analyzed the
content and associated metadata to address our research ques-
tions. We combined a top-down semantic analysis to uncover
the high-level testing intent with a bottom-up structural analysis
of the code to identify concrete tool usage patterns.

To investigate the types of tests and their intent, we con-
ducted a qualitative analysis powered by LLM. For this com-
plex reasoning task, we selected gemini-2.5-pro model (ac-
cessed on 2025-08), a more powerful model than the one used
for the initial binary classification, which enabled a more in-
depth analysis. The choice of gemini-2.5-pro was mo-
tivated by both methodological and practical considerations.
First, Gemini supports a substantially larger context window
(up to 1M tokens) than other models (which typically support
128K-200K tokens), allowing us to process entire source files
without splitting them into smaller chunks. This point is partic-
ularly important for our task, because understanding and deter-
mining which ML-specific testing approach is implemented in a
file often requires reasoning over the full code context, whereas
chunking could have led to loss of context and inconsistent clas-
sifications. Second, from a practical standpoint, Google pro-
vides initial research credits for new accounts, which enabled us

to conduct the large-scale analysis cost-effectively while main-
taining reproducibility and consistency in model usage.

We configured the model with a temperature of 0.2 and a
top_p of 0.95 to balance creativity and determinism in struc-
tured generation tasks [54]. Each file was processed indepen-
dently to prevent context contamination. We configured the
model to generate a structured JSON output, enforcing a con-
sistent response format. The core of our method was a detailed
system prompt that instructed the LLM to act as a testing expert
and follow a strict analysis protocol. In particular, the model
was instructed to assign the most dominant testing strategy ob-
served in each file. The taxonomy of strategies was defined
in accordance with established academic literature. Specifi-
cally, we selected 15 testing methodologies as the basis for
our classification: Smoke, Metamorphic, Mutation, Black-box,
Data-box, White-box, Domain-specific Test Cases, Input, Fuzz,
Symbolic Execution, Data Linter, Adversarial Examples, Per-
turbed Model Validation, Rule-Based Checking, and Neuron
Coverage-based Testing. The selection began by reviewing the
academic literature on ML testing (e.g., [4, 8, 15]) to identify
commonly discussed techniques. Table 1 provides an overview
of the operational definitions adopted in our classification pro-
cess. To ensure coverage of practices not yet formally codi-



Table 1: Testing methodologies included in our study and their definition.

Definition

Testing Methodology

Smoke Testing A shallow and broad test to ensure that critical system components execute without crash-
ing and are minimally operational. It relies on sanity checks to confirm basic functionality
is available, rather than verifying implementation correctness.

Verifies the model by checking expected relationships (metamorphic relations) between
the outputs of multiple, transformed inputs. For instance, a slightly rotated image should
still be classified the same.

Metamorphic Testing

Mutation Testing Introduces small, artificial defects (mutants) into the model’s source code, architecture,
or training data to check if the test suite is effective enough to detect them. It primarily
serves as a test adequacy criterion.

Testing conducted without any knowledge of the model’s internal structure (architecture,
weights). Analysis is based solely on the input-output relationship.

An intermediate approach where the tester has access to inputs, outputs, and the train-
ing/test data, but not the internal model architecture. Allows for analysis of the influence
of the training data.

Testing that leverages knowledge of the model’s internal structure, such as its architecture,
weights, or gradients. Neuron Coverage is a prime example.

Black-box Testing

Data-box Testing

‘White-box Testing
Domain-specific Test Cases Creating tests based on expert knowledge of the application domain, targeting specific,
realistic scenarios or edge cases that are known to be challenging (e.g., testing an au-
tonomous vehicle with a rare traffic scenario).

Focuses on analyzing the properties and quality of the input data itself (e.g., training,
test sets) to identify issues like imbalance, distribution shifts, or corruption that could
compromise model performance.

Generates random or semi-random inputs (fuzzing) to find unexpected crashes, errors, or
security vulnerabilities in the model or its data processing pipeline.

Input Testing

Fuzz Testing

Symbolic Execution Uses symbolic variables as inputs instead of concrete data to explore multiple execution
paths simultaneously, aiming to verify properties or find inputs that satisfy specific con-
ditions formally.

Employs automated, rule-based checks to inspect datasets for common issues like incor-
rect encoding, outliers, data duplication, or schema mismatches, much like a code linter
checks source code.

Generates maliciously crafted inputs (adversarial examples), often with imperceptible
changes, designed to cause misclassifications, thereby testing its robustness.

Data Linter

Adversarial Testing
Perturbed Model Validation Tests model stability by injecting noise into the training data, retraining the model, and
observing how its performance and behavior change in response to the perturbation.
Verifies a system against predefined rules or quality criteria. This can involve compar-
ing outputs with a reference implementation (“golden master™) to ensure consistency, or
checking compliance with a checklist of readiness requirements (e.g.. reproducibility, ro-
bustness, feature usefulness).

A white-be that measures the percentage of neurons activated by a test suite,
to ensure that test inputs exercise a significant portion of the model’s internal logic.

Rule-Based Checking

Neuron Coverage-based Testing

fied in the literature, we included a fallback category (Other)
to capture emerging or unconventional testing approaches en-
countered in real-world code. This design choice reflects the
exploratory nature of our study, acknowledging that developers
may adopt novel strategies that evolve faster than academic tax-
onomies. It is important to emphasize that in our study, it was
necessary to assign a single dominant testing strategy to each
file to enable a large-scale quantitative analysis across repos-
itories. Because testing strategies may overlap, we adopted a
specificity-based classification rule, instructing the LLM to as-
sign the most specific label that reflects the developer’s test-
ing intent. For example, tests implementing metamorphic rela-
tions are classified as Metamorphic Testing, even though they
can also be interpreted as a form of black-box testing. This
approach allows us to explicitly capture specialized ML test-
ing techniques, which are central to our research questions. In
contrast, the Black-box Testing category is used only for tests
that verify system behavior through input—output observations
without exhibiting the characteristics of more specialized strate-
gies. In any case, it is worth remarking that this classification
choice does not materially affect the interpretation of our re-
sults. The purpose of the rule is only to decide how a test should
be labeled when multiple strategies could apply, not to change
which tests are included in the analysis. Since our results are
based on aggregate trends across a large set of test files, the
overall conclusions depend on the relative prevalence of test-
ing practices rather than on the classification of any individual
file. The specificity-based rule simply ensures that specialized
techniques (e.g., Metamorphic Testing) are explicitly identified
rather than grouped under broader categories, such as black-
box testing. This improves the interpretability of the results by
making the presence of advanced techniques visible, without

altering the overall patterns observed in the dataset.

The model was also instructed to take a conservative
approach in uncertain cases, reporting a confidence level
(high, medium, low) and using a dedicated label (Not a
Test/Unclassifiable) when the file lacked sufficient evi-
dence to support a reliable classification. The model was re-
quired to return a JSON object containing fields such as the
dominant testing strategy, a confidence level, and structured
strategy evidence (e.g., key functions, code patterns). These
outputs directly support RQ; by identifying the specific testing
practices developers adopt, including their type and level (e.g.,
unit, integration), which can be inferred from the context.

To complement the semantic analysis, we conducted a
bottom-up structural analysis to understand how developers im-
plement ML tests. For each of the 2,018 files, we parsed their
Abstract Syntax Trees (ASTs) using Python’s built-in ast mod-
ule. We developed a static analyzer that systematically collects
imported libraries and invoked functions by traversing the tree
with dedicated visitor classes. This process allowed us to ex-
tract low-level evidence of tool usage and API calls within the
test logic. To determine which tools to search for, we conducted
a targeted preliminary landscape analysis to capture tools and
frameworks widely discussed by practitioners but not yet re-
flected in academic publications. In particular, this preliminary
review targeted practitioner-oriented blogs, technical reports,
white papers, and online documentation. This process enabled
us to identify five specialized tools (e.g., Giskard, Deepchecks)
and five emerging testing topics. This comparison enabled us to
determine which of these specialized tools are actually adopted
in practice, reported in RQ,, and to identify gaps between com-
munity discussion and real-world usage, providing evidence for
the challenges discussed in RQj3;. We then cross-referenced the
AST data against this list of tools.

4.1.4. Validation of the Strategy Analysis.

This classification is challenging because a single test file can
often employ multiple strategies; choosing a single “dominant”
strategy is subjective, even for a human expert. A traditional
quantitative validation would require a large, manually-labeled
gold standard. However, creating such an oracle is challeng-
ing and prone to low inter-rater agreement due to the inherent
ambiguity of the task.

Therefore, we opted for a qualitative assessment to evaluate
the plausibility and consistency of the LLM reasoning. The first
two authors manually inspected a sample of 35 files classified
by the LLM and compared the model’s output with their own
judgments. The goal was not to rigidly measure correctness,
but to assess whether the chosen strategy and its rationale were
logical and well-supported by the code.

The comparison revealed an exact match rate of 48.6% (17
out of 35 cases), confirming the task’s inherent complexity.
Analyzing the 18 disagreement cases, we found that they do
not represent misclassifications by the LLM, but rather differ-
ent yet plausible interpretations of the test file’s primary intent.
For instance, in the case of test_soft_update.py from the
CATALYST project, our manual label was White-box Testing be-
cause the test directly asserts on the model’s internal weights.



The LLM classified it as Rule-Based Checking, arguing that the
primary goal was to verify that a component correctly manip-
ulates the model’s state according to a predefined mathemat-
ical rule. Importantly, Rule-Based Checking falls within the
broader scope of White-box Testing, but the LLM’s interpreta-
tion provides a more fine-grained and precise categorization.
Moreover, in its extended rationale, the LLM acknowledged
that White-box Testing remained a valid alternative perspective.
This pattern—where the LLM recognized the human-preferred
label as a higher-level category while offering a more detailed
sub-classification—was recurrent across our analysis.

Given this high level of reasoning alignment with human ex-
pertise, even in cases of label disagreement, we concluded that
the output was sufficiently reliable and consistent for our large-
scale, exploratory analysis.

4.1.5. Data Extraction

From the outputs of the semantic and structural analyses,
we systematically extracted quantitative metrics and qualitative
samples to address our research questions.

Quantitative Data Extraction. To obtain a statistical overview
of ML testing practices, we processed the structured outputs
from our analysis pipeline as follows.

o Testing Strategy Distribution. From the JSON outputs of
the LLM-based semantic analysis, we extracted the ‘dom-
inant_testing_strategy‘ field for each of the test files. We
then computed the frequency distribution of these strate-
gies to identify the most and least prevalent practices.

e Tool and Library Usage. From the AST-based struc-
tural analysis, we aggregated all unique import state-
ments across the 2,018 files. Our analysis proceeded on
three levels. First, to measure the real-world impact of
specialized tools, we computed the adoption frequency of
the specific frameworks identified in our preliminary land-
scape analysis (more details are reported in Section 4.1.3).
Second, to better understand the ecosystem of special-
ized tools, we calculated the overall frequency of all im-
ported libraries and identified the most common depen-
dencies in ML testing files. Finally, we conducted an ex-
ploratory analysis by manually inspecting the most fre-
quent, unidentified libraries to discover any emerging tools
not captured in our initial lists.

Qualitative Data Sampling for In-depth Analysis. To pro-
vide concrete examples and deeper insights into how testing
strategies are implemented, we leveraged a manually inspected
sample of 35 files used for validating our LLM-based analysis
(as described in Section 4.1.3). For each of these files, we com-
piled a qualitative data record containing: (i) the source code,
(ii) its project context, (iii) the LLM classification and ratio-
nale, and (iv) our own manual analysis notes. This set serves
as the basis for the qualitative case studies presented later, al-
lowing us to illustrate the quantitative findings with real-world
code snippets.
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4.2. Phase 2: Survey Study

This phase aims to complement our findings by gathering
practitioners’ perspectives on the adoption and challenges of
ML testing in real-world settings. While the mining study offers
valuable insights into actual testing behaviors and tool usage as
reflected in code repositories, it provides limited visibility into
the motivations, perceptions, and contextual factors that shape
these practices. A survey enables us to explore the rationale be-
hind observed behaviors, such as the choice of testing practices
(RQ)), the selection of tools and frameworks (RQ;), and the
perceived limitations and barriers to adoption (RQj3).

4.2.1. Survey Recruitment and Dissemination

We followed the guidelines by Kitchenham and Pleeger [55]
to design a survey that balanced the need to be short enough
with the requirement to be effective in addressing our research
questions. We provided participants with an informed consent
document and deliberately avoided collecting personal infor-
mation, such as gender, age, or email addresses. Our focus was
solely on their experience with ML testing. Additionally, we
incorporated attention checks to identify and later discard care-
less responses from participants.

Survey Design. We designed two questionnaires: a pre-
screening survey that served as a preliminary screening tool to
identify individuals matching our criteria, and our main survey.

The pre-screening survey comprised eight closed-ended
questions designed to assess respondents’ knowledge and expe-
rience with ML testing. Examples of these sentences include:
“In the last 6 months, I have worked with AI/IML models” and
“I know the general concept of ML Testing, i.e., the systematic
process of checking whether an ML system works as expected,
both in terms of functionality and quality (e.g., reliability, fair-
ness, robustness)”. Participants with limited knowledge of ML
testing were excluded from the main survey to ensure that re-
sponses were gathered from individuals with relevant expertise.

We intentionally adopted this broader definition because,
in real-world ML development, practitioners may integrate
model evaluation, data validation, and software testing prac-
tices within a single development pipeline [30, 39]. As a conse-
quence, restricting the definition exclusively to traditional soft-
ware testing activities would have therefore risked overlooking
important verification practices commonly used in ML projects.
Instead, our goal was to capture practitioners’ perspectives on
the full spectrum of verification activities applied to ML sys-
tems, including checks on data, models, and pipeline behavior.
This approach is consistent with the broader perspective on ML
testing adopted in recent literature on SE for Al and MLOps,
where testing is often considered part of a wider validation and
quality assurance process [39, 43].

Regarding the main survey, we first included a brief intro-
ductory section that introduced ourselves and the overall goals
of the empirical study. We highlighted the growing importance
of ML testing techniques alongside the challenges of applying
them in practice, to inform participants of the required expertise
and research objectives.



Furthermore, we provided information on the survey length,
which was estimated at 10 minutes and subsequently empiri-
cally assessed in a pilot study (see details later in this section).
We also explained that participation was voluntary, that partici-
pants could leave the survey at any time, and that all responses
would remain anonymous to preserve privacy.

We concluded this part by asking for explicit consent to use
the collected data for research purposes and authorization to
proceed with the survey.

Table 2: List of questions for the background section in the survey with the
type of response provided. The asterisk next to some questions indicates that
an answer is required. Each question is mapped with the corresponding RQs.

Section 1: Participants’ Background

#1 | How many years of professional experience do you have in software | Multiple choice
development?*

#2 | What is your highest level of education?* Multiple choice

#3 What is your current role?* ‘ Checkboxes

#4 ‘What kind of organization are you currently working for?* Multiple choice

#5 Do you have a background in Software Engineering?* ‘ Multiple choice

#6 How familiar are you with general software testing practices (e.g., unit ~ 5-point Likert scale
testing, integration testing, test automation)?*

#7 How frequently do you write or maintain software tests (in any con- | 5-point Likert scale
text)?*

#8 | How long have you been working with ML systems?* Multiple choice

#9 | What is your primary area of expertise related to AI?* | Checkboxes

#10 | How familiar are you with the general concept of ML Testing, i.e., the  5-point Likert scale
systematic process of checking whether an ML system works as ex-
pected, both in terms of functionality and quality (e.g., reliability, fair-
ness, robustness)?*

Participant’s background. The first section was related to the
participants’ background. This was required to (1) character-
ize the developers answering the survey and (2) understand
whether and which responses could be removed because of the
poor experience/expertise. As shown in Table 2, we inquired in-
formation on the years of software development experience, the
current role they hold (e.g., Software Tester or QA Engineer),
whether they mainly developed in open-source or other con-
texts, and their primary ML expertise. When answering these
questions, they could select one or more options from a prede-
fined list of the most common areas where ML techniques are
used. Additionally, we asked whether they have a background
in Software Engineering, their familiarity with software testing
practices, and how frequently they write and maintain software
tests. Finally, we asked about their familiarity with ML testing.

Table 3: List of questions related to the practical use of ML Testing, with the
type of response provided. The asterisk next to some questions indicates that
an answer is required. Each question is mapped with the corresponding RQs.

Section 2: ML Testing in Practice

Mapping to RQs

#11 | Indicate your level of familiarity and usage for each of the following | Multiple-choice grid | RQ,
ML testing techniques in your work:*
#12 | Would you like to provide further information about the ML testing  Paragraph RQ,
techniques you used?
#13 | Indicate your level of familiarity and usage for each of the following | Multiple-choice grid | RQ,
ML testing tools/frameworks in your work:*
#14 | In the previous question, you indicated your familiarity and usage of ~Check-boxes RQ;
ML testing tools. If you rarely or never use specialized tools, what best
explains why?
Awareness and Practical Use of ML Testing. Participants

then moved to the second section, which proposed questions
concerned with the familiarity and practical use of techniques
and tools for testing ML systems (Table 3). Each ML technique
listed in the questionnaire was accompanied by a short descrip-
tion to ensure that participants had a consistent understanding
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of the concepts when reporting their familiarity and usage.

Regarding ML testing tools, to ensure completeness, we
included TextAttack [56], the only specialized ML testing
library identified through our AST code analysis (see Sec-
tion 5.2). We combined this with the five specialized tools
identified in our preliminary landscape analysis (as described
in Section 4.1.3 and detailed in the technical report [23]).

For each strategy and tool, we used a 6-point scale designed
to capture two dimensions: awareness and frequency of use.
The first point on the scale, “Not familiar”, allowed partici-
pants to indicate a complete lack of awareness. The subsequent
five points formed an ordinal scale of usage frequency, ranging
from “Never (know it, but never used it)” to “Always”.

Table 4: List of questions related to the challenges in applying ML Testing, with
the type of response provided. The asterisk next to some questions indicates that
an answer is required.

Section 3: Challenges in applying ML Testing

Mapping to RQs

#15 | How much do you agree with each of the following statements regard-
ing the main challenges in testing ML systems?*
#16 | Are there other challenges or issues that you frequently encounter when ~ Paragraph
testing ML systems that have not been mentioned above?

‘ Multiple-choice grid | RQ3

RQs

Challenges in applying ML testing. Afterward, the survey in-
cluded a set of questions focusing on the main challenges prac-
titioners face when testing ML systems. As shown in Table 4,
we asked to indicate the extent to which each preliminary chal-
lenge identified in previous academic studies (e.g., [4, 8]) rep-
resents an actual challenge from their own perspective. We also
included a free-text answer to elaborate and provide informa-
tion on additional challenges encountered in their experience.

Survey closure. Before thanking the participants, we allowed
them to enter their email addresses to (1) receive a summary of
our results and/or (2) participate in a future follow-up study.

Survey Validation. Before disseminating the survey, we
evaluated its quality and the time required to complete it. We
conducted a pilot study [57], consisting of an experiment with
trusted participants who provided feedback on the length, clar-
ity, and structure of the survey. The pilot study was conducted
with two software engineers and ML experts with experience in
software development and testing, who were selected through
purposive sampling within our contact network. We directly
contacted these two experts because they share the profile of
our target population (with extensive experience in both SE
and ML) and, crucially, have prior experience designing and
conducting empirical survey studies. This background allowed
them to evaluate the questionnaire both on technical grounds
and in terms of survey flow, clarity, and potential biases.

The first author contacted them via email, providing instruc-
tions on completing the survey. The experts were also provided
with a document in which they could report their observations
on the length, clarity, and structure of the survey. We also asked
them to clock their progress to have a precise estimate of the
time required to complete the survey. They had one week to
complete the task. The two pilots sent their notes back upon
completion. These were jointly analyzed by the first two au-
thors, who identified and addressed clarity issues in the various
sections. Additionally, the experts suggested integrating back-



ground information by including details on participants’ expe-
rience with traditional software testing and their expertise in
software engineering. In terms of timing, the pilots completed
the survey within 10 minutes. We finally double-checked our
changes with the pilots, who confirmed that all of their feed-
back had been addressed.

4.2.2. Survey Recruitment and Dissemination

A critical aspect of survey design is selecting an appropriate
and relevant target population [58]. We deliberately avoided
disseminating our survey via social networks because we could
not control the responses we received [58]. We used ProLIFIC?,
a research-oriented web-based platform to facilitate participant
recruitment for scientific studies.

We adhered to established best practices for using ProLIFIC,
following the set of recommendations provided in the litera-
ture [59—64]. In particular:

e We used a pre-screened method to enhance the selection
of participants.

e We included validation questions to assess participants’
ML testing expertise.

e The survey incorporated attention checks to identify and
exclude participants who provided careless responses.
These checks were embedded within longer question ma-
trices to ensure participants remained engaged. For in-
stance, we asked about familiarity with different ML test-
ing techniques, with one question explicitly stating: “For
this question only, please select Never to show that you are
paying attention”.

e We employed a layered payment plan, offering a £8
(““good”) reward for pre-screening and a £9 (“good”) re-
ward for completing the main survey.?

e We used a tool to detect Al-generated responses (specif-
ically to open-ended questions) and identify any inappro-
priate behavior among participants.*

Participants were selected based on criteria related to their
ML expertise. Those who indicated 'never worked with ML’,
or “demonstrated no knowledge of ML testing’, as per their re-
sponses in the pre-screening questionnaire, were excluded from
the study. Moreover, ProLiric provides historical metadata for
each participant, including the number of completed surveys
and the participant’s approval rate. To ensure reliability, we re-
stricted participation to individuals who had completed at least
50 previous tasks and maintained an approval rate of 100%.
This strategy increased our confidence that we had selected in-
dividuals with relevant experience, credibility, and interest in
the subject matter.

Zhttps://www.prolific.com/
3ProviFic rates compensation in four levels: low, fair, good, and great.
4ZeroGPT: https: //wuw.zerogpt . com (August 2025)
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Ethical Considerations. Before disseminating the survey,
we requested approval from the Ethical Review Board of the
University of Salerno. We followed responsible research prac-
tices to address potential ethical and privacy concerns [65]. The
survey was designed to protect participants’ anonymity, as no
personally identifiable information was collected unless partic-
ipants voluntarily provided it. When recruiting ML experts, we
clearly communicated the study’s purpose. We specified that
the collected responses would be used solely for academic re-
search, with no intention of disclosing sensitive data. Finally,
we informed participants that aggregated results may be made
public, but individual privacy would be strictly preserved.

Survey Dissemination. On August 27, 2025, the survey dis-
semination began with 331 participants recruited. 170 partic-
ipants were screened out due to a lack of knowledge in ML
testing and experience with ML systems. The remaining 131
participants completed the entire survey, and their answers were
subject to quality assessment.

4.2.3. Data Cleaning and Analysis

Once we had collected the responses, we conducted a qual-
ity assessment. In particular, the first author reviewed the in-
dividual responses to validate them, possibly identifying cases
in which participants failed the attention check or lacked suf-
ficient experience to provide valuable insights. This procedure
resulted in the exclusion of 31 responses: 21 failed one or more
attention checks, and 10 were removed for providing clearly in-
complete or inconsistent answers. In the other responses, we
first interpret the data by analyzing the closed answers. Most
questions were formulated so that participants could express
their opinions using check-boxes or a Likert scale [66] with
different response ranges. These answers were analyzed using
statistical methods, with numerical distributions collected and
presented in bar plots.

The open answers were subject to content analysis [67], a
research method in which one or more inspectors review the
data of interest and attempt to deduce their meaning and/or the
concepts they elicit. The content analysis was conducted by
applying a two-phase process. In particular we first, we per-
formed an iterative codebook development phase. In this phase,
the first two authors independently reviewed an initial subset of
25 open-ended responses, selected from the total of 80 open-
ended responses to identify recurring concepts and themes re-
lated to ML testing practices and challenges. The authors then
compared their observations and jointly defined an initial set of
codes capturing the main ideas emerging from the responses.
As a result of this phase, the authors established a preliminary
codebook comprising 14 thematic codes and their correspond-
ing descriptions, which served as the basis for the subsequent
systematic coding of the remaining responses.

After the codebook development phase, the systematic cod-
ing phase was conducted. Using the agreed codebook, the first
author applied the codes to the full set of responses, assigning
one or more codes to each answer where appropriate. Through-
out this phase, the second author remained closely involved in
the process, with the two authors meeting weekly to review cod-
ing progress, discuss emerging themes, and refine the codebook


https://www.prolific.com/
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Figure 3: Overview of all codes identified during the content analysis of open-
ended questions and their corresponding distributions.

as needed. During this process, the initial codebook was iter-
atively refined. In particular, three additional themes emerged
during the systematic coding of the remaining responses. This
iterative process required two rounds of refinement before no
further relevant themes emerged, indicating that theoretical sat-
uration had been reached. Whenever ambiguous or difficult-
to-interpret responses were encountered, the first two authors
jointly discussed them to reach consensus on the most appro-
priate interpretation and coding.

The entire coding process was deliberately performed man-
ually (rather than using specialized qualitative analysis soft-
ware), as this approach enabled us to more carefully interpret
the domain-specific insights from practitioners in the ML test-
ing context. Figure 3 shows all the codes detected during the
process, along with their distributions.

5. Analysis of the Results

In the following, we first provide an overview of the two data
sources that underpin our analysis. We then present the synthe-
sized results, organized per research question.

Overview of the mining study. The dataset comprises 398
projects (2,018 test files) with significant heterogeneity across
the ML landscape. The projects cover a wide spectrum of popu-
larity and community engagement, ranging from niche tools to
major frameworks (max 80 596 stars, max 34 592 forks), with a
median of 752 stars and 142 forks. Development activity is sim-
ilarly diverse, spanning from the minimum threshold of 100 to
over 97 000 commits (median 447.5), driven by teams ranging
from single developers to large collaborations (max 453 con-
tributors; median 9). Codebases range in scale from median
158.5 files and 13396 LOC to over 52 000 files and 7M LOC.
To provide more context, we further characterized the 146
unique repositories associated with the 2, 018 test files in terms
of underlying ML techniques and application domains. To iden-
tify the specific ML/DL techniques involved, we implemented
an AST-based static analysis script that parses the Python test
files and inspects import statements, class instantiations, and
API calls associated with common ML libraries (e.g., TENSOR-
Frow, PYToRrcH, sCIKIT-LEARN). Since individual test files of-
ten instantiate multiple algorithms concurrently, our file-level
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analysis identified a total of 4,004 distinct algorithm occur-
rences, which we refer to as traces, across the 2,018 test files.
Based on these traces, we observe a strong presence of Deep
Learning architectures, appearing in 71.2% of the projects.
Among these, Deep Neural Networks (DNNs) are the most
common (54.8%), followed by Convolutional Neural Networks
(33.6%), Recurrent Neural Networks (20.5%), and Transform-
ers (12.3%). Concurrently, classical ML algorithms appear in
40.4% of the projects, with tree-based models like Random
Forests (18.5%) and Gradient Boosting (10.3%), alongside Lin-
ear Models (17.1%) and Support Vector Machines (10.3%).

Regarding the application context, our metadata analysis us-
ing GitHub Topics reveals that general-purpose Data Science
and ML Frameworks are the most prevalent (accounting for
47.3% of projects). When looking at specific application do-
mains, Natural Language Processing (15.8%) and Computer
Vision (13.7%) are the most represented fields. We also high-
light the presence of highly specialized and critical domains,
including Bioinformatics and Drug Discovery (3.4%), Medi-
cal Imaging (3.4%), and Autonomous Driving (0.7%). This
confirms that our dataset captures a diverse and comprehensive
cross-section of the real-world ML landscape.

Table 5: Demographics and Experience of the 100 Survey Participants.

Category Attribute Count
10+ years 39%
SW Dev. 6-9 years 20%
Experience 3-5 years 27%
0-2 years 14%
10+ years 2%
ML Systems 6-9 years 7%
Experience 3-5 years 44%
0-2 years 47%
Role Developer 50%
(Top 3) Software Tester/QA 30%
Project Manager 29%
Indust: 64%
Organization naustry ’
Type Startup 15%
Freelancer/Consultant 8%
ML Testing Familiar or Very Familiar 72%
Familiarity Somewhat Familiar 28%

Overview of the survey study. Table 5 reports demographics
for the 100 surveyed practitioners, most hold senior roles (59%
with 5+ years experience).’ The most common roles are Devel-
oper (50%), Software Tester/QA Engineer (30%), and Project
Manager (29%). The sample is highly educated, with 87%
holding a Bachelor’s degree or higher, and most participants
(67%) have a formal background in Software Engineering.
Participants are actively involved in ML testing: 90% write
tests weekly, and 53% have 3+ years ML/AI experience. Their

3Qur survey involves exactly 100 participants. As such, the percentage val-
ues reported in the survey results can be interpreted directly as the correspond-
ing numbers of participants.



expertise spans various domains, with Natural Language Pro-
cessing (50%) and Autonomous Systems (37%) being the most
common, and only a small minority (15%) reporting no specific
ML expertise.

Regarding the socio-demographic characteristics, the par-
ticipants represent a diverse geographic distribution, predom-
inantly residing in the United States (34%), the United King-
dom (32%), and Canada (10%), with the remainder distributed
across various European countries (e.g., Germany, Spain, Italy).
The average age of the respondents is 37 years (ranging from
19 to 65). In terms of gender, 79% identify as male, 20% as
female, and 1% preferred not to disclose. Ethnically, the sam-
ple comprises White (61%), Asian (15%), Black (13%), and
Mixed or Other (10%) respondents. Finally, the vast majority
of the participants (87%) are employed full-time.

5.1. RQ,: What ML testing practices are prevalent across im-
plementations and developer perceptions?

The analysis of the 2,018 test files provides a quantitative
overview of the strategies implemented by practitioners. Fig-
ure 4 shows the distribution of the dominant strategy identi-
fied: we reported only the techniques for which we found con-
crete evidence in the analyzed test files. Specifically, while our
prompt to classify ML techniques included Symbolic Execu-
tion, Perturbed Model Validation, and Neuron Coverage-based
Testing, no instances of these techniques were identified in the
analyzed repositories. The results reveal that few practices
dominate the ML testing. The most prevalent strategy is Smoke
Testing, identified in 933 files (46.2%). This suggests that the
primary concern for practitioners is ensuring that the models
and data pipelines run without critical errors. Other adopted
strategies are Rule-Based Checking (369 files, 18.3%), Black-
box Testing (210 files, 10.4%), and Domain-specific Test Cases
(174 files, 8.6%). Moreover, advanced techniques discussed in
the academic literature are less widely adopted. Specifically,
the lower adoption rate of Metamorphic Testing (identified in
67 files, 3.3%) compared to foundational practice, stands out
given its prominence in academic research. Existing systematic
literature reviews rank it as the most studied solution for the
ML oracle problem [4, 8], yet this does not appear to translate
into widespread industrial use. Other specialized strategies like
Adversarial Testing and Fuzz Testing are extremely rare (iden-
tified in one and four files, respectively). This quantitative anal-
ysis reveals a gap between the techniques proposed by research
and those actually implemented in practitioners’ projects.

Furthermore, we explored the relationship between testing
strategies and the underlying ML techniques or application do-
mains. Our analysis shows that fundamental techniques such as
Smoke Testing and Rule-Based Checking are largely domain-
agnostic, accounting for over 70% of the identified testing
traces (2,952 out of 4,004 traces) and appearing across all al-
gorithmic families. Looking at individual techniques, more ad-
vanced approaches show stronger associations with specific ML
architectures. White-box Testing and Adversarial Testing, for
instance, appear predominantly or exclusively in Deep Learn-
ing projects: over 66% of White-box Testing traces and 100%
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Figure 4: Distribution of the dominant testing strategies identified across the
2,018 test files. We reported only the techniques for which we found concrete
evidence in the analyzed test files.

of Adversarial Testing traces map directly to neural architec-
tures (e.g., DNNs, CNNs, Transformers). Metamorphic Testing
also exhibits a relative preference for Deep Learning (which ac-
counts for nearly 45% of its traces), while maintaining a pres-
ence in classical models. Conversely, Data-box Testing is ob-
served exclusively in classical ML pipelines, with 100% of its
traces mapping to traditional algorithms such as Linear Models,
Gradient Boosting, and Decision Trees. These results demon-
strate that the adoption of advanced testing techniques remains
strongly dictated by the underlying ML architecture and devel-
opment context.

# File: idealo_image-super-resolution/.../test_models.py
(Model Unit Testing)
def test_that_the_trainable_layers_change(self):

# ... setup model and random data =, y ...

before_step = []

for layer in self.RRDN.model.layers:

if len(layer.trainable_weights) > O:
before_step.append(layer.get_weights () [0])

—

self .RRDN.model.train_on_batch(x, y)

i=0
for layer in self.RRDN.model.layers:
if len(layer.trainable_weights) > O:
self.assertFalse(np.all(before_step[i] ==
layer.get_weights() [0]))
i+=1

—

Listing 1: An example of Model Unit Testing, where the test verifies that a
model’s internal weights change after a single training step.

To provide a deeper understanding of how these strategies
are implemented, we qualitatively analyzed the 35 manually in-
spected files (see Section 4.1.4). We observe that project con-
text influences strategy choice: the example illustrated in Fig-
ure 5 shows that the high prevalence of Smoke Testing often re-
flects a pragmatic need to ensure the basic operational integrity
of complex models. A typical implementation (Figure 5(a)) in-
volves fitting a model on a small synthetic dataset and asserting
that the core API (e.g., evaluate) is functional. More sophisti-
cated strategies are often tied to specific domains. For instance,
in a causal inference library, we observed Data-box Testing,



(a) Smoke Testing in DeepChem

# File: deepchem_deepchem/.../test_graph_conv.py

def test_graph_conv_model():
tasks, dataset, _, metric = get_dataset(...)

model.fit(dataset, nb_epoch=20)

scores = model.evaluate(dataset, [metricl])

# Assert that the model can overfit a small dataset

assert scores['mean-roc_auc_score'] >= 0.9

model = GraphConvModel(len(tasks), mode='classification')

# File: uber_causalml/.../test_meta_learners.py
def test_BaseSLearner(generate_regression_data):

learner = BaseSLearner(learner=LinearRegression())

assert ape(tau.mean(), ate_p) < ERROR_THRESHOLD

(b) Data-box Testing in CausalML

# Synthetic data with known ground truth for the causal effect (tau)
y, X, treatment, tau, _, _ = generate_regression_data()

ate_p, _, _ = learner.estimate_ate (X=X, treatment=treatment, y=y)
# Assert that the model's estimated effect is close to the true effect

# File: dmlc_gluon-nlp/.../test_models_electra.py

# Original input

contextual_embedding, _ = electra_model(inputs, )

# Transformed input (transposed)
contextual_embedding_tn, _ = electra_model_tn(inputs.T,

assert_allclose(contextual_embedding.asnumpy() ,
np.swapaxes (contextual _embedding_tn.asnumpy(), 0, 1))

(c) Metamorphic Testing in GluonNLP

)

# Metamorphic relation: assert inverted output equals original output

Figure 5: Examples of implemented testing strategies from our qualitative analysis.

where the estimated effect of a model is asserted against a
ground truth embedded in the synthetic data (Figure 5(b)). Fi-
nally, our analysis confirms that advanced techniques, such as
Metamorphic Testing, although rare, are implemented in ma-
ture projects. As shown in Figure 5(c), the developers of an
NLP library manually implemented a metamorphic relation to
verify model consistency with respect to input layout, showcas-
ing a sophisticated, albeit custom-built, approach to solving the
oracle problem.

# File: namisan_mt-dnn/int_test_encoder.py (Integration

o Testing)

def test_encoder(src_dir, checkpoint_path, ...):
# Ezecute the entire training/encoding script as a
— subprocess

subprocess.call(cmd, shell=True,
— stdout=subprocess.DEVNULL)

# Load the output artifact generated by the script
encoding_0 = torch.load(os.path.join(target_dir,
r"cola_encoding.pt"))

# Load the expected "golden" artifact

encoding_1 = torch.load(os.path.join(expected_dir,
r"cola_encoding.pt"))

—

o

# Assert that the generated artifact matches the golden
reference
assert masked_array.mean() < le-4

—

Listing 2: An example of Integration Testing, where an entire training script is
executed, and its final output artifact is validated.

The qualitative analysis reveals how different testing levels
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are adapted to the ML context. We observed a clear distinc-
tion between unit-level tests, which focus on a model’s internal
mechanisms, and integration-level tests, which validate mod-
els within a larger pipeline. As shown in the snippet from the
idealo_image-super-resolution project (Listing 1), de-
velopers test a model component in isolation. The test verifies
a core property of the training process, i.e., the model’s weights
are updated after a single call to train_on_batch. This is a
classic unit test, but instead of testing a simple function, it tests
a fundamental behavior of a learnable component.

In contrast, we also found examples of Integration Testing,
in which the model is treated as a component within a larger
workflow. In the namisan_mt-dnn project, the test invokes an
entire training script via a subprocess (Listing 2). The test then
validates the final artifact produced by this script, an embedding
file saved to disk, by comparing it against a “golden” reference
file. This validates the integration of the training pipeline rather
than isolated model behavior.

Moving to the survey, the results reveal both high familiar-
ity with and frequent use of foundational techniques. Figure 6
shows a high familiarity with fundamental concepts like Input
Testing (99%), Black-box Testing (97%), and Smoke Testing
(94%). These techniques also report the highest rates of adop-
tion, with 89%, 84%, and 84% of participants, respectively,
suggesting their use at least once a month. The survey also
highlights a significant gap between awareness and adoption
for more advanced techniques. While Metamorphic Testing is
well-known (94 % familiarity), its adoption is lower (75%), with
many practitioners reporting low-frequency use (e.g., rarely or
sometimes) rather than systematic or regular adoption. This
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Figure 6: Familiarity and usage frequency of different ML testing techniques as reported by 100 practitioners.

gap becomes particularly evident with specialized testing meth-
ods. Adversarial Testing, despite being familiar to 91% of
participants, shows an adoption rate of only 59%, highlight-
ing a substantial implementation barrier. Other advanced tech-
niques, such as Symbolic Execution, Perturbed Model Valida-
tion, and Neuron Coverage-based Testing, remain unfamiliar
to 27%, 27%, and 30% of participants, respectively, suggest-
ing these approaches have yet to gain widespread recognition
among practitioners.

The open-ended responses provided further insights into
practices not fully captured by our initial taxonomy. A key
theme was the emergence of domain-specific testing tech-
niques. One participant from a scientific modeling background
reported the use of “physics-law consistency checks” (par-
ticipant #84). At the same time, another from the financial
sector mentioned “backtesting” (participant #21) as their pri-
mary validation method. For generative models, participant
#46 described a behavioral check called “reasonable variabil-
ity tests”, in which the semantic distance between generated
answers is measured to ensure prompt stability.

Another prominent practice explicitly mentioned by multi-
ple participants was Fairness and Bias Testing. Participants
describe its use for “quantitatively and qualitatively assess-
ing outputs for biases across protected attributes” and “quan-
tify fairness metrics like demographic parity” (participant #56).
This suggests that for practitioners, responsible ML is not just a
theoretical concern but a concrete testing requirement. Partici-
pants also highlighted the use of established software engineer-
ing practices adapted to the ML context, such as Regression
Testing (participant #96) to check for performance degradation
after updates and drift monitoring in production.

Q Key Findings for RQ,

Our analysis reveals a hierarchy of ML testing prac-
tices spanning multiple levels of the development stack.
The adaptations of Smoke Testing and Black-box Test-
ing, dominate both implemented code and practitioner-
reported practices, forming an implicit multi-level strat-
egy. The mining study identifies fine-grained Model Unit
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Testing and broader pipeline Integration Testing, while the
survey confirms that testing effort is distributed across
data, model, and system levels. In contrast, advanced
techniques exhibit a clear gap between theory and prac-
tice: despite widespread discussion, Metamorphic Testing
shows limited adoption, with practitioners often imple-
menting custom solutions. Finally, the survey reveals an
expanding focus beyond functional correctness, empha-
sizing domain-specific approaches and growing attention
to Fairness and Bias Testing.

5.2. RQ,: Which ML testing tools are used in code and per-
ceived by practitioners?

Our analysis of library imports provides a practice-oriented
perspective. The results reveal a tooling landscape character-
ized by two key findings: reliance on a small set of core li-
braries and limited adoption of specialized ML testing tools.
The ecosystem is dominated by general-purpose and core ML
libraries. NumPy represents the most common dependency
(18058 imports, 28.9%), followed by deep learning frame-
works like torch (15.9%) and tensorflow (9.8%). Standard
testing frameworks like PyTest (10.3%) and unittest are the pri-
mary drivers for test execution, alongside MLOps utilities such
asmlflow (9.0%).

In contrast, the specialized tools identified in our preliminary
landscape analysis [23] show lower evidence of direct adop-
tion by a broad base of developers. Prominent tools such as
Deepchecks and Giskard were not detected, and the Adver-
sarial Robustness Toolbox (ART) was also not among the fre-
quently imported libraries. Additionally, some tools identified
in the preliminary analysis, such as the MATLAB Deep Learn-
ing Toolbox, could not be tracked in our Python-focused AST
analysis as they are standalone environments rather than im-
portable libraries. LangSmith appears as an exception, with
244 imports detected. However, a deeper investigation revealed
that these imports originate from a single, large project, i.e.,
MLflow. This pattern reflects not widespread adoption across
diverse practitioners, but a concentrated integration within a
single MLOps framework. Furthermore, our analysis revealed



the use of TextAttack, another specialized library for adversar-
ial attacks, which was imported 43 times. Unlike the other tools
derived from our preliminary analysis, TextAttack emerged
solely from the data-driven AST analysis, highlighting the
value of the mining approach in uncovering specific adoptions.
These findings reinforce our main conclusion: a critical adop-
tion gap exists for specialized ML testing tools, which are not
yet part of the standard toolkit for most developers.

The qualitative analysis of the test files provides a compelling
explanation for the observed adoption gap. We found that
even when practitioners adopt sophisticated testing strategies,
they tend to implement them using general-purpose libraries
rather than adopting specialized tools. A concrete example is
the implementation of Metamorphic Testing in the GluonNLP
project (Figure 5(c)). Specifically, practitioners implemented a
non-trivial metamorphic relation, verifying model invariance to
data layout transformations, using only foundational libraries
like NumPy for data manipulation (np.swapaxes) and asser-
tions. Despite the existence of dedicated frameworks, such as
Giskard, we did not find evidence of its practical use.

Moving to the survey results, we can further confirm the gap
in the adoption of specialized ML testing tools and provide in-
sights into practitioners’ awareness and preferences. The data
shows a significant lack of familiarity with many of the spe-
cialized tools included in our investigation. For instance, only
33% of participants are familiar with Giskard, and 52% of those
who are aware reported never using it. Similar results can be
observed for Adversarial Robustness Toolbox (ART): 29% are
aware of it, and 52% have never used it.

The open-ended responses reinforce these findings and pro-
vide insight into their preferences. A dominant theme was the
reliance on custom and in-house solutions. Multiple answers
stated they use their “own custom framework” (participant #22)
or have “wrote our own model-specific testing tools” (partici-
pant #44), with one explicitly mentioning this is done “to avoid
uncontrollable dependencies” (participant #46).

Furthermore, when external tools are adopted, practition-
ers seem to prefer comprehensive MLOps platforms over stan-
dalone testing libraries. Participants reported using tools such
as MLflow and TensorFlow Extended (TFX) (participants
#58 and #99) for model validation and monitoring. One par-
ticipant highlights the use of Evidently AI®to “track dataset
shifts”. This suggests that practitioners prefer integrated plat-
forms to cover the entire ML lifecycle. Finally, the open-
ended responses also allowed us to identify several other spe-
cialized tools used by a small number of participants, such as
Kolena’ (participant #67), InterpretML? (participant #67), Ro-
bustBench® (participant #56), Parasoft'® (participant #72), and
Testim'! (participant #72), confirming the fragmented nature of
the current tooling ecosystem.

®https://www.evidentlyai.com/
"https://www.kolena.com/
Shttps://interpret.ml/
“https://robustbench.github.io/
Ohttps://www.parasoft.com/
Uhttps://wuw.testim.io/
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@ Key Findings for RQ,

Results reveal a critical, multifaceted gap in adopting
specialized ML testing tools. Our mining study shows
that specialized tools are almost entirely absent in prac-
tice, with developers relying instead on foundational li-
braries such as NumPy and PyTest. Survey responses
provide a possible explanation for this gap, highlighting
a strong preference for custom solutions (40% of partici-
pants). Moreover, open-ended responses indicate a grow-
ing preference for integrated MLOps platforms such as
MLflow over standalone testing libraries, as practitioners
favor tools that cover the entire ML lifecycle rather than
focusing on a single testing type.

5.3. RQs: What limitations and barriers emerge across imple-
mentations and perceptions of ML testing?

Although the mining study does not explicitly document
testing challenges, our analysis uncovers three recurring pat-
terns that reveal practical limitations. The statistical domi-
nance of Smoke Testing (46.2% of files) indicates a widespread
focus on verifying basic operational integrity (e.g., ensuring
a model runs without crashing) over more complex behav-
ioral validation. The qualitative analysis uncovers a common
pattern of enforcing deterministic outcomes. For instance,
in namisan_mt-dnn/int_test_encoder.py (Listing 2), de-
velopers compare model outputs to pre-computed “golden”
files, a technique that circumvents the difficulty of testing
non-deterministic systems by creating highly constrained, pre-
dictable scenarios. Finally, we observed a consistent pattern
of manual implementation for complex tests. The near-total
absence of specialized ML testing libraries, combined with ev-
idence of manual implementation of advanced strategies like
Metamorphic Testing using only general-purpose libraries (as
seen in Figure 5(c)), points to a significant limitation in the
practical applicability of the current tools.

Lack of standardized methodologies 11
Absence of clear/reliable test oracles 1 "

Non-deterministic behavior

Inherent complexity and black-box nature

ML models are vulnerable to adversarial attacks

Difficulty defining metamorphic relations
Exhaustive/in-depth testing is computationally expensive | 6

Balancing accuracy, robustness, and fairness a7

0 25 50 75 100

M Strongly disagree Disagree Neither agree or disagree Agree M Strongly agree

Figure 7: Practitioner agreement with statements about key challenges in ML
testing. The chart shows the distribution of responses on a 5-point Likert scale
for N=100 participants.

Regarding the survey study, Figure 7 indicates a strong agree-
ment on several fundamental issues. 78% of participants agree
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or strongly agree that exhaustive testing is computationally ex-
pensive. In the open-ended responses, participants also high-
lighted “the human cost: developer-hours spent architecting,
developing, integrating, and evaluating testing” (participant
#44). The second most cited challenge is the absence of clear
test oracles (77%). The open-ended responses further empha-
sized the related issue of data, suggesting the “scarcity of high-
quality reference data” (participant #84) and the problem of
“production data drifts away from training data over time”
(participant #99).

From a technical perspective, the survey highlights as chal-
lenges the vulnerability to adversarial attacks (72%) and the dif-
ficulty of balancing trade-offs among accuracy, robustness, and
fairness (69%). Interestingly, although the non-deterministic
behavior of models is acknowledged as a problem, it received
the lowest level of agreement among the core technical chal-
lenges (59%). The open-ended responses also revealed a sig-
nificant organizational and communication challenge, which is
not purely technical. One participant noted the difficulty of
“Explaining to POs or other devs that our testing is not as de-
terministic as theirs” (participant #46). At the same time, an-
other described the “Pressure from stakeholders and expecting
a clear passffail result” (participant #99).

Poor fit with my stack/workflow
(language/framework/infrastructure)

I'm not aware of
suitable tools

Lack of organizational support
(policies/processes/buy-in)

| prefer custom checks with
tools | already use

I know them but integration
effort/cost is too high

o
o

Figure 8: Primary barriers to the adoption of specialized ML testing tools, as
reported by practitioners.

To better understand the root causes of the previously iden-
tified tool adoption gap, we asked about the main barriers they
faced during ML testing development. As shown in Figure 8,
the most cited barrier is a preference for custom checks with
existing tools (40%), which directly corroborates the custom
implementation pattern we identified in the mining study. This
is closely followed by practical integration challenges, such as a
poor fit with the current stack/workflow (36%) and a perceived
high integration effort or cost (30%). These integration barri-
ers become clearer when situated within the broader MLOps
landscape. Our findings align with systemic challenges docu-
mented in the MLOps literature [30, 39, 43], suggesting that
the low adoption of specialized testing tools is not an isolated
phenomenon, but rather a manifestation of a wider engineer-
ing challenge: the fragmentation of the MLOps ecosystem and
the technical debt associated with integrating standalone ML
components into existing production pipelines. As such, the
testing-specific obstacles we observed appear consistent with
known difficulties that lead practitioners to favor custom, easily
controllable implementations over third-party solutions.
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Q@ Key Findings for RQ;

Our analysis shows a comprehensive picture of challenges
in ML testing. Data sources converge on the centrality
of foundational issues like the Oracle Problem and Non-
Determinism. While often discussed theoretically in the
literature, the survey confirms that they are major pain
points for practitioners, and our mining study reveals their
practical impact through the prevalence of workarounds
such as “golden file” testing. The survey also allowed us
to prioritize these challenges, showing that practical con-
cerns such as computational and human costs (78% agree-
ment) are felt most acutely. Finally, the inadequacy of
the tooling ecosystem emerges as a central, multi-faceted
challenge. The preference for custom logic observed in
the code aligns with the survey, which found that prac-
titioners cite a poor fit with their workflow (36%), high
integration effort (30%), and lack of awareness (18%) as
key barriers to adopting specialized tools.

6. Discussion and Implications of the Study

In this section, we first contextualize the findings within the
current body of knowledge on ML testing. Afterwards, we dis-
cuss the actionable implications of the results.

6.1. State of Practice vs. State of the Art: How Far Apart Are
They?

The current literature offers two main systematic analyses
documenting the state of the art [4, 8]. By comparing our find-
ings with these earlier, academically oriented overviews, we
aim to provide a more practice-grounded perspective that com-
plements them. Table 6 overviews the key convergences and
gaps between state of the art and state of the practice.

‘We observe that researcher develops sophisticated techniques
to address theoretical challenges, while practitioners prefer sim-
pler methods to ensure operational integrity. Academic studies
largely emphasized formal and data-driven testing approaches,
including Metamorphic Testing, Adversarial and Fuzz Testing,
and Neuron Coverage analysis. These are designed to address
core theoretical challenges in ML system validation, such as
the Oracle Problem, Robustness to input perturbations, and
the need for systematic coverage of internal model behavior.
However, the near-total absence of these techniques in practice
points to a concrete gap. Our findings suggest that industry is
largely overlooking the most mature academic solution to one
of its most pressing challenges, namely the Oracle Problem.
This likely reflects a mismatch between the assumptions under-
lying academic approaches—which tend to prioritize method-
ological rigor and formal completeness—and the practical con-
straints of industrial settings. Indeed, while such solutions of-
fer measurable completeness, they often require controlled ex-
perimental conditions, specialized tools, or substantial compu-
tational resources, thereby limiting their applicability in real-
world environments.



Table 6: Comparison between the state of the art and the state of practice.

Testing Aspect State of the Art State of Practice

Prevalent Techniques

Tooling Ecosystem

Primary Challenges

Focus on advanced, model-centric techniques:
Metamorphic Testing, Adversarial Example Gen-
eration, Neuron Coverage, and Fuzzing.

Emphasis on specialized, often academic, tools
designed for specific tasks: DeepXplore, ART,
DeepGauge, Giskard.

Theoretical and technical challenges are central:
the Oracle Problem, ensuring Robustness, and

Dominated by foundational, pragmatic practices:
Smoke Testing, Rule-Based Checking, and Black-
box Testing. Advanced techniques are rarely im-
plemented.

Overwhelming reliance on general-purpose li-
braries (NumPy, PyTest) for custom solutions.
Specialized tools are almost absent.

Practical and resource-related challenges are most
pressing: Computational and Human Costs, the

defining Coverage Metrics.

Oracle Problem, and significant barriers to tool
adoption (e.g., high integration effort, poor work-

flow fir).

In contrast, our results indicate that practitioners tend to
adopt lighter-weight strategies centered on operational verifi-
cation rather than formal assurance. For instance, the high
frequency of Smoke and Black-box testing activities suggests
that developers favor simple, reproducible procedures to vali-
date whether ML components behave as expected under typical
conditions. In other terms, instead of verifying fine-grained be-
havioral properties or structural coverage, developers typically
focus on ensuring that models load correctly, produce plausi-
ble outputs, and maintain stable performance across datasets
and releases. These practices reflect a pragmatic orientation:
testing is perceived less as a scientific assessment of model cor-
rectness and more as a safeguard for reliability, maintainabil-
ity, and workflow continuity. This contrast highlights a mis-
alignment between the academic proposals for techniques and
the immediacy of real-world development and industrial needs.
The former are optimized for theoretical soundness and sys-
tematic exploration of model behavior, whereas the latter pri-
oritize ease of integration, interpretability, and rapid feedback.
Bridging this divide will likely require methods that combine
the interpretive power and rigor of research prototypes with the
usability, automation, and minimal overhead demanded in prac-
tice. Bridging this gap requires methods that combine the rigor
of research prototypes with practical demands for usability, au-
tomation, and minimal overhead.

Consistent with this perspective, we cannot trace the special-
ized tools proposed in research, as developers tend to favor the
flexibility and control offered by general-purpose libraries for
implementing custom, ad hoc testing logic. This does not stem
from a lack of awareness of available solutions but from a de-
liberate choice driven by pragmatic concerns. Practitioners per-
ceive specialized tools as costly to adopt, poorly integrated with
existing workflows, and sometimes misaligned with the struc-
ture of real-world development activities.

However, we also observe important commonalities between
research and practice. Both communities identify the Oracle
Problem as a central, still-unresolved challenge that limits the
automation and reliability of ML testing. Despite methodolog-
ical differences, there is a broad consensus that the definition
of what constitutes “correct” behavior for ML systems, partic-
ularly those with stochastic outputs, remains an open question.
Furthermore, the practitioner-driven emergence of Fairness and
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Bias Testing, as identified in our survey, mirrors a rapidly ex-
panding focus on responsible and socially aware ML validation.
This overlap indicates a progressive shift in priorities: as ML
testing evolves, the boundary between technical quality assur-
ance and ethical accountability blurs. Such convergence sug-
gests a shared agenda in which societal impact and trustworthi-
ness are both research imperatives and practical concerns.

& In conclusion.

The comparison reveals a field characterized by both ma-
turity and fragmentation. Academic research has pro-
duced a rich body of methods that address ML-specific
testing challenges with theoretical rigor; however, these
advances have not yet fully translated into widespread in-
dustrial adoption. Practitioners, at the same time, prefer
pragmatic, lightweight approaches that ensure reliability
and continuity but often lack formal grounding. This high-
lights the need for approaches that are not only scientifi-
cally robust but also easily integrable into real develop-
ment workflows. At the same time, the emerging conver-
gence on challenges such as the oracle problem and fair-
ness testing suggests that research and practice are align-
ing around shared priorities, offering a promising founda-
tion for the next stage of ML testing.

6.2. Implications of the Study

Starting from RQ;, we observed that practitioners, even
without formal terminology, apply a comprehensive multi-level
strategy, covering data, model, and system levels, as summa-
rized in Table 7. The evidence from the two phases indi-
cates that practitioners address quality concerns across the en-
tire ML stack. To some extent, our findings suggest that test-
ing in practice has organically evolved into a distributed pro-
cess, where validation tasks are embedded throughout the ML
pipeline rather than concentrated in a dedicated testing phase.

The analysis also highlights a hierarchy. The foundation of
ML testing in practice is built on pragmatic, often straightfor-
ward strategies such as Smoke Testing and Rule-Based Check-
ing, which aim to ensure basic operational integrity. In con-
trast, advanced techniques such as Metamorphic and Adver-
sarial Testing, although prominent in the academic literature,



Table 7: Summary of results for RQ, showing the multi-level strategy and hi-
erarchy of ML testing across the two phases of our study. Colors and labels in-
dicate the extent to which each practice appeared: green represents high adop-
tion/usage, yellow medium adoption/usage, and red low or no evidence/adop-
tion.

Mining Study

Survey Study

Robustness Testing
Coverage-based Testing
Model Unit Testing
Integration Testing
Model System Testing

Medium
Medium

Smoke Testing
Metamorphic Testing
Mutation Testing
Black-Box Testing
Data-Box Testing
White-Box Testing
Domain-specific test cases
Input Testing

Fuzz Testing

Symbolic Execution

Data Linter

Adversarial Examples
Perturbed Model Validation
Rule-Based Checking
Neuron Coverage-Based Testing

Medium
Medium
Medium
Medium

Medium

exhibit very low adoption rates. This gap suggests a prefer-
ence for lightweight, easy-to-maintain controls, while advanced
approaches are perceived as costly to learn, difficult to scale,
and offering unclear short-term benefits. As such, our findings
suggest that current practitioners’ practices prioritize continuity
and efficiency over methodological completeness, emphasizing
solutions that are adaptable, transparent, and immediately ac-
tionable in real development contexts.

=> Implication from RQ;.

Future research and tools should support and formalize a
multi-level testing approach. This means (i) making test-
ing responsibilities across data, model, and system lev-
els explicit and standardized, and (ii) offering lightweight
frameworks and libraries that align with these practices,
rather than introducing entirely new paradigms. Build-
ing on this perspective, and considering the predominance
of pragmatic testing strategies alongside the low adop-
tion of advanced techniques, future work should improve
the usability, scalability, and integration of advanced ap-
proaches, while also addressing barriers such as learning
cost, maintainability, and perceived short-term value. The
seamless integration of advanced testing into operators’
established workflows could ultimately increase the like-
lihood of real adoption.

Moving to RQ;, as shown in Table 8, we observed a critical
adoption gap for specialized tools. Instead of adopting them,
developers prefer custom implementations, even for complex
testing logic, using foundational libraries such as NumPy and
PyTest. This preference is not accidental: developers trust the
flexibility and control of tools they already master, preferring
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Table 8: Summary of results for RQ,, showing the tools adoption to perform
ML testing across the two phases of our study. Colors and labels indicate the
extent to which each practice appeared: green represents high adoption/usage,
yellow medium adoption/usage, and red low or no evidence/adoption.

Giskard

LangSmith

Adversarial Robustness Toolbox (ART)
Deepchecks

MATLAB Deep Learning Toolbox
numpy

pytest

tensorflow

pyro

y Study

Medium

Medium
Medium

MLflow

common Medium

0s Medium

sklearn Medium Medium
mxnet Medium

TextAttack Medium

Medium

Others (Evidently Al, Kolena, InterpretML, RobustBench)

transparency over feature-rich but unfamiliar frameworks. As
a consequence, ML testing remains highly decentralized and
code-centric, with testing logic embedded directly in scripts,
notebooks, and pipelines rather than externalized to dedicated
infrastructure. While this practice enables rapid experimenta-
tion and lowers entry barriers, it also limits reproducibility and
standardization, making quality assurance dependent on indi-
vidual expertise rather than shared methodological conventions.

=> Implication from RQ,.

Given the critical gap in the adoption of specialized tools
and the prevalence of custom implementations, future
work should study and formalize recurring custom test-
ing patterns. Tool developers should design solutions
that augment and extend these practices, for example, via
lightweight plugins, wrappers, or libraries rather than re-
placing them with standalone frameworks that disrupt es-
tablished workflows.

J

Finally, our survey identified a set of pragmatic barriers to
adoption, as reported in Table 9. The preference for a custom
approach is not driven by ignorance, but by deliberate choice:
40% of practitioners prefer custom checks with tools they al-
ready master. This is compounded by a perceived high integra-
tion effort (30%) and a poor fit with existing workflows (36%),
suggesting that the current generation of specialized tools fails
to meet developers’ practical needs. These findings reinforce
previous observations, confirming that practitioners’ resistance
to specialized tools is primarily driven by usability and work-
flow compatibility rather than by skepticism toward testing it-
self. In other words, the issue is not a lack of awareness, but a
mismatch between research-driven design assumptions and the
operational constraints of software teams.

=> Implication from RQjs.

Since the preference for custom testing stems from prag-
matic barriers, trust in familiar tools, high integration
costs, and poor workflow fit, future tools must lower adop-




Table 9: Summary of results for RQ3, showing the challenges in performing
ML testing across the two phases of our study. Colors and labels indicate the
extent to which each practice appeared: green represents high adoption/usage,
yellow medium adoption/usage, and red low or no evidence/adoption.

Mining Study | Survey Study

Oracle Problem
Medium
Medium
Medium

Non-Determinism
Inherent complexity
Lack of standardized methods
Vulnerability to adversial attacks
Difficulty in defining metamorphic rel.
tion costs and align with developers’ cost-benefit percep-
tions. Tool developers should prioritize seamless integra-
tion, workflow compatibility, and incremental adoption to
ensure that new tools deliver immediate, tangible value
without disrupting established practices.

High computational costs

Balancing accuracy, robustness, and fairness
Poor fit with my stack

Preference for using custom solutions

7. Threats to validity

This section discusses the threats to the validity and the
strategies to mitigate them [47].

Threats to Construct Validity. In the mining study, threats
arise from heuristics identifying ML projects and detecting
testing practices, which may miss relevant activity (e.g., non-
standard test formats/tools). Similarly, a specific threat con-
cerns the reliability of using LLMs to classify testing strategies,
as they may hallucinate or misinterpret code intent. To reduce
these threats, we applied several mitigation strategies. In the
first place, we evaluated the classifier on a manually annotated
stratified sample designed to reflect the actual distribution of
files encountered during classification. As such, this validation
setup provides a representative estimate of the classifier’s per-
formance on the overall dataset, allowing us to assess its relia-
bility before applying it to the full set of candidate files. Sec-
ond, we used a SELF-REFINE [50] procedure that allows the
model to iteratively review and revise its initial classification
through a feedback loop. In practice, the model first produces
an initial prediction, then provides feedback on its correctness,
and finally refines the classification if necessary. This iterative
process encourages the model to re-evaluate its reasoning and
correct potential mistakes, thereby reducing the likelihood of
inconsistent or poorly justified classifications, as demonstrated
in prior studies on self-refinement techniques [S1]. Third, we
conducted a qualitative human validation on a sample of files to
verify the plausibility of the LLM’s rationale. Such a validation
did not rely solely on a single aggregate accuracy value: we
explicitly reported precision, recall, and F1-score for the posi-
tive class, thus providing a more transparent view of the behav-
ior of the classifier. This latter analysis enabled us to monitor
and control the trade-off between false positives and false nega-
tives, ensuring the classifier maintained acceptable performance
for our large-scale exploratory analysis. Indeed, the combined
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analysis of these metrics enabled us to identify potential in-
consistencies in the classification behavior and verify that they
remained within acceptable bounds, giving us confidence that
the classifier was sufficiently reliable for identifying aggregate
testing patterns across the dataset. While we acknowledge that
automated analysis cannot fully replace human judgment, the
consistency observed between the LLM’s reasoning and man-
ual inspection gives us confidence in the aggregated results. For
transparency and reproducibility, we release the list of analyzed
repositories, regular expressions, and prompts analyzed [23].

Perhaps more importantly, the purpose of the LLM-based
classification in our study is to support a large-scale exploratory
analysis of aggregate patterns, rather than to make claims about
the correctness of any individual file classification. For this rea-
son, while some residual noise may remain, we expect its im-
pact on the high-level trends and conclusions to be limited. In
particular, our analysis is based on aggregated statistics across a
large dataset of 2,018 files, where occasional misclassifications
are unlikely to systematically bias the observed patterns. More-
over, our findings show clear differences in prevalence across
testing strategies (e.g., Smoke Testing appearing in nearly half
of the files, while advanced techniques such as Metamorphic
Testing appear in only a small fraction), suggesting that small
classification errors would not materially affect the main con-
clusions of the study. For these reasons, we consider the clas-
sifier sufficiently reliable for identifying large-scale testing pat-
terns, although we acknowledge that individual file classifica-
tions may still contain some residual noise.

In the survey, construct validity may be threatened by the de-
sign and interpretation of questions by respondents. Ambigui-
ties in wording or the use of technical jargon could lead to mis-
interpretation, while self-reported responses may not always re-
flect actual practices. To mitigate these issues, we followed es-
tablished guidelines for designing surveys in software engineer-
ing [55], ensuring that questions were clearly phrased, jargon
was minimized, and response formats were consistent. We also
piloted the questionnaire with a small group of external review-
ers and revised the survey based on their feedback. Nonethe-
less, some advanced testing concepts may still have been un-
derstood differently across participants, particularly given their
varied backgrounds and experience levels.

Threats to Internal Validity. In our study, we do not aim to es-
tablish causal relationships; thus, internal validity threats can be
considered limited. However, in the mining study, unobserved
confounding factors (e.g., project popularity, activity level) may
influence which projects were selected and how testing behav-
ior was detected. To mitigate this risk, we sampled from a broad
set of repositories and applied consistent filtering criteria across
the dataset. Future research could strengthen ecological valid-
ity by expanding the dataset, including more diverse sources,
and explicitly modeling potential confounders.

As for the survey, the primary threat to internal validity stems
from potential self-selection bias [68], particularly due to our
reliance on voluntary participation through the Proriric plat-
form. In particular, practitioners with a specific interest in test-
ing may have been more inclined to participate, possibly skew-



ing the sample toward more engaged or knowledgeable respon-
dents. Recruiting software practitioners for survey-based stud-
ies remains a persistent challenge, as evidenced by the low re-
sponse rates commonly reported in prior research [55, 69, 70].
In this respect, relying on an established recruitment platform
such as ProLiFic is a pragmatic, increasingly adopted strategy
for accessing a broader, more diverse population. To mitigate
self-selection and voluntary response bias [62, 63], we provided
monetary compensation. Unlike unpaid surveys that are organi-
cally distributed through professional networks or social media,
which tend to attract participants already particularly interested
in the topic, the use of a compensated recruitment platform
helps reach a broader and more heterogeneous pool of practi-
tioners. This approach reduces the likelihood that the sample
is composed primarily of individuals with a pre-existing strong
interest in testing practices, thereby helping to diversify the par-
ticipant population.

We also restricted participation to individuals with a proven
track record (at least 50 completed tasks and a 100% approval
rate), which serves as a proxy for worker quality and engage-
ment. Furthermore, we embedded multiple attention checks
and technical validation questions to filter out unqualified re-
spondents. While we could not conduct a task-based assess-
ment of coding skills due to the survey’s scale, these criteria
increase our confidence in the data quality.

Threats to Conclusion Validity. A key risk in mixed-method
studies is the potential to over-interpret weak or inconsistent
signals across different data sources [22]. To address this
potential concern, we employed triangulation across the two
phases, ensuring that findings were not considered in isolation
but cross-verified. For instance, the lack of tool adoption ob-
served in the mining study was directly explained by the sur-
vey responses regarding integration costs. Nonetheless, part of
our interpretation involves qualitative coding, which may in-
troduce bias. This was mitigated through multiple rounds of
cross-checking and discussion among the authors.

Threats to External Validity. The mining study is based on
open-source repositories hosted on GitHus. While the MARK
dataset provides a comprehensive view of the open-source ML
ecosystem, it may not fully reflect practices in proprietary,
closed-source industrial environments, particularly in safety-
critical domains (e.g., automotive) where testing processes are
often more rigorous and regulated. Similarly, although the sur-
vey respondents are diverse in role and geography, they may
not statistically represent the global population of ML practi-
tioners. We partially mitigated these threats by ensuring broad
coverage across domains and tools, but we recognize that fur-
ther work, particularly through industrial case studies, would
be valuable to deepen our perspective and validate findings in
highly regulated settings.

8. Conclusion

This paper proposed an empirical investigation into how ML
testing is implemented and perceived in practice. Motivated by
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the gap between academic proposals and the realities of soft-
ware development, our study performs a mining study of 398
open-source repositories and a survey of 100 practitioners.

Our findings reveal a hierarchy of ML testing practices.
While the state of the art offers a landscape of ML testing strate-
gies and tools, practitioners rely on foundational, pragmatic
strategies such as Smoke Testing and Rule-Based Checking,
often implemented with general-purpose libraries. Conversely,
we identified a critical adoption gap in the use of advanced
techniques and specialized tools. Methods like Metamorphic
Testing are rarely implemented, and dedicated testing tools are
almost absent from the projects we analyzed. Our survey re-
sults help to explain this gap, highlighting significant practical
barriers, including a preference for custom solutions, high inte-
gration costs, and a poor fit with existing developer workflows.
These findings have direct implications: researchers should fo-
cus on the usability and integration of existing techniques, tool
developers should prioritize seamless integration with ML plat-
forms, and educators should balance teaching advanced theory
with the pragmatic, foundational practices used in industry.

Our future research agenda includes replications of this work
targeting different ecosystems (e.g., mobile or embedded ML),
longitudinal analyses of testing evolution, and deeper qualita-
tive studies of team workflows to help validate and refine our
conclusions. Moreover, we aim to develop human-oriented
testing strategies that are better aligned with the needs and con-
straints of real-world practitioners.
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