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ABSTRACT

Acrtificial intelligence (Al) is increasingly used to automate and
optimize software testing, but the evidence is distributed across
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heterogeneous testing activities, Al techniques, and evaluation
measures. This study maps Al-driven software-testing research and
translates the evidence into capabilities relevant to a Test Center of
Excellence (TCoE). A systematic evidence workflow was applied to a
unified audit corpus of 2,072 records, followed by focused eligibility
reconciliation and full-text verification. The final focused evidence
workset contains 29 records: 15 primary empirical studies, 9
secondary studies, 1 scope exclusion, and 4 full-text/access
exclusions. The primary evidence covers machine learning,
reinforcement learning, evolutionary and search-based methods, deep
learning, explainable Al, and large language models. The supported
testing activities include test generation, selection and prioritization,
minimization and optimization, fuzzing, validation, adaptive
automation, and maintenance. The synthesis shows that Al should be
treated in a TCoE as a governed capability layer rather than as a single
automation tool. The proposed capability model links Al techniques
to testing activities, measurable outcomes, reusable TCoE capabilities,
and governance with human oversight. The study also identifies gaps
in reliability, context awareness, test-oracle support, long-term
maintenance, CI/CD integration, reproducibility, and standardized
evaluation.
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1. INTRODUCTION

Software testing is increasingly expected
to operate as a continuous engineering
capability rather than as a downstream
verification activity. In continuous integration
and continuous delivery environments, large
numbers of commits and repeated test
executions create pressure to reduce execution
cost while preserving fault-detection capability.
FastLane, for example, used historical test and
commit data to make data-driven minimization
decisions and reported a reduction of 18.04% in
test time while maintaining 99.99% test-
outcome accuracy on a large-scale service [1].
This illustrates a central motivation for Al-
assisted testing: the objective is not automation
for its own sake, but better allocation of limited
testing time and resources.

The literature has expanded beyond
conventional machine-learning  prediction.
Deep-learning  systems  require  testing
techniques that consider their data-driven and
non-traditional behavior. Importance-Driven
Deep Learning System Testing introduced a test
adequacy perspective based on component
importance and semantic diversity [2]. Data
distribution-aware test selection similarly treats
testing as a selection problem in which only a
strategically chosen subset of newly collected
data is labeled and used for model enhancement
[3]. These studies indicate that Al can be both
the object of testing and the mechanism used to
perform testing; related work also examines
alternative adequacy perspectives for deep-
learning system testing[4].

Al has also been applied to test-input
prioritization and regression-test optimization.
Dang et al. investigated test-input prioritization
for machine-learning classifiers and provided
an empirical treatment of prioritization in the
context of ML systems [5]. Khan et al.
examined feature-selection techniques for ML-
based regression test prioritization,
emphasizing the relationship between feature
representation and prioritization performance in
continuous-integration  settings[6]. Marijan
compared machine-learning approaches for
test-case prioritization under different test-
history sizes and time budgets using industrial
continuous-integration data[7].

Search-based and reinforcement-learning
approaches extend this optimization perspective
toward adaptive test generation. Esnaashari and
Damia combined genetic algorithms with

reinforcement learning to accelerate automated
test-data generation[8]. Konidena et al.
proposed an RL-driven framework for adaptive
test-case generation in Agile environments[9].
The evidence therefore suggests a progression
from static prioritization toward sequential
decision making in which the testing process
can respond to execution feedback.

For deep-learning systems, fuzzing and
test generation have become important research
directions. XMutant uses explainable artificial
intelligence to guide fuzzing toward influential
input regions and failure-inducing inputs [19].
TAEFuzz addresses image-based deep-learning
systems through transferable adversarial
examples and automatic fuzzing[10]. These
approaches demonstrate that Al can provide
search guidance, not merely a classifier for a
testing decision.

More recent work extends Al-assisted
testing into large language models (LLMs),
project-context  reasoning, and adaptive
maintenance. CITYWALK uses project-
dependency awareness and language-specific
knowledge to improve LLM-based C++ unit-
test generation[11]. Deder et al. study
hallucination-reduced  unit-test  generation
through fine-tuning and structural
constraints[12]. An  adaptive  scriptless
behavior-driven  development  framework
combines machine learning, reinforcement
learning, and self-healing automation to
respond to changes in user interfaces and
application behavior[13].

Despite this breadth, the evidence
remains fragmented. Studies differ in testing
activity, Al technique, dataset, evaluation
metric, and level of practical maturity. A
technical method may demonstrate strong
results for a specific testing task without
addressing governance, reuse, quality gates,
traceability, or organizational adoption. This
creates a gap between Al-for-testing research
and the operational responsibilities normally
associated with a Test Center of Excellence
(TCoE).

A TCoE can be understood in this study
as an organizational capability layer responsible
for reusable testing practices, standards,
automation, measurement, governance, and
continuous improvement. The novelty of this
study is therefore not a new Al algorithm.
Instead, it is an evidence-based mapping that
organizes heterogeneous Al testing techniques
into a TCoE-oriented capability framework
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while preserving the distinction between
technical testing evidence and direct TCoE
evidence.

The objective of this research is to
systematically map Al-driven software-testing
evidence, identify the testing activities and
evaluation measures supported by that
evidence, and derive a practical capability
framework for integrating Al-enabled testing
into TCoE operations. The manuscript is an
original synthesis of the reviewed evidence and
develops its TCoE interpretation from the
author's systematic mapping and evidence-
reconciliation process.

CONTRIBUTIONS

1. Evidence mapping contribution. The study
provides a reconciled mapping of Al
techniques, software-testing activities, and
reported evaluation evidence across the 15
primary empirical studies.

2. TCoE capability contribution. The study
derives an  evidence-based/proposed
capability framework that translates
heterogeneous Al-testing functions into
reusable TCoE capabilities.

3. Governance contribution. The study
integrates governance, human oversight,
quality gates, traceability, and continuous
improvement into the proposed Al-TCoE
operating model, without claiming
organizational validation.

2. METHODS

2.1 Research Questions

RQ1: What Al techniques are used to support
software testing?

RQ2: Which software-testing activities are
most frequently supported or automated
by Al?

RQ3: What TCoE capabilities can be derived
from Al-enabled software testing
research?

RQ4: How are Al-based testing approaches
evaluated and what evidence is reported?

RQ5: What research gaps and challenges
remain for integrating Al-enabled testing
into TCoE practice?

2.2 Search and Evidence Workflow
The review followed a controlled
evidence workflow developed specifically for
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the Al-driven software-testing stream and
aligned with established systematic literature
review guidance [14], systematic mapping
guidance[15], and transparent systematic-
review reporting principles[16]. The search
protocol  separated  organizational/TCoE
terminology from Al-driven software-testing
technology terminology so that the two
evidence streams could be connected only after
retrieval, deduplication, and eligibility
screening. The Stream B protocol covered Al
and software testing, Al test generation, Al-
driven automation, generative Al/LLMs, and
machine-learning optimization of testing
activities. The Lens search window was 2015—
2026, as defined by the locked review protocol.
The unified audit corpus contains 2,072 records.
This value is retained as an audit/corpus
denominator rather than as a final included-
study count. Focused reconciliation produced a
29-record evidence workset. The work set was
subjected to primary/secondary classification,
full-text verification, evidence extraction, and
final access resolution.

Search sources, exact query families, and
retrieval audit

The production search was executed in
The Lens Scholarly Works on 13 August 2026
using a 2015-2026 publication window. The
protocol used two complementary streams.
Stream A targeted organizational/TCoE
terminology; Stream B targeted Al-driven
software-testing terminology. Scopus, Web of
Science, IEEE Xplore, ACM Digital Library,
ScienceDirect, and SpringerLink were defined
as database-specific templates during protocol
development, but they were not executed as
independent production sources for the final
2,072-record corpus. This distinction is
reported explicitly to avoid overstating database
coverage.

For reproducibility, the production
search used two controlled streams. Stream A
used organizational terms for TCoE/test-factory
concepts, including the exact terms “Testing
Center of Excellence,” “Test Factory,” and
“centralized testing.” Stream B used the
following exact query families: B1 = (“artificial
intelligence” OR “machine learning” OR “deep
learning”) AND (“software testing” OR “test
automation” OR “automated testing”); B2 =
(“artificial intelligence” OR “machine learning”
OR “deep learning”) AND (“test case
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generation” OR  “test generation” OR
“automated test generation”); B3 = (“Al-driven
testing” OR “Al-based testing” OR “intelligent
test automation” OR “intelligent software
testing”); B4 = (“generative AI” OR “large
language model” OR LLM OR GenAl) AND
(“software testing” OR “test automation” OR
“test generation”); and BS5 = (“machine
learning” OR “reinforcement learning”) AND
(“test prioritization” OR “test selection” OR
“test optimization” OR “test maintenance”).
The production execution was performed in The
Lens; other databases named in earlier protocol
templates were not independently executed for
the locked final corpus.

Table 1. Production search streams, exact query families, and
raw retrieval counts.

Stream/ Exact query or Raw/ Role in
query controlled term exported audit
("generative Al"
OR "large
language model"
OR LLM OR GenAl/L
B4 GenAl) AND 1490 LM
("software testing" testing
OR "test

automation" OR
"test generation")

("machine
learning" OR
"reinforcement Search-
learning™) AND result
("test count

B5 prioritization" OR 1601 only; full
"test selection” export
OR "test unavailab
optimization" OR le

"test
maintenance")

Stream/ Exact query or Raw/ Role in
query controlled term exported audit
Direct
Al "Testing Cflalnter of 14 TCoI_E
Excellence terminolo
ay
Organizat
ional/cent
A5 "Test Factory" 195 rallged
testing
terminolo
gy
Broad
organizati
" - onal
A6 Ce'ntrellzed 1000 retrieval;
testing
export-
cap
warning
B1: ("artificial
intelligence" OR
"machine
learning” OR
"deep learning")
AND ("software Al testing
testing" OR "test +
B1_B2 futomation" OR 1832 gfzneratio
automated n;
testing"); B2: combined
same Al block export

AND ("test case
generation” OR
"test generation"
OR "automated
test generation™)

("Al-driven
testing" OR "Al- Al-
based testing" OR A
B3 "intelligent test 373 dn_ven/mt
R elligent
automation™” OR testin
“intelligent 4

software testing™)

The available record-level exports from
Al, A5, A6, B1-B2, B3, and B4 contained
4,904 records. Conservative computational
deduplication used normalized DOl when
available, otherwise normalized Lens ID and
then normalized title, producing 4,607
candidate records after removal of 297
duplicate/overlap rows. B5 was retained as a
documented search-result count because the
complete result set could not be exported. A
subsequent eligibility-master stage produced
2,072 records for audit-level reconciliation; at
this stage 670 were flagged as candidate-
includes, 469 as candidate-excludes, and 933 as
pending human review. These labels are audit-
stage classifications, not final PRISMA
inclusion decisions.

Screening  responsibility,  disagreement
handling, and access resolution

Title/abstract screening, evidence
reconciliation, and extraction were conducted
by the first author using the locked protocol and
the study-level audit sheets. The workflow
preserved source identifiers, decision status,
and exclusion rationale. Because an
independently coded second-reviewer dataset
was not available, an inter-rater agreement
statistic is not reported. Ambiguous records
were retained in a pending state until sufficient
evidence was available, rather than being forced
into inclusion or exclusion. Four records
ultimately remained access-limited at the final
resolution stage and were excluded only
because C4 could not be satisfied.
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Separate methodological quality assessment
After eligibility, each included primary
study was appraised using five reporting-
quality dimensions: (Q1) clarity of the testing
problem and Al technique; (Q2) clarity of
dataset/system and experimental context; (Q3)
clarity of baseline or comparator; (Q4) clarity of
evaluation procedure and reported outcome;
and (Q5) reproducibility information sufficient
to understand implementation or experimental
conditions. Each dimension was recorded as
Yes, Partial, or No. The quality layer was not
used to manufacture a pooled quality score and
was not used to exclude an otherwise eligible
study solely for incomplete reporting; instead, it
was used to qualify the synthesis and identify
evidence-strength limitations.

Table 2. Methodological quality assessment checklist applied

after eligibility.
Quality . . Use in
dimension Operational question synthesis
Q1 Is the testing problem Technique/acti
Problem/techni  and Al mechanism vity
que clarity sufficiently specified? classification
Avre system, dataset,
Q2 Context benchmark, or Transferability
clarity experimental context interpretation
described?
Q3 Isa
¢ baseline/comparator Comparative
omparator S .
- identified where claims
clarity S .
comparison is claimed?
Q4 Evaluation Arg metrics, procedure, Evndenﬁe-
clarity and outcomes strength
sufficiently reported? interpretation
Q5 Are
- implementation/configu  Replication/au
Reproducibilit : - . U
y detail ration details sufficient dit claims

for replication or audit?

2.3  Eligibility Criteria

A study was promoted to the primary
evidence set only when five eligibility gates
were satisfied: C1, direct software-testing
relevance; C2, primary empirical-study status;
C3, Al applied to a testing activity; C4,
sufficient verified full-text evidence; and C5,
extractable empirical evaluation evidence.
Eligibility was separated from methodological
quality: C1-C5 determined whether a study
could enter the evidence set, whereas quality
appraisal qualified the confidence and
interpretation of extracted evidence. The
protocol intentionally avoided promoting
records merely because their titles or abstracts
contained Al and testing keywords.

The final focused workset reconciles to
29 records: 15 primary empirical studies, 9
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secondary studies, 1 scope exclusion, and 4 full-
text/access exclusions. The four access
exclusions remained pending until the final
access-resolution stage; after the final attempt,
C4 could not be satisfied and the records were
excluded with an explicit reason. This treatment
prevents inaccessible records from being
silently counted as either included or excluded
on the basis of weak evidence.

2.4 Data Extraction and Synthesis

The extraction schema  captured
bibliographic identity, Al technique, testing
activity, target system, empirical setting,
evaluation  metrics, reported outcomes,
limitations, and TCoE relevance. Because the
studies use heterogeneous evaluation measures,
the synthesis is qualitative and matrix-based
rather than a pooled meta-analysis, consistent
with evidence-synthesis approaches used in
software-engineering  reviews[17].  Metric
families were grouped into coverage,
defect/fault detection, execution efficiency,
generated-test quality, mutation score, test
smells, metamorphic validity, false alarms,
precision/specificity, inconsistency, reliability,
and maintenance indicators.

The TCoE mapping was derived through
a traceable chain: Al technique — testing
activity — measurable testing outcome —
TCoE capability — governance and human
oversight — continuous improvement. This
prevents the TCoE framework from treating
every Al testing paper as if it were an
organizational TCoE study.

TCoE capability derivation procedure

The five TCoE capabilities were derived
after study-level coding rather than assigned
directly from paper titles. For each primary
study, the extraction first recorded the Al
technique, then the testing activity, then the
measurable testing outcome. These technical
elements were mapped to an operational TCoE
capability, followed by a governance/human-
oversight implication and a continuous-
improvement requirement. Capabilities were
retained only when the testing function could be
operationally ~ connected to a TCoE
responsibility; the mapping does not imply that
the source study itself evaluated a TCoE. The
resulting five capabilities are Automated Test
Development, Test Optimization, Adaptive
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Automation, Intelligent Maintenance, and
Governance and Al-System Evaluation.

The derivation is therefore an evidence-
to-organization interpretation: technical
evidence — testing activity — measurable
outcome — TCoE capability —
governance/human oversight — continuous
improvement. The last three elements are
author-derived organizational implications and
are explicitly distinguished from direct
empirical findings in the primary studies.

3. RESULTS AND DISCUSSION

3.1 Evidence Reconciliation and Primary-

Study Set

The final focused evidence workset
contains 29 records: 15 primary empirical
studies, 9 secondary studies, 1 scope exclusion,
and 4 full-text/access exclusions. The 15
primary studies are: FastLane[1]; Importance-
Driven Deep Learning System Testing[2] ; data
distribution-aware test selection [3]; test-input
prioritization  [5];  feature-selection-based
regression test prioritization[6]; comparative
ML  test-case prioritization[7];  genetic-
algorithm/reinforcement-learning test-data
generation [8]; RL-driven adaptive test
generation[9]; XMutant [19]; TAEFuzz[10];
CITYWALK][11]; hallucination-reduced unit-
test generation[12]; adaptive self-healing BDD
automation [13]; multistage-based genetic-
algorithm test generation [18]; and multi-
objective search for model-based testing [20].
The 9 secondary studies were retained for
contextual synthesis but were not included in
the primary denominator. One record was
excluded for scope, while four were excluded
after final access resolution because sufficient
verified full text could not be obtained.

The boundary between the 2,072-record
audit corpus and the 29-record focused
evidence  workset is  methodologically
important. The 2,072 value documents the scale
of the retrieved and reconciled corpus; it does
not mean that all 2,072 records underwent the
same final full-text eligibility process. The
locked primary denominator of 15 therefore
applies to the focused evidence synthesis.

Table 3. Evidence reconciliation from search retrieval to the
final focused workset.

Stage Records Interpretation
Auvailable record-

level exports across

Raw exported

search streams 4,904 Al, A5, A6, B1-B2,
B3, and B4
. 297
Computationally .
deduplicated 4,607 duplicate/overlap

rows removed using
DOl/Lens ID/title
Audit-level master;
not final inclusion
Final focused

candidates

Eligibility master 2,072

Focused evidence 29

workset reconciliation
Primary empirical Final primary
. 15 .
studies denominator
Secondary studies 9 Contextual synthesis
only
. Outside final
Scope exclusion 1
protocol scope
C4 not satisfied after
Full-text/access -
: 4 final access
exclusions .
resolution

The four access exclusions were retained
explicitly rather than silently omitted:
“Optimizing Continuous  Integration by
Dynamic Test Proportion Selection,” “On the
Use of Artificial Intelligence in Software
Testing: State of the Art and Application to
Satellite Systems,” “Legacy Code Test
Generator Using Large Language Model,” and
“LLM-Based Unit Test Cases Generation for
React, Vue, and Angular Components.” For
each, available metadata indicated potential
relevance, but verified full-text evidence
sufficient for C4/C5 could not be obtained in the
final access-resolution attempt.

3.2 RQ1— Al Techniques Used in

Software Testing

Across the 15 primary studies, six Al
families were coded using multi-label
classification because several studies combine
techniques. Machine learning appears in 5/15
studies; reinforcement learning in 4/15;
evolutionary/search/adversarial  optimization
methods in 4/15; deep learning in 4/15;
LLM/GenAl in 2/15; and explainable Al in
1/15. The counts are not additive because
hybrid studies contribute to more than one
family. Machine learning supports prediction,
selection, prioritization, and minimization [1],
[5], [6], [7]; reinforcement learning supports
adaptive decisions and search[8], [9], [13], [20];
evolutionary/search methods support test
generation and optimization[8], [10], [18], [20];
deep learning appears both as the testing target
and as a component of Al-enabled testing[2],
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[3], [10], [19] ; XAl guides failure-oriented Study / Al e Evaluation ~ TCoE
. evidence fami esting evidence capability
fuzzing [19]; and LLMs support context-aware type ly StV orted mapping
unit-test generation[11], [12] Test Input Prioritization
Deep learning is both a system-under-test Prioritizatio Prioritizat  /fault- Test
. n [5] ML - . Optimizat
technology and a testing target. Importance- Primary ion detection ion
driven testing uses internal component empirical performance
importance to assess semantic diversity [2], ggf;gt'fon s;fpormance Test
while data distribution-aware  selection forRTP[6] ML  rortizat e oviire- Optimizat
P . . - ion : :
addresses distribution shift during DNN Primary reduction ion
enhancement[3]. XMutant and TAEFuzz E“;ﬁ:;'acf‘;tlv o
extend DL testing toward explanation-guided e ML prediction Test
and adversarial robustness-oriented Pr['g]“t'zat'o ML Prioritizat  accuracy Optimizat
. n ion across )
fuzzing[10], [19]. _LLI\/_I/GenAI approaches Primary historyftime 1O
expand test automation into executable code empirical budgets
and test-artifact generation, including project- Esnaashari  RL Coverage; 4o
context-aware C++ unit testing and &Damia  + Testdata €SS pevelopm
hallucinati itigation[11], [12 (8] evol * eneration  EvAlUaloNs; o Tag
allucination mituga IOH[ ]. [ ] Primary ution 9 generation L
empirical ary speed iC());;tlmlzat
Table 4. Al technique families in the 15-study primary evidence . Adaptive Coverage;
set. Konidena generation  execution Adaptive
etal. [9] RL : e . A .
. . . Represent Primary oo clliciency, utomati
. Studies  Primary testing - . prioritizati  defect on
ATl 1s) role ave empirica on detection
studies
Prediction, (1], [5] XMutant ?Ejrtgsrpate
Machine selection, "y XAl Failure rate;
leamni 5 St [61, [7], [19] : Developm
earning prioritization, - + Fuzzing AUFC-based
minimization [13] epr:miz:irgal DL efficiency gg\feman
. Adaptive decisions, P
Reinforceme 4 - [8], [91, ce
; search, generation,
nt learning . [13], [20] Evol
Evolutionarv/ 'Sl?eI:;heear:tI;?gtion TAEFuzz ution Failure Automate
y L genel ' [8], [20], [10] ary/s  Robustnes  discovery/ro  d Test
search/advers 4 optimization, - .
) [18], [20] Primary earc s fuzzing bustness Developm
arial robustness search empirical hat evidence ent
DL-system testing,
:Deep_ 4 data selection, [21, [3] DL
earning robustness/fuzzing [10], [19] Generated-
Unit-test generation &IEH}N AL LL C++ unit- tcecfrtrectness/ gx$t:sr?ate
LLM/GenAl 2 and context-aware [11], [12] - M/G  test e 4
- Primary . uality; Developm
automation L enAl  generation -
. . . empirical project ent
Explainable 1 Guided fuzzing and [19] comparison
Al failure search Hallucinati P
on- Automate
Table 5. Study-level extraction summary for the 15 primary Reduced - d Test
empirical studies. Unit Test II\_/II76 Unit-test Séircuuct'ijbrg:t Developm
_ Generation generation ent/
Study / Al Testing Evaluation ~ TCoE | [12] enAl robustness & o on
evidence fami L evidence capability i
activity ! Primary ce
type ly reporfced mapping empirical
FastLane Minimizat Test-tl_me Test Adaptive Adaptive
(1] ML ion: reduction; Optimizat Self- v Maintena  Script Automati
Primary selection ~ outcome ion Healing . nce; maintenance  on/
empirical accuracy BDD [13] RL adaptive time; defect Intelligent
Importance Semantic Governan Primary generation  detection Maintena
-Driven DL Test diversity; ce and Al- empirical nce
Testing [2] DL adequacy;  robustness- System Evol .
Primary generation  oriented Evaluatio . ution  Test Mutation Automate
i ; Multistage . score, d Test
empirical testing n aryls  generation
GA [18] : accuracy, Developm
Data - earc .
Distributio Model- Primary N © .. time event-  ent/Test
enhancement i ad  optimizati L
n-Aware Test empirical vers  on based _ _Optlmlzat
Selection DL  Selection  A2ccuracy Optimizat ial evaluation ion
3] under ion ara
Primary distribution
o shift
empirical
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Study / Al Testin Evaluation TCoE
evidence fami otNg evidence capability
activity -
type ly repo_rted mapping
Multi- Multi- Automate
objective RL objective d Test
Search for  + Model- search Developm
MBT [20] searc based effectiveness ent/ TeZt
. generation  and test- -
Primary h - Optimizat
empirical generation ion
outcomes

3.3 RQ2 — Software-Testing Activities

Supported by Al

RQ2 shows that test generation is the
most frequently represented activity: 8/15
primary studies involve generation.
Prioritization appears in 4/15, selection in 3/15,
optimization in 2/15, fuzzing in 2/15, while
minimization, maintenance/self-healing, and
adequacy each appear in 1/15. These are multi-
label counts because a study may support more
than one activity. Generation includes
genetic/RL search, adaptive Agile generation,
fuzzing-oriented generation, and LLM-based
unit-test generation[8], [9], [10], [11], [12],
[18], [20].

Selection and prioritization form the
second major activity family. FastLane supports
minimization/selection[1]; data distribution-
aware selection chooses a subset of test data for
DNN enhancement[3]; and ML-based
prioritization studies investigate input value,
feature representation, test history, and
execution budgets[5], [6], [7]. This family is
particularly relevant to CI/CD because time
budgets constrain the number of tests that can
be executed.

Optimization and minimization are

related but operationally distinct. Minimization
seeks to reduce redundant execution, while
optimization seeks better test inputs, test
sequences, or decisions under resource
constraints[1], [18], [20]. The reviewed
evidence supports both uses, with language-
model-based  minimization providing a
complementary example of scalable test-suite
reduction[21], suggesting that a TCoE should
manage them as reusable optimization
capabilities rather than isolated scripts.
Fuzzing and robustness testing constitute
another activity family. XMutant uses XAl to
guide semantic fuzzing[19], while TAEFuzz
uses transferable adversarial examples for
image-based DL systems[10]. These studies
broaden the TCoE view of automation from
functional regression testing to Al-system
robustness and failure discovery.

Adaptive automation and maintenance
are emerging activities. The self-healing BDD
framework uses dynamic locators, adaptive
generation, and reinforcement learning to
respond to application changes[13].
Importance-driven  testing contributes an
adequacy-oriented activity[2]. These findings
suggest that future TCoEs need maintenance
and  quality-assessment  services  that
continuously detect broken tests, assess whether
repair or generation actions are safe, and retain
evidence of changes.

Table 6. Study-by-activity frequency mapping (multi-label).

Studies

Testing activity (n/15) Examples

Test generation 8 %ﬂ] [?j]1’8[]9][Y2[01]1]' [12],
Test prioritization 4 [5], [6], [7], [9]

Test selection 3 [1]1, [3], [9]
Optimization 2 [18], [20]
Fuzzing/robustness 2 [10], [19]
Minimization 1 [1]
Maintenance/self-healing 1 [13]

DL test adequacy 1 [2]

3.4 RQ3— TCoE Capability Mapping

The evidence supports five operational
TCoE capabilities. The first is Automated Test
Development,  which  covers  reusable
generation of unit tests, test data, and fuzzing
inputs. The second is Test Optimization,
covering selection, prioritization, minimization,
and search-based optimization. The third is
Adaptive Automation, covering RL-based
decisions and self-healing execution. The fourth
is Intelligent Maintenance, covering test reuse,
repair, and adaptation to application changes.
The fifth is Governance and Al-System
Evaluation, covering validation, traceability,
quality gates, risk controls, and human
oversight.

Table 7. Al-enabled TCoE capability mapping.

TCoE Evidence
capability mapping

Operational
responsibility
Reusable test

Automated Test ~ Generation,

; " assets and
Development fuzzing, unit tests standards
Test Sﬁfﬁgggﬁon Resource-aware
Optimization prioritization, CI/CD execution
minimization
Adaptive RL and self- Response to
Automation healing changing systems
Intelligent Repair, reuse, Reduced test-
Maintenance adaptation maintenance effort
Validation, .
Governance - Human oversight
and Evaluation metrics, and quality gates
traceability

These capabilities should not be
interpreted as five separate tools. A mature

357

Ahmad, Al-Driven Software Testing for a Test Center of Excellence: A Systematic...


https://doi.org/10.15408/jti.v19i2.53564

Jurnal Teknik Informatika Vol. 19 No. 2, October 2026 (350-364)
ISSN: p-ISSN 1979-9160 (Print)| e-ISSN 2549-7901 (Online)

DOI: https://doi.org/10.15408/jti.v19i2.53564

TCoE would integrate them into a pipeline in
which Al generates or recommends testing
actions, evidence is collected from execution,
outcomes are measured, and governance
controls determine whether recommendations
can be promoted into operational test assets.

3.5 RQ4 — Evaluation Evidence

Evaluation evidence is heterogeneous
and was therefore normalized into metric
families rather than pooled into a single score.
The primary studies report measures spanning
execution  efficiency/time, prediction or
prioritization performance, coverage and test
adequacy, fault/failure detection, robustness,
generated-test ~ quality/executability,  and
maintenance/repair effectiveness. Examples
include FastLane time savings and outcome
accuracy[l], model-enhancement accuracy
under distribution shift[3], prioritization
performance and feature-reduction cost [5], [6],
[7], search efficiency and coverage for
automated test-data generation[8], failure rate
and efficiency for XMutant[19], robustness-
oriented failure discovery for TAEFuzz[10],
generated-test quality for CITYWALK][11],
and script-maintenance time and defect-
detection rate for self-healing automation[13].

LLM-based test generation introduces
additional quality dimensions. CITYWALK
evaluates executable and high-coverage C++
unit tests using project-dependency information
[11], while hallucination-reduced generation
focuses on structural integrity and executable
test quality [12]. Self-healing automation
introduces maintenance cost, suite stability, and
repair effectiveness as evaluation concerns[13].
Because the archived extraction did not
normalize every study-specific metric into a
validated common counting dictionary, the
manuscript does not fabricate study-frequency
counts for individual metric names. Instead, it
reports the metric families represented in the
primary evidence and distinguishes those
reported measures from an author-derived
TCoE metric portfolio. For TCoE use, the
evidence supports four portfolio dimensions:
effectiveness  (faults detected, coverage,
validity), efficiency (execution time and
resource use), reliability (false alarms,
robustness, stability), and maintainability
(repair effort, reuse, adaptation). No pooled
effect size or cross-study performance score is
claimed.
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3.6 RQ5— Research Gaps and

Challenges

The first gap is reliability of Al-generated

tests. LLM-based generation can produce
syntactically plausible but semantically weak or
hallucinated tests, motivating work on
hallucination reduction and structural validation
[12]. The second gap is context awareness.
CITYWALK demonstrates the value of project-
dependency and language-specific knowledge
[11], indicating that generic prompts alone may
be insufficient for complex systems.
The third gap is long-term maintenance. Self-
healing automation provides evidence that Al
can respond to Ul and application changes[13],
but long-term reliability, repair safety, and
regression risk require further study. The fourth
gap concerns test oracles and validation.
Generated tests still require mechanisms for
determining whether observed behavior is
correct, especially for Al systems and
nondeterministic applications.

The fifth gap is governance. Al-
generated or Al-prioritized tests affect release
decisions, yet the reviewed technical studies
rarely provide a complete organizational
governance model. A TCoE must therefore
retain  human accountability, traceability,
approval rules, and quality gates. The sixth gap
is CI/CD integration and reproducibility.
Although several studies use CI or industrial
data[1], [7], broader evidence on cross-project
portability, benchmark standardization, and
reproducible artifacts remains limited.

Finally, evaluation standards are
fragmented. The absence of common
benchmark suites and common reporting
dimensions makes it difficult to compare
techniques across testing activities. A TCoE-
oriented research agenda should therefore
prioritize reusable benchmarks, transparent
datasets, artifact availability, standardized
metric definitions, and longitudinal evaluation.

3.7 Integrated Al-TCoE Capability

Framework

The synthesis produces an evidence-
derived/proposed operating model with six
stages; it is not presented as an empirically
validated organizational framework; no
reviewed study is treated as direct
organizational validation of the TCoE model.
First, an Al technique provides a capability such
as prediction, generation, optimization,
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explanation, or adaptation. Second, the
capability is connected to a testing activity such
as generation, prioritization, fuzzing, or
maintenance. Third, execution produces
measurable evidence. Fourth, the evidence is
assessed against TCoE quality gates. Fifth,
human oversight determines whether the Al
recommendation or generated artifact can be
promoted. Sixth, the outcome is stored as
organizational knowledge and used for
continuous improvement.

Al TECHNIQUE

y
TESTING ACTIVITY
!
MEASURABLE OUTCOME
!
TCoE CAPABILITY

|
GOVERNANCE + HUMAN OVERSIGHT

|
CONTINUOUS IMPROVEMENT

Figure 1. Integrated AI-TCoE capability operating model.

This model is intentionally governance-
oriented. Al should not directly replace the
TCoE's responsibility for test policy, release
criteria, risk acceptance, evidence traceability,
and auditability. Instead, Al becomes a
capability layer that increases the speed and
adaptability of testing while the TCoE supplies
the organizational controls needed to make
those capabilities dependable.

3.8 Threats to Validity

Search bias may omit relevant studies
outside the selected databases or query
vocabulary. The review mitigates this by
maintaining separate search streams and
preserving the audit corpus. Publication and
access bias may also affect evidence
availability; four focused records were
excluded after final access resolution because
sufficient verified full text could not be
obtained.

Classification bias is possible when a
paper could be interpreted as technical
evidence, secondary evidence, or organizational
evidence. The C1-C5 protocol and explicit
primary/secondary classification reduce this
risk. Screening and extraction were conducted
by a single reviewer, so independent inter-rater
agreement could not be estimated; this is a
limitation of the review. Metric heterogeneity
limits quantitative aggregation, so the synthesis
uses metric families rather than pooled effect
sizes.

The TCoE capability framework is an
evidence-derived interpretation rather than a
claim that all reviewed studies explicitly
evaluated TCoEs. This distinction is essential:
technical evidence is mapped to organizational
capability only where the testing function can
be operationally connected to TCoE
responsibilities. No reviewed study is used as
evidence that an organizational TCoE itself was
implemented or validated; the organizational
mapping is an author-derived synthesis of the
reported testing functions.

Generalizability is also limited by the
small primary evidence base (15 studies),
heterogeneous contexts, and uneven reporting
detail. The five TCoE capabilities should
therefore be treated as an evidence-informed
organizational synthesis rather than as a
universal organizational structure. Future
validation requires multi-site case studies and
longitudinal industrial evaluation.

3.9 Study Characteristics and Evidence

Distribution

The primary evidence set is
heterogeneous in both technical focus and
experimental —context. Studies on test
minimization and prioritization are closely
connected to continuous integration and large-
scale execution environments [1], [6], [7].
Studies on deep-learning testing focus more
strongly on adequacy, data distribution,
robustness, and failure discovery[2], [3], [10],
[19]. LLM-oriented studies emphasize the
quality and executability of generated test
artifacts,  while  self-healing  research
emphasizes adaptation and maintenance[11],
[12], [13]. This distribution matters for TCoE
design because different Al techniques address
different bottlenecks in the testing lifecycle.

At the level of testing artifacts, the
evidence can be organized into three broad
classes. The first class concerns test inputs and
test data, including generated inputs, selected
data, prioritized inputs, and fuzzing inputs. The
second class concerns executable test artifacts,
including unit tests and automated test scripts.
The third class concerns test decisions,
including which tests to execute, in which order,
and under what time budget. A TCoE can
therefore treat Al as a portfolio of services that
operate on inputs, artifacts, and decisions rather
than as a single platform feature.

An important observation is that the
evaluation target changes with the testing
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activity. A test-generation approach may be
judged by coverage, validity, executability, or
fault detection, whereas a test-minimization
approach may be judged by time savings and
prediction accuracy. A self-healing approach
must additionally be assessed for repair
correctness and stability. Consequently, a TCoE
dashboard should not collapse these dimensions
into a single Al-performance indicator. Instead,
each Al capability should have an explicit
quality contract that defines its intended
outcome and acceptable failure modes.

3.10 Implications for TCoE Architecture

The evidence supports a layered TCoE
architecture. At the bottom is the test-asset
layer, containing source code, requirements,
historical test executions, defect records, model
artifacts, and project documentation. Above it is
an Al service layer that provides prediction,
generation, optimization, explanation, and
adaptation. A measurement layer records
execution outcomes and quality indicators. A
governance layer controls access, approval,
traceability, and risk. Finally, a knowledge layer
stores validated prompts, models, test patterns,
benchmark results, and lessons learned for reuse
across teams.

Such an architecture addresses a
recurring weakness in Al-testing research: the
gap between an experimental technique and an
operational capability. For example, an ML
model that prioritizes regression tests is useful
to a TCoE only when the model can consume
reliable historical data, operate within CI/CD
time  constraints, expose  performance
indicators, and provide a fallback when
prediction confidence is low[1], [5], [7].
Similarly, an LLM-based test generator requires
project context, executable validation, and
mechanisms for rejecting hallucinated or low-
quality tests [11], [12].

The governance layer is particularly
important for generated artifacts. A practical
TCoE should distinguish between Al-generated
recommendations, Al-generated test assets that
have passed automated validation, and test
assets approved for release-critical execution.
This creates an evidence chain from generation
to validation and approval. It also supports
auditability when Al  recommendations
influence release decisions.

Human oversight should therefore be
designed as an explicit control point rather than
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as an informal practice. The human role is
strongest where consequences are high,
evidence is ambiguous, or the Al system has
low confidence. In lower-risk repetitive
activities, automated gates can be used to
reduce manual effort. This risk-based allocation
of human involvement is consistent with the
observed diversity of Al-testing applications
and with the need for TCoEs to maintain
organizational accountability.

3.11 Comparison with the Existing

Evidence Base

Recent secondary literature confirms that
Al-testing research is broad but fragmented.
Escalante-Viteri and Mauricio provide a
decade-scale taxonomy of Al algorithms,
testing problems, variables, and metrics[22].
Faraji and Pombo survey Al-driven test
automation across planning, generation,
execution, repair, and maintenance [23]. Ricca
et al. focus on more than 3,600 grey-literature
sources and 100 Al-driven test-automation
tools, complemented by expert interviews[24].
Garousi et al. review 56 Al-powered testing
tools and emphasize that full autonomy remains
distant[25]. Tasarsu et al. focus specifically on
LLM-based test-case generation and analyze 38
peer-reviewed studies[26]. Lahami and Krichen
provide a 2026 architectural SLR of 37 GenAl-
driven testing studies, emphasizing testing
activities,  architecture, pipelines, and
evaluation metrics[27]. These studies establish
a strong technical and tool-oriented evidence
base, but they do not wuse TCoE
capability/governance as the primary synthesis
unit.

Compared with conventional rule-based
automation, Al-enabled approaches provide a
potential advantage when the testing
environment changes or when the decision
space is too large for manually specified rules.
However, the evidence also shows that this
flexibility introduces new failure modes.
Prediction errors can omit useful tests,
generated tests can be invalid or hallucinated,
adaptive repairs can introduce unintended
behavior, and Al-system testing itself requires
specialized  adequacy and  robustness
measures[2], [12], [13], [19]. Therefore, Al
adoption should be accompanied by validation
and fallback mechanisms.

The present review differs in emphasis
rather than claiming a competing algorithmic
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taxonomy. Its contribution is the explicit
translation chain from Al technique to testing
activity, measurable outcome, TCoE capability,
governance/human oversight, and continuous
improvement. The five capabilities are author-
derived from the mapped technical evidence;
they are not claimed to have been directly
observed in all 15 primary studies. This
boundary is important because a strong
technical result does not by itself demonstrate
organizational scalability, governance
readiness, or TCoE effectiveness.

Table 8. Positioning against recent Al-driven software-testing
reviews and surveys.

. Scppe/ Prlmary Boundary relative
Review evidence synthesis .
to this study

base focus
Escalant ;I'fa xonomy
e-Viteri 2014-2024 algorithms Does not center
& Al/softwar g TCoE
Mauricio  e-testing . capability/governa
(2025) literature prop lems, nce

variables,
[22] ;
metrics

Faraji & Al4SE- Technique gz der

oriented s, tools, . .
Pombo research+  challenges automation survey;
gg]z 5) industrial across test 210; T%OE evidence

tools cycle pping

3,600+ Al-

grey assisted :
Riccaet  sources; test- (_Srey .

. literature/practice
al. 342 automatio emphasis rather
(2025) filtered n thaﬁ rimary-stud
[24] documents  problems, P Y Y

; 100 tools;  solutions, evidence synthesis

5 experts tools

Garousi 56 Al- I:OE:bilitie Tool review; not
etal. powered P study-level TCoE
) sand I
(2025) testing L capability
limits of A
[25] tools derivation
autonomy
38 peer- LLM
Tasarsu " datasets, e
etal reviewed techniques LLM-specific;
y LLM test- narrower than full
(2026) A ,
generation AIl/TCoE scope
[26] . languages,
studies . .
integration
Lahami 37 GenAl- Tes_tlp_g Architecture-
activities,

& driven centric; does not

architectur

Krichen testing e derive TCoE
(2026) primary | elines governance
[27] studies PIPEIINES, capabilities
metrics
15
primaries Evidence-
+9 to-TCoE  -roposed
. . - organizational
This secondarie  capability, .
. synthesis; not
study sina?29- governanc P
empirically
record e, human '
- validated
focused oversight
workset

TCoE should inventory current testing
activities, historical execution data, defect
records, CI/CD constraints, and existing
automation assets. Al should not be introduced
before the data and measurement baseline is
understood.

Phase 2 — Introduce low-risk
optimization (author-derived recommendation).
Test selection, prioritization, and minimization
are suitable early candidates because their
outputs can often be compared with an existing
deterministic test process. Metrics such as
execution time, fault detection, and prediction
accuracy can be monitored continuously[1], [5],

[7].

Phase 3 — Expand generation and
adaptive automation (author-derived
recommendation). Once measurement and
quality gates are mature, the TCoE can
introduce automated test-data generation,
fuzzing, unit-test generation, and adaptive
automation[8], [13]. Generated artifacts should
pass syntax, execution, coverage, and policy
checks before operational adoption.

Phase 4 — Establish governance and
continuous learning (author-derived
recommendation). Approved Al capabilities
should be versioned, monitored, periodically
revalidated, and associated with explicit
ownership. Changes in applications, datasets,
models, or prompts should trigger appropriate
re-evaluation. The TCoE should maintain a
reusable knowledge base of successful patterns
and documented failure cases.

Table 9. Practical TCoE implementation stages for Al-enabled

3.12 Practical TCoE Implementation
Roadmap
Phase 1 — Establish the evidence
baseline (author-derived recommendation). The

testing.
TCoE Al .
stage capability Key metric Control
Data-driven . .
Discover test Select_lon Data quality
. effectiveness check
selection
Prioritizatio .
Optimize n/minimizat Time saved_, Fal!back
ion fault detection  policy
Unit-
test/test- Validity, Automated
Generate I
data coverage validation
generation
- Human
Adapt ﬁ:g-in /IRL rsetagilllgfccess approval for
g P high risk
Al portfolio Reliability, Aud_lt and
Govern managemen . version
drift, reuse
t control

3.13 Research Agenda for Al-Enabled
TCoE
Based on the evidence gaps, future
research should move beyond isolated
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algorithm comparisons toward longitudinal
evaluation of Al testing capabilities in realistic
development  environments. A useful
benchmark should capture changes in source
code, test suites, requirements, defect histories,
CI/CD execution budgets, and model versions.
Such a benchmark would allow researchers to
evaluate not only whether an Al technique
improves one metric, but whether the
improvement remains stable as the system
evolves.

A second research direction s
standardized reporting. Studies should report
the testing activity, baseline, dataset or project
context, training data, Al model configuration,
evaluation protocol, and failure cases in
sufficient detail to support replication. For
LLM-based approaches, prompts, context
sources, model versions, temperature or
sampling settings, generated-test filtering, and
validation rules are particularly important.
Without this information, comparisons between
LLM testing approaches remain difficult.

A third direction is evidence-aware
automation. Al-generated tests should carry
provenance information that identifies the
source requirements, code context, model or
prompt version, validation results, and approval
status. This would allow a TCoE to distinguish
experimental artifacts from  production-
approved testing assets. It would also support
audit trails when a generated test contributes to
a release decision.

A fourth direction is adaptive
governance. Al systems and software systems
both change over time, so static approval is
insufficient. A TCoE should monitor
performance drift, changes in the application
under test, changes in training data, and changes
in generated-test quality. Future studies should
investigate thresholds that trigger retraining,
revalidation, human review, or temporary
rollback of an Al testing capability.

A final direction is organizational
evaluation. Most technical evidence focuses on
algorithmic or testing outcomes, while TCoE
adoption also depends on cost, skill
requirements, integration effort, user trust,
maintainability, and organizational readiness.
Future systematic reviews and empirical studies
should therefore connect technical metrics with
operational outcomes such as cycle-time
reduction, defect escape rate, test-maintenance
effort, and reuse across projects.
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CONCLUSION

This systematic mapping and evidence
synthesis shows that Al-enabled software
testing spans test generation, selection,
prioritization, minimization, optimization,
fuzzing, validation, adaptive automation, and
maintenance. The final focused evidence
workset contains 29 records: 15 primary
empirical studies, 9 secondary studies, 1 scope
exclusion, and 4 full-text/access exclusions.
The 15-study primary base is heterogeneous
and small, so the quantitative mapping is
descriptive and multi-label rather than a pooled
performance synthesis.

The main contribution is an evidence-
derived/proposed Al-TCoE capability
framework that connects Al techniques to
testing activities, measurable outcomes,
reusable testing capabilities, and governance
with human oversight. The framework should
not be interpreted as empirically validated
organizational performance evidence. Its value
is as a traceable synthesis that helps translate
heterogeneous technical results into candidate
TCoE capabilities while preserving the
boundary between direct study evidence and
author-derived recommendations.

Future research  should establish
standardized evaluation metrics, reproducible
cross-project benchmarks, longitudinal studies
of maintenance and self-healing, stronger test-
oracle mechanisms, and governance models for
Al-generated and Al-prioritized testing assets.
Empirical validation of the proposed TCoE
model through multi-site case studies,
longitudinal  industrial ~ evaluation, and
comparative organizational studies is a priority.
These directions can move Al-enabled testing
from task-specific demonstrations toward
dependable enterprise testing capabilities.
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