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Abstract

Purpose: Regression suites grow by accretion, and permanent test suite reduction promises lower execution cost, yet deletions
are rarely audited for the fault-detection capability they give up. This review asks when coverage-based, behaviour-based
and search-based reduction preserves that capability, and what evidence a permanent deletion should carry.

Method: A critical integrative review of software testing research, standards and adjacent measurement literature published
up to 2025, appraised for the validity of redundancy criteria, fault-seeding practice and version horizon.

Findings: Coverage equivalence is a weak proxy for behavioural equivalence. Greedy and exact set-cover solutions preserve
branch coverage while shedding tests that kill distinct mutants or expose distinct real faults. Similarity-based and multi-
objective methods, notably NSGA-II with mutation or fault-history objectives, retain more capability but depend on the
quality of the kill matrix and of failure history, which under-represents new and stable code.

Contribution: The article formalises reduction as constrained set cover with explicit loss accounting, proposes the Capability-
Preserving Suite Reduction (CPSR) framework with retention guards and a shadow-execution audit, and states six falsifiable
propositions with evaluation designs.

Implications: Deletion should be a reversible, audited decision: teams should report fault-detection loss on later versions
alongside wall-clock savings, and retain uniquely diagnostic tests even when their coverage is subsumed.

Keywords: test suite reduction; test suite minimization; redundancy detection; coverage analysis; mutation analysis; multi-

objective optimization; NSGA-II; failure prediction

Introduction

Regression test suites rarely shrink on their own.
Tests are added when features ship, when defects
escape and when coverage targets are tightened, but
they are seldom removed, because the cost of deleting
a test stays invisible until a fault slips through. The
result is a suite whose execution time grows faster
than the code it protects, and whose individual tests
increasingly exercise the same statements, branches
and input partitions. Surveys of unit testing practice
report that developers write tests incrementally and
seldom revisit whether older tests still earn their
runtime (Daka & Fraser, 2014), and classic treatments
of testing economics have long regarded redundant
tests as cost without matching benefit (Myers et al.,
2011; Kaner et al., 1999). Test suite reduction, also
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called minimization, answers this by permanently
removing tests judged redundant with respect to a
set of test requirements, usually coverage entities
such as statements, branches or definition-use pairs
(Ammann & Offutt, 2016; Zhu et al., 1997).
Reduction differs in kind from the two
neighbouring techniques with which it is often
grouped. Test case prioritization reorders a suite
so that faults surface earlier but keeps every test,
and regression test selection chooses a subset for
one particular change while leaving the stored
suite intact (Catal & Mishra, 2013; Li et al., 2007).
Reduction is permanent: a deleted test does not run
on any future version, including versions whose
changes bear no resemblance to the history used
to justify the deletion. That permanence changes

154



International Journal of Recent Advances in Science and Technology, 2025; 11(4):154-179

the risk calculus. An error in prioritization delays
detection, an error in selection affects one build, but
an error in reduction removes a detector for as long
as nobody notices its absence. Governance research
on continuous control makes the comparable point
that controls retired because they appeared quiet are
the ones whose absence is discovered only after an
incident (Adebayo et al., 2025; Akhigbe et al., 2025).
Tests also carry institutional memory. A test written
after an incident encodes a failure mode that may
be documented nowhere else, and, like knowledge
passed at shift handover in continuous operations, it
is lost silently when its carrier is removed (Ekelemu,
2025b; Amarahobu et al., 2025a).

The Unresolved Problem

The empirical record on reduction contains a
durable disagreement. One stream of studies
reports that coverage-preserving reduction removes
a large fraction of tests with little loss of fault
detection; another, using larger programs, seeded
faults and differently constructed suites, reports
losses that are substantial and hard to predict. The
disagreement persists because studies differ in
what they hold constant: the adequacy criterion
that defines redundancy, the way the original suites
were built, whether faults are real or generated by
mutation operators, and whether loss is measured
on the version used for reduction or on later versions
(Zhu et al., 1997; Easterbrook et al., 2008). Three
developments have widened rather than closed the
gap. Behaviour-based redundancy measures, which
compare what tests observe rather than what they
execute, promise better retention but lack agreed
validation. Multi-objective search, especially the
non-dominated sorting genetic algorithm NSGA-II,
returns a Pareto front instead of a single answer,
which moves the hardest choice from the algorithm to
the engineer (Li et al., 2007; Fraser & Arcuri, 2011).
Machine-learned failure predictors, trained on build
and defect history, are increasingly used to shield
tests that seem likely to fail, although the history
they learn from is itself a product of earlier testing
decisions (Borah et al., 2022; Komi & Adamolekun,
2021).

The gap addressed here is therefore not a shortage
of reduction algorithms. It is the absence of an
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accepted account of what a permanent deletion should
be required to demonstrate, and of how capability lost
through reduction should be measured, attributed
and bounded. Existing reviews map techniques by
algorithm family or fold reduction into prioritization
and selection (Catal & Mishra, 2013), which obscures
the irreversible character of deletion. Measurement
research outside software engineering warns that a
quantity optimized as a target tends to detach from
the property it was chosen to represent (Sakyi et al.,
2022b; Tonoyan et al., 2024b); coverage retained after
reduction is exactly such a quantity. A review that
treats capability loss as the primary outcome, rather
than as a secondary check on size reduction, has not
been available for the period ending in 2025.

Research Questions and Contributions

Three research questions structure the review.
RQI asks under what conditions coverage-based
redundancy corresponds to behavioural redundancy,
so that removing a coverage-subsumed test leaves
fault-detection capability intact. RQ2 asks how
similarity-based and multi-objective reduction
trade size and execution-time savings against fault-
detection loss, and what evidence supports their
claimed advantage over greedy set cover. RQ3 asks
which biases in the training history distort retention
when failure prediction is used to protect tests from
removal, and what safeguards counteract them. The
questions run from the definition of redundancy,
through the optimization that acts on it, to the
predictive signals that constrain it (Ammann &
Offutt, 2016; ISO/IEC/IEEE, 2018).

The article makes four contributions. First, it
formalizes reduction as a constrained set-cover
problem in which capability loss appears explicitly,
through a loss function defined over mutants, real
faults and diagnostic resolution, rather than as a
check performed once after the fact. Second, it
adjudicates the fault-detection loss controversy by
tracing contradictory findings to four identifiable
design choices, and states which of those choices
a credible evaluation must fix. Third, it proposes
the Capability-Preserving Suite Reduction (CPSR)
framework, which combines coverage and behavioural
redundancy detectors, retention guards for uniquely
diagnostic and high-risk tests, multi-objective
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selection, and a shadow-execution audit that keeps
deletion reversible. Fourth, it states six falsifiable
propositions, each paired with an evaluation design,
so that the framework can be refuted. The review
is conceptual and integrative: no new experiment
is reported, and the propositions remain untested
(Hevner et al., 2004; Wieringa, 2014).

Theoretical and Formal Foundations

Three bodies of theory make reduction decisions
interpretable. Adequacy theory defines what a
test suite is supposed to exercise; mutation theory,
through the competent programmer and coupling
hypotheses, explains why execution alone is an
incomplete account of detection; and multi-objective
decision theory explains why no single reduced suite
is optimal for every stakeholder. Each is used below
to derive a specific claim about when deletion is safe.
The foundations matter because reduction studies
often inherit a definition of redundancy implicitly
from the tool that computes coverage, and so never
state the assumption that most influences their
results. Non-functional requirements sharpen the
problem, since properties such as timing, robustness
and security are poorly represented by structural
coverage entities at all (Zhu et al., 1997, Ammann
& Offutt, 2016; Mairiza et al., 2010).

Reduction as Constrained Set Cover

Let T = {tl, ..., tn} be a test suite and R = {r1, ...,
rm} a set of test requirements, for example branches
or definition-use pairs. The coverage relation is a
binary matrix A in which aij = 1 when test tj satisfies
requirement r1, and cj is the cost of running tj. The
classic minimization problem selects a binary vector
x that minimizes total cost while every requirement
satisfied by T remains satisfied:

minz ¢jx; subjectto Z a;;x; = 1foreveryr; covered by T, x; € {0,1} [@))]

J J

With unit costs this is the minimum set-cover
problem, which is NP-hard, so practical tools
use heuristics, or integer linear programming for
moderate sizes (Li et al., 2007, Ammann & Offutt,
2016). The additional greedy heuristic repeatedly
selects the test that satisfies the most still-unsatisfied
requirements and carries a logarithmic approximation
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guarantee. Requirement-ordered heuristics instead
process first the requirements satisfied by the fewest
tests, because the tests that satisfy them are essential,
and the GE and GRE variants extract essential tests
before removing tests whose requirement sets are
subsets of others. Combinatorial optimization in
other operational settings, such as warehouse slotting
and path planning or prototype system tuning, shows
the same pattern: solution quality depends less on
the solver than on whether the constraint model
represents the loss that matters (Akanbi & Sunday,
2024; Quainoo et al., 2024). Formulation (1) says
nothing about faults. The fault-detection capability
of a suite is a separate set F(T), the faults or mutants
detected by at least one test, and the loss attributable
to reducing T to T" is

FDL(T)=1- m )
[F(T)I

set against size reduction SR =1 —|T’| / |T| and time
reduction TR =1 — ¢(T") / ¢(T), where c(-) denotes
total execution cost. Much of the controversy
reviewed in Section 4 follows from reporting SR
with precision while estimating FDL on a narrow
or unrepresentative fault set. Because F(T) is never
observed in full, every reported FDL is an estimate
conditional on a fault sample, and its credibility
depends on how that sample was drawn (Zhu et al.,
1997; Myers et al., 2011).

Adequacy, Coupling and the Limits of Coverage

Adequacy criteria were introduced as stopping rules
for testing: they say when a suite has exercised
enough of the program, not whether any particular
test 1s dispensable (Zhu et al., 1997). Using an
adequacy criterion as a redundancy criterion reverses
its role. Executing a statement is necessary for a fault
in that statement to be revealed but not sufficient. The
reachability, infection, propagation and revealability
model requires that the faulty statement be reached,
that it corrupt program state, that the corruption
propagate to an observable output, and that an
oracle check that output (Ammann & Offutt, 2016).
Two tests that reach the same branch may differ in
the input values that infect state, in the paths that
carry the infection outward and in the assertions
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that reveal it. Mutation analysis operationalizes this
gap. The competent programmer hypothesis holds
that real faults are small syntactic deviations from a
correct program, and the coupling effect holds that
tests which detect such simple deviations tend also to
detect more complex ones. Under these hypotheses
the kill matrix K, with kjm = 1 when test tj kills
mutant m, is a closer proxy for detection capability
than the coverage matrix A. The implication for
reduction is direct: a test that is coverage-subsumed
but kills a mutant no other test kills is not redundant
with respect to detection, and removing it produces a
loss that coverage cannot register (Myers et al., 2011;
Fraser & Arcuri, 2011).

Oracle strength is the component of this chain
that reduction studies most often ignore. A test that
executes a branch but asserts only that no exception
was thrown contributes reachability without
revealability, whereas a test that checks returned
values, state changes and side effects converts
the same execution into evidence. Two tests with
identical coverage can therefore differ sharply in
detection power purely through their assertions,
and a reducer that breaks coverage ties arbitrarily
will sometimes keep the weaker oracle. Checked
coverage, which counts only statements whose effects
flow into an assertion, and assertion-aware mutation
scores are two ways of bringing oracle strength into
the redundancy definition. Survey evidence that
developers often write tests with thin assertions, and
classic advice that a test without a precise expected
result is not a test at all, suggest that the weak-oracle
case is common rather than marginal (Daka & Fraser,
2014; Myers et al., 2011; Kaner et al., 1999).

Behavioural Redundancy and Diversity

Behavioural redundancy asks whether a test observes
something the remaining suite does not. It can be
defined on execution traces, on outputs and assertion
values, on input data, or on the kill matrix. A test is
kill-redundant with respect to a retained suite T’ if the
mutants it kills are a subset of those T’ kills; it is trace-
redundant if its execution profile lies within distance
¢ of some retained test under a chosen metric, such as
Jaccard distance over covered elements, edit distance
over call sequences, or normalized compression
distance over serialized inputs and outputs. The
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diversity view, associated with adaptive random
testing and with portfolio arguments, holds that
failures cluster in contiguous regions of the input
domain, so a suite whose tests are spread out is more
likely to intersect a failure region than an equally
large suite whose tests are clustered (Myers et al.,
2011; Kaner et al., 1999). Research on project teams
offers a loose but instructive parallel: heterogeneous
members surface problems that homogeneous teams
overlook, even when both are nominally qualified
for the same task (Amayo et al., 2023c¢). Substitution
is the relevant decision. Replacing an input with
a cheaper alternative, whether a feed ingredient
or a test, requires evidence of equivalence on the
outcomes that matter rather than on the compositional
measure that motivated the swap (Oluwadele et al.,
2025).

Diversity has a second, less discussed role:
diagnostic resolution. When several distinct tests
fail together, the pattern of failures helps localize
the fault. Reduction that keeps one representative per
coverage class can therefore preserve detection while
degrading localization, because spectrum-based
localization depends on the contrast between passing
and failing executions across many tests. A suite
with one surviving test per class detects the same
regression but offers the developer a single failure
signal instead of a pattern. Studies of continuous
performance monitoring make a parallel observation:
consolidated indicators still register that something
went wrong but lose the attribution needed to act on
it quickly (Tonoyan et al., 2024b; Ogbole et al., 2021;
Atakpa & Fobellah, 2023).

Multi-Objective Decision Theory

Reduction has at least three objectives in tension,
cost, retained coverage and retained detection
capability, to which failure likelihood and diagnostic
diversity may be added. When objectives conflict, a
candidate suite dominates another if it is no worse
on every objective and strictly better on at least one,
and the Pareto front is the set of non-dominated
candidates. NSGA-II approximates this front through
fast non-dominated sorting and a crowding-distance
operator that preserves spread along the front,
and its output is conventionally assessed with the
hypervolume indicator, the volume of objective space
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dominated by the front relative to a reference point
(Li et al., 2007). Decision theory adds that choosing
a point on the front expresses a preference, not a fact
about the suite. Selecting the knee, where further
savings begin to purchase large capability losses, is
a defensible default, but it embeds an exchange rate
between minutes of execution and escaped faults that
should be stated and owned. Research on KPI-driven
decision frameworks and performance governance
finds that implicit exchange rates between cost and
risk are the ones least often reviewed, and risk-
based approval models in regulated industries make
the same trade between speed, safety and evidence
quality explicit rather than leaving it to defaults
(Edivri & Oteri, 2024; Falemi et al., 2024; Eze et
al., 2024b).

Review Protocol

The review follows an integrative design, chosen
because the relevant evidence is heterogeneous:
controlled experiments on benchmark programs,
industrial case studies, algorithm papers
with benchmark comparisons, standards, and
methodological guidance. Pooling effect sizes
across these designs would mislead, because FDL
estimates depend on fault type and suite construction
in ways that are not reported consistently. The
protocol therefore borrows reporting discipline
from systematic review guidance, including a
transparent search, eligibility rules and appraisal,
while synthesizing through structured comparison
and adjudication rather than meta-analysis. Table
1 summarizes the protocol and Figure 1 shows its
stages (Page et al., 2021; Dyba & Dingseyr, 2008;
Easterbrook et al., 2008).

Sources, Search Strings and Time Window

Searches were designed for IEEE Xplore, the
ACM Digital Library, Scopus, Web of Science
and SpringerLink, with backward and forward
snowballing from anchor works on adequacy, search-
based testing and traceability. The window runs
from 1990, shortly before the first formal treatments
of suite minimization, to the end of 2025. The core
Boolean string combined three concept blocks: (“test
suite reduction” OR “test suite minimization” OR
“test suite minimisation” OR “redundant test*” OR
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“test redundancy”) AND (coverage OR mutation
OR “fault detection” OR similarity OR diversity
OR “multi-objective” OR NSGA*) AND (regression
OR “unit test®” OR “system test*”). A second string
targeted failure prediction used as a retention signal:
(“test failure prediction” OR “flaky test*” OR “defect
prediction”) AND (test* NEAR/3 (reduction OR
retention OR removal)). Standards on test processes
and requirements engineering, and methodological
sources on empirical software engineering and
design science, were added by targeted retrieval
rather than keyword search (ISO/IEC/IEEE, 2018;
Runeson & Host, 2009; Wieringa, 2014). Because
questions of measurement and accountability recur
in adjacent fields, sources on control monitoring,
key performance indicators and predictive analytics
were admitted where they informed a specific
measurement or governance claim, and they are cited
only for that claim (Oluwo et al., 2025; Ilodigwe &
Adesemoye, 2024a).

Eligibility, Screening and Appraisal

Inclusion required that a source define redundancy
or reduction explicitly, report or specify a measure
of fault-detection capability, coverage or execution
cost, or supply a standard, method or measurement
principle used directly in the framework. Sources
were excluded when reduction appeared only as a
by-product of prioritization without any deletion,
when fault detection was asserted but not measured,
or when suite construction was undocumented, since
suite construction strongly conditions FDL. Screening
proceeded in three stages: title and abstract against
the concept blocks, full text against the inclusion
rules, and design-level extraction. The extraction
form recorded the subject programs and their size, the
origin of the original suite (hand-written, generated
or augmented), the adequacy criterion defining
redundancy, the reduction algorithm, the fault source
(real, hand-seeded or mutation operators), whether
loss was measured on the reduction version or on later
versions, and the treatment of flaky tests (Runeson
& Host, 2009; Daka & Fraser, 2014).

Appraisal used five questions adapted from
case-study and experimental guidance: whether
the fault set was independent of the redundancy
criterion, whether loss was estimated out of
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version, whether a random subset of equal size or
cost served as a baseline, whether variance across
repeated runs was reported, and whether the cost
model reflected execution time rather than test
count (Easterbrook et al., 2008). Quality-assurance
practice in manufacturing, inspection and laboratory
diagnostics informed the questions on baselines and
independence, because sampling and inspection
plans in those fields must show that detection power
survives a reduction in inspection effort before the
reduction is accepted (Asiedu & Asiedu, 2024b; Atta
et al., 2022; Yusuf & Abdulrazaq, 2018). Studies
that failed the independence question were flagged
rather than silently excluded, since their results
remain informative about the optimistic end of the
loss distribution.

Synthesis Logic

Synthesis proceeded in two passes. The first grouped
sources by technique family and extracted, for
each family, the redundancy definition, the typical
magnitude of reported SR and TR, and the conditions
under which FDL was reported as low or high.
The second pass was adjudicative: where findings
conflicted, the design attributes recorded at extraction
were compared to test whether the conflict could
be explained by a difference in fault source, suite
origin, version horizon or baseline. A conflict was
treated as resolved only when one design attribute
accounted for the divergence across more than one

pair of studies; otherwise it was reported as open.
Failure-prediction sources were appraised separately
for label provenance, class-imbalance handling and
temporal validation, because predictors evaluated
with random rather than time-ordered splits overstate
performance on future builds (Wedraogo & Sanni,
2024; Komi, 2023). No flow-diagram counts are
reported, because the aim is conceptual integration
rather than an exhaustive census; the protocol is
disclosed so that a replication could reproduce the
search and challenge the inclusion decisions (Page
et al., 2021; Catal & Mishra, 2013). Table 1 records
each protocol decision with the safeguard it carries,
and Figure 1 traces the path from retrieval to the
propositions, including the loop by which unresolved
conflicts were returned to extraction.

Extraction
suite origin, criterion,
fault source, version

horizon, flakiness

Retrieval
IEEE Xplore, ACM DL,
[Scopus, WoS, Springe
+ snowballing

Screening
title/abstract, then
full text against
inclusion rules

Appraisal
independence, out-of-
version loss, random
baseline, run variance|

>

re-extract design fields

Pd
unresolved conflict: /" l
|

Framework and Adjudication of
propositions P1 to P6 |«——|conflicting FDL findings| ¢———
(Table 3) by design attribute

Family-level
comparison
(Table 2)

Figure 1: Review protocol stages from retrieval to proposition derivation,
with the adjudication loop used for conflicting fault-detection loss findings

Table 1: Review protocol for the synthesis of test suite reduction evidence

Protocol element Decision rule in this review

Safeguard against bias

Databases

IEEE Xplore, ACM Digital Library, Scopus, Web of Science,

Snowballing catches deletion studies indexed under

Time window

Concept blocks

Inclusion

Extraction fields

Appraisal

Synthesis

SpringerLink; snowballing from adequacy, search-based testing
and traceability anchors

1990 to 2025

prioritization or selection

the loss controversy

Reduction, minimization or redundancy AND coverage,
mutation, similarity or multi-objective AND regression, unit or
system testing

Explicit redundancy definition; measured capability, coverage or
cost; or a standard or method used directly

Subject programs, suite origin, adequacy criterion, algorithm,
fault source, version horizon, flakiness treatment

Fault set independent of criterion; out-of-version loss; equal-cost
random baseline; run variance; time-based cost

Family-level comparison, then adjudication of conflicts by
design attribute

Early benchmark studies kept to trace the origin of

Separate string for failure prediction used as a
retention signal

Reduction reported only as a by-product of
prioritization excluded

Fields chosen to explain, not merely describe,
divergent loss estimates

Studies failing independence flagged rather than
silently excluded

Conflict left open unless one attribute explains
divergence in more than one study pair
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Synthesis of Evidence

The synthesis is organized by the redundancy
definition each technique family adopts, because
the definition, more than the optimization algorithm,
determines what capability a reduction can lose.
Table 2 compares the families on their redundancy
definition, typical method, principal strength,
characteristic failure mode and the evidence a
reviewer should require. The comparison supports one
overarching finding: reduction methods differ less in
how efficiently they shrink a suite than in which kind
of loss they make visible. Coverage-based methods
are efficient and transparent but blind to propagation
and oracle strength; behaviour-based methods see
more but depend on the representativeness of traces
and mutants; predictive methods protect against
recurrence but reproduce the blind spots of the
history they learn from (Borah et al., 2022; Ammann
& Offutt, 2016).

Coverage-Based Minimization and Its Variants

Coverage-based minimization remains the default
in tools and in the literature because the coverage
matrix is cheap to obtain and the optimization
is well understood. Exact integer programming
finds a minimum-cardinality suite for moderately
sized problems, while greedy, requirement-ordered
and GE/GRE heuristics scale to industrial suites
and usually land within a few tests of optimal

on benchmark programs (Li et al., 2007). The
comparative literature converges on a finding that
is practically important and often overlooked: on
the same coverage matrix, different heuristics return
suites of similar size but different composition, and
composition, not size, determines which faults remain
detectable. Ties are common, because many tests
satisfy identical requirement sets, so tie-breaking
rules that look incidental decide which of several
coverage-equivalent tests survives. A defensible
implementation records its tie-breaking rule and,
where possible, breaks ties by secondary capability
evidence, such as unique mutant kills or assertion
density, rather than by test order or name (Ammann
& Oftutt, 2016; Myers et al., 2011). Where deletion is
carried out by hand from a tool’s recommendation,
the same ambiguity invites the slips and lapses that
human-error models associate with routine, low-
salience decisions (Obriki & Arumosoye, 2020).
The choice of criterion matters as much as the
algorithm. Statement coverage yields the most
aggressive reduction and the largest risk of loss;
branch and definition-use criteria retain more tests;
and requirement-level coverage, obtained through
traceability links from specifications to tests,
protects behaviours that code coverage cannot see,
such as acceptance scenarios and non-functional
constraints (Gotel & Finkelstein, 1994; Ramesh
& Jarke, 2001; ISO/IEC/IEEE, 2018). Traceability

Table 2: Test suite reduction technique families compared by redundancy definition, method and characteristic loss

Characteristic failure

Family Redundancy definition Typical method Principal strength mode Evidence to require
Coverage- Requirements subsumed  Greedy, requirement-  Cheap, transparent, Drops tests differing in Out-of-version FDL on
based by retained tests ordered, GE/GRE, deterministic infection, propagation or  independent faults

(statement, branch, ILP oracle

def-use)
Traceability- Traced requirements Set cover over trace  Protects acceptance Incomplete or decayed Audit of link precision
based covered by retained tests links and non-functional links and recall

behaviour

Mutation Killed mutants Set cover over K Closest proxy for Equivalent and Subsumption-reduced
kill-matrix subsumed by retained detection subsumed mutants inflate  mutant set

Similarity or
diversity

Multi-
objective
search
Prediction-
guarded

tests

Trace, input or output
within distance € of a
retained test

Dominated on cost,
coverage, capability and
diversity

Low predicted failure
probability

Clustering, medoid
choice, diversity
maximization

NSGA-II and many-
objective variants

Classifier score as
objective or guard

Preserves diagnostic
contrast

Exposes the price of
each capability unit

Protects recurrently
failing areas

uniqueness; analysis cost

Threshold tuning;
flakiness mimics diversity

Correlated objectives;
unjustified choice of point

Survivorship, severity
blindness, flaky labels

Sensitivity to ¢; flaky
tests quarantined

Repeated runs, A12
effect sizes, documented
preference

Time-ordered validation;
calibration by stratum
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research shows that such links are incomplete and
decay without maintenance, and that links recovered
by information-retrieval methods arrive as ranked
candidates whose precision must be checked before
they can anchor a deletion decision (De Lucia et al.,
2007; Borg et al., 2014; Cleland-Huang et al., 2012).
User acceptance tests are a case in point: they are
often coverage-redundant with respect to unit tests
yet are the only artefacts that encode the business
scenario a release must support (Eyetsemitan et al.,
2023b).

Adjudicating the Fault-Detection Loss Controversy

The central empirical dispute in the reduction
literature concerns how much capability coverage-
preserving reduction sacrifices. Early experiments
on small programs whose suites were built to be
coverage-adequate reported minimal loss alongside
large size reductions. Later experiments on the
widely used Siemens programs, with larger suites
assembled from random test pools and hand-seeded
faults, reported losses that were substantial and
varied widely across programs and suites. Read
as a contradiction, these results leave practitioners
without guidance. Read through the extraction fields
of this review, the divergence is largely explained by
four design choices (Zhu et al., 1997; Easterbrook et
al., 2008).

The first choice is suite origin. When the original
suite is itself minimal or near-minimal for the
criterion, there is little redundancy to remove and
little capability to lose; when it is large and randomly
assembled, many tests are coverage-redundant yet
behaviourally distinct, and removing them costs
detection. The second is fault source. Faults that are
independent of the redundancy criterion, such as
real regressions or mutants produced by operators
unrelated to the coverage entities, expose loss that
faults chosen to lie on covered statements cannot.
The third is version horizon. FDL measured on the
version used for reduction understates loss on later
versions, because the retained suite was fitted to the
current code and the coverage relation shifts beneath
it as the code changes. Engineering assets are judged
over their service life rather than at commissioning
for the same reason, since performance at handover
says little about performance under later load and
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modification (Ogbete et al., 2023). The fourth is the
baseline. A reduction that loses a tenth of detection
sounds poor until it is compared with a random
subset of equal cost, which may lose far more, and
sounds good until it is compared with a variant that
also keeps every unique mutant killer at modest extra
cost (Myers et al., 2011; Runeson & Host, 2009).
Coverage retained after reduction behaves like a
surrogate endpoint, and health research has long
cautioned that interventions judged on surrogate
markers must be confirmed against the outcomes
those markers are meant to predict (Amadi et al.,
2025; Abah et al., 2025).

The adjudication therefore declares neither
stream correct. Coverage-preserving reduction is
close to loss-free when the suite is already lean,
faults are coupled to the criterion and evaluation
is in-version. It is materially lossy when the suite
is large and heterogeneous, faults are independent
and evaluation is out-of-version, a description that
fits most industrial regression suites. It follows that
no published FDL estimate transfers to a new suite
without re-estimation, and that evaluations built on
generated tests need particular care. Suites produced
by whole-suite search in EvoSuite are minimized
against their own coverage goals during generation,
so any further reduction operates on suites that are
already lean, and their assertions are regression
oracles that capture observed rather than specified
behaviour (Fraser & Arcuri, 2011; Daka & Fraser,
2014). Inspection regimes in high-consequence
engineering recognize the same pattern: a sampling
plan validated on one population of defects does not
certify detection power for another, and monitoring
designed around known fault signatures misses novel
ones (Atta et al., 2021; Shittu et al., 2023; Obriki &
Arumosoye, 2019).

Behavioural and Similarity-Based Redundancy

Behaviour-based methods respond to the coverage
blind spot by redefining redundancy. Kill-matrix
reduction solves formulation (1) with K in place of
A, guaranteeing that the reduced suite kills every
mutant the original killed; its cost is the mutation
analysis itself, which scales with the product of
mutants and tests, although selective operators and
mutant sampling reduce it substantially (Ammann &
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Offutt, 2016). Trace-similarity methods cluster tests
by the distance between their execution profiles and
keep one or more representatives per cluster, often the
medoid or the member with the most assertions; input
and output similarity methods apply the same idea
to serialized data. The evidence favours behaviour-
based methods for retained detection at equal size,
subject to three recurrent qualifications (Borah et al.,
2022; Fraser & Arcuri, 2011).

First, mutant sets contain equivalent and
subsumed mutants that inflate apparent uniqueness,
so a test that uniquely kills a subsumed mutant may
be protecting nothing a real fault would reveal.
Second, similarity thresholds are tuned per system
and the literature offers no transferable default for
€, so part of any reported gain reflects tuning on
the evaluation subject. Third, trace similarity is
sensitive to nondeterminism: flaky tests produce
variable traces, and a test whose trace varies may
look diverse when it is merely unstable. A defensible
behavioural criterion therefore uses a subsumption-
reduced mutant set, reports how the retained suite
changes as ¢ varies, and quarantines flaky tests before
any distance is computed. The measurement lesson
generalizes: indicators built on noisy or duplicated
signals overstate uniqueness unless deduplication and
stability checks precede aggregation, a point made in
data-governance work on loss prevention, auditable
process mining and regulated analytics architectures
(Aliliele et al., 2025b; Sanni et al., 2025; Atakpa &
Abolaji, 2022). Screening assays in food safety offer
a further parallel, since the sensitivity of a detection
method must be established on samples independent
of those used to calibrate it (Tawose et al., 2023).

Multi-Objective Search and the Choice of a Point

Multi-objective formulations treat reduction as
a search for trade-offs. A typical configuration
encodes each candidate suite as a bit string over
T and evolves a population with NSGA-II under
objectives such as minimizing execution time,
maximizing coverage, maximizing mutation score
or past fault-revealing capability and, in some
variants, maximizing diversity (Li et al., 2007). The
advantages over single-objective reduction are real:
the front exposes the marginal price of each unit
of capability, and it frequently shows that most of
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the available time savings come at negligible loss
while the last few percentage points of savings
are expensive. Search-based results are stochastic,
however, and credible studies report medians over
repeated runs with non-parametric tests and effect
sizes such as the Vargha-Delaney A 12 statistic rather
than single best runs. Three limitations recur. When
fault history is an objective, the search learns to
keep tests that failed before, which privileges old,
frequently changed code and penalizes tests of new
or stable components. When coverage and mutation
score are both objectives they are highly correlated,
and the front collapses toward a curve that adds little
beyond single-objective reduction. When there are
more than three objectives, Pareto dominance loses
discriminating power, and many-objective algorithms
or objective aggregation become necessary (Catal &
Mishra, 2013; Li et al., 2007).

The final step, choosing one suite from the
front, is under-reported. Most studies either report
the whole front, which no pipeline can execute, or
pick the knee without justification. Research on
multi-criteria choice in procurement and process
optimization suggests that an explicit, documented
preference, reviewed when the context changes, is
more robust than an implicit default (Ahiaeke Patrick
et al., 2021; Tonoyan et al., 2022b). Behavioural
research adds a caution about anchoring: a headline
figure such as a 60 per cent size reduction tends to
dominate discussion even when the time saving
and the capability loss, which are what matter, are
reported alongside it (Fobellah, 2025a). A reduction
report should therefore lead with wall-clock TR and
estimated FDL, and treat SR as secondary.

Failure Prediction as a Retention Constraint

Failure prediction enters reduction in two ways: as
an objective that rewards retaining tests with high
predicted failure probability, and as a guard that
exempts such tests from deletion. Predictors use
features such as recent failure frequency, time since
last failure, the textual or dependency coupling
between a test and changed files, code churn and
test age, and are typically gradient-boosted trees or
logistic models. Their appeal is that past failures are
the most direct evidence of detection capability, and
interpretable models allow engineers to see why a test
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is protected (Komi & Adamolekun, 2021; Borah et al.,
2022). Reviews of artificial intelligence techniques
for secure software testing treat automated regression
control as a core application of such models, which
makes the retention logic itself a security-relevant
artefact that deserves verification in its own right
(Mbonu et al., 2021b). Predictive analytics for siting
and valuation decisions in other sectors shows the
same appeal and the same dependence on whether the
training population resembles the decision population
(Tonoyan et al., 2022a; Tonoyan et al., 2023).

The review identifies three biases that make
predicted failure probability a hazardous sole criterion
for permanent retention. The first is survivorship:
tests that never ran against a component, because
they were deselected or added recently, have no
failure history and receive low scores whatever
their capability. The second is severity blindness:
predictors estimate frequency, not consequence, so a
test guarding a rarely changed but safety- or security-
relevant path, whose failures are rare and severe, is
scored as low value. The third is label contamination
by flakiness: intermittently failing tests accumulate
failure labels that do not correspond to faults, and a
predictor rewards them with retention. Forecasting
research outside software shows that models
accurate on average can be systematically wrong
for subgroups under-represented in training data,
and that aggregate accuracy conceals the pattern
(Komi, 2023; Wedraogo & Sanni, 2024; Ilodigwe
& Adesemoye, 2025a). For reduction, the neglected
subgroups are new components and stable critical
components. Predicted failure probability should
therefore protect tests from deletion but never be
the sole reason to delete, and predictors should be
validated with time-ordered splits, calibrated, and
audited separately on low-history strata (Atakpa &
Fobellah, 2023; Nwakamma et al., 2024a).

Cost Models: What Reduction Actually Saves

Size reduction is the most frequently reported
outcome and the least informative. Execution time
in modern pipelines is dominated by a minority of
tests, usually integration and end-to-end tests with
heavy fixtures, so removing many cheap unit tests
can achieve a large SR with negligible TR. Shared
fixtures complicate the arithmetic: removing some
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tests in a class may not remove the class-level setup
cost, and parallel sharding means that wall-clock
savings depend on the critical path through the shards
rather than on the sum of test times. Maintenance
is a second saving that studies seldom measure but
practitioners value, since fewer tests mean fewer
brittle assertions to update when behaviour changes
intentionally (Daka & Fraser, 2014; Kaner et al.,
1999). The cost vector in formulation (1) should
therefore combine expected execution time, a fixture-
sharing adjustment and an estimate of maintenance
burden, and outcome reports should state TR in
wall-clock terms on the production pipeline. The
trade between throughput and diagnostic accuracy
is familiar from laboratory planning, where layout
decisions that raise throughput are judged also by
their effect on accuracy (Ogbete et al., 2018).

Cost-governance studies in technology-intensive
organizations draw the same distinction between
visible unit counts and the real drivers of spend,
and warn that savings claims built on the wrong
denominator erode trust in the programme that
produced them (Adesuyi et al., 2023; Aminu-Ibrahim
et al., 2025a; Okonkwo et al., 2019). Benefits that are
diffuse and delayed, such as lower maintenance effort
or faster developer feedback, are hard to quantify,
and evaluation research on investments with indirect
returns recommends estimating them explicitly
rather than omitting them (Uchechi et al., 2022).
Digital supply-chain models that track cost alongside
operational continuity offer a useful template: a
reduction that saves minutes but interrupts continuity
of detection has not reduced cost in any meaningful
sense (Okonkwo et al., 2024e).

The Capability-Preserving Suite
Reduction Framework

The synthesis motivates a framework whose
organizing principle is that deletion should be justified
by evidence of capability redundancy, bounded by
explicit guards, and kept reversible until an audit
confirms that nothing was lost. The Capability-
Preserving Suite Reduction (CPSR) framework has
five components: a redundancy evidence layer, a
retention guard layer, a multi-objective selection
layer, a staged deletion protocol with shadow
execution, and a loss audit that feeds back into the
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guards. Figure 2 shows the components and their
data flows. The framework draws on design science
in treating the reduction pipeline as an artefact whose
utility must be evaluated against explicit criteria, and
on organizational learning models in requiring that
audit findings change upstream rules; frameworks
that link the parts of a chain to downstream stability
make the same demand that local decisions be judged
by system outcomes (Hevner et al., 2004; Arumosoye
& Obriki, 2021; Ilodigwe & Adesemoye, 2024b;
Jones & Ominyi, 2021).

Coverage matrix A o
(branch level) Multi-objective

selection (NSGA-II) Staged deletion

Redundancy
evidence layer

retained tier
(critical path)

min wall-clock time|

Kill matrix K —> min kill loss —>

(subsumption- =, deletlpn candidate max diversity
reduced mutants) only if redundant shadow tier
onAandKandD nee or documente (nightly, probation)
preference
Trace distance D v
(stable tests only) l

Retention guards [/

G1 unique severe kill
G2 untraced

Build and failure Loss audit

history exempt tests go straight

to the retained tier escapes per

requirement 1,000 builds

G3 calibrated
risk above T
G4 low history,
high criticality

escape: reinstate test,
widen the failing guard

diagnosis time

Trace linksto | change

requirements

Figure 2: Architecture of the Capability-Preserving Suite Reduction
(CPSR) framework, showing redundancy evidence, retention guards,
selection, staged deletion and the loss-audit feedback path

Redundancy Evidence and Retention Guards

The evidence layer computes three matrices: the
coverage matrix A at branch level, a kill matrix K
over a subsumption-reduced mutant sample, and a
behavioural distance matrix D over execution traces
and serialized outputs, computed only for tests that
pass a stability check of repeated runs. A test becomes
a deletion candidate only if it is redundant on all
three. The conjunction is deliberately conservative,
since coverage redundancy alone is necessary but
insufficient. The guard layer then exempts four
classes of tests irrespective of redundancy evidence.
Gl protects tests that are the only detector of any
mutant in a severity-weighted operator class, for
example boundary-condition and exception-handling
mutants on paths tagged as safety- or security-
relevant. G2 protects tests traced to requirements,
including non-functional requirements, that no
retained test covers, using links whose precision
has been audited (Cleland-Huang et al., 2012; ISO/
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IEC/IEEE, 2018). G3 protects tests whose calibrated
failure probability over the next release window
exceeds a threshold t, set per history stratum so
that low-history components are not penalized. G4
protects tests with little history but high criticality,
reversing the survivorship bias identified in Section
4.5. Guards work like hold points in quality systems
for high-consequence work, where an inspection
cannot be waived on efficiency grounds alone (Atta
et al., 2022; Obogo et al., 2019b; Arumosoye &
Obriki, 2022).

Security and privacy enforcement is the clearest
case for G1 and G4. The security literature describes
access-control, zero-trust and network-hardening
controls whose failure is rare in normal operation
but decisive when it occurs (Adegbite et al., 2020;
Ahmed et al., 2021; Ladapo et al., 2023b; Onche et
al., 2023; Jimoh & Ahmed, 2024), and privacy-by-
design and data-protection assessment frameworks
require such protections to remain demonstrably in
force across system change (Ominyi, 2021; Mbonu et
al., 2022a; Afrihyia et al., 2024; Badmus et al., 2024).
Reviews of legacy control networks and healthcare
infrastructure document detection gaps that persisted
because the relevant checks were assumed rather than
verified (Amadi et al., 2025¢c; Adebayo et al., 2025).
Regression tests that verify these controls rarely fail,
rarely change and look coverage-redundant, which is
precisely the profile that frequency-based predictors
and greedy reducers select for removal; the CPSR
guards exist to stop that from happening (Dosunmu
& Ogundele, 2020).

Selection, Staged Deletion and the Shadow Audit

The selection layer runs NSGA-II over the deletion
candidates only, with objectives of minimizing wall-
clock execution time, minimizing kill-matrix loss
and maximizing mean behavioural distance among
retained tests. The chosen suite is the knee unless a
documented preference specifies another exchange
rate. Deletion is then staged. Tests selected for
removal are not deleted but demoted to a shadow tier
that runs off the critical path, nightly or on a sampled
fraction of builds, for a probation period long enough
to span several release cycles. The shadow audit
records every build on which a demoted test fails
while all retained tests pass. Such an event, an escape,
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is a direct observation of capability loss; it triggers
reinstatement of the test and a review of the guard that
failed to protect it. Only tests that complete probation
without an escape are archived, and archived tests
remain retrievable. Staged demotion follows the
logic of reversible change management, in which
a control is withdrawn gradually while its absence
is monitored, and of loss-detection programmes in
process plants, which rely on continuous surveying
rather than one-off certification (Aliliele et al., 2023a;
Ekelemu & Akano, 2025b; Obriki et al., 2025).

The audit’s loss estimate is the escape rate per
thousand builds, reported with a confidence interval,
together with the change in mean diagnosis time
for failures on which the retained suite fired, since
diagnostic degradation is the loss most likely to be
felt before it is measured. When an escape occurs,
attribution matters: the review asks whether the
escaping test was removed because of a coverage tie,
a mis-set €, an uncalibrated predictor or a missing
trace link, and the answer determines which guard
is widened. Attribution research warns that credit
and blame assigned to the last visible touchpoint
misrepresent multi-step causation, and the same risk
applies to escapes (Sanni et al., 2022). Reinstatement
must be quick for the audit to be credible, which
calls for the kind of prepared response capacity that
readiness models in operational settings describe
(Arumosoye & Obriki, 2023; Ogbete et al., 2022).
Escape rates and diagnosis-time trends belong in the
same executive reporting that carries other quantified
operational risks (Adegbite et al., 2025; Sakyi et al.,
2022b).

An Illustrative Scenario

Consider a hypothetical service with 4,000 regression
tests taking 95 minutes per full run, of which 600
integration tests account for 70 minutes. Branch-level
greedy reduction removes 1,900 tests, an SR of 47.5
per cent, but because most of the removed tests are
fast unit tests the TR is only 14 per cent. A kill matrix
over a 5,000-mutant sample shows that 140 of the
removed tests are the unique killers of at least one
mutant; restoring them costs 3 minutes per run. Of
the remaining candidates, guard G3 exempts 35 tests
with high calibrated failure probability and guard G4
exempts 22 low-history tests on a payments path.
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NSGA-II over what remains, which now includes
integration tests with overlapping traces, finds a knee
at which TR reaches 31 per cent with a kill-matrix
loss of 0.4 per cent of mutants. During probation the
shadow tier records two escapes in 1,200 builds, both
from demoted integration tests that exercise a retry
path under timeout. Both tests are reinstated, and
Gl is extended to cover timeout-handling mutants.

The numbers are invented for exposition, but the
pattern they illustrate follows from the synthesis:
SR overstates savings, uniquely killing tests are
cheap to keep, the largest savings come from
overlapping integration tests rather than from unit
tests, and escapes surface in rarely exercised error
paths. Figure 3 depicts the corresponding trade-off
between execution time and retained mutant-kill
capability, and locates the greedy solution relative to
the approximate Pareto front and to random subsets
of equal cost. Accountability research stresses that
the value of a worked case lies in making the decision
chain inspectable, so that a reviewer can see which
evidence justified each removal and which guard
intervened (Akhigbe et al., 2024; Edivri & Oteri,
2024).

The scenario also shows why the probation
period must be sized statistically rather than by habit.
Two escapes in 1,200 builds is an observed rate of
about 1.7 per thousand builds, but an exact Poisson
interval for two events runs from roughly 0.2 to 6.0
per thousand, so the audit cannot yet distinguish a
negligible loss from a material one. Conversely, a
probation period with no escapes bounds the rate only
loosely: by the rule of three, zero escapes in n builds
supports an approximate 95 per cent upper bound of
3/n, so demonstrating a rate below one per thousand
requires about 3,000 clean builds. Teams that run a
demoted tier on a sampled fraction of builds must
scale the probation accordingly. Forecasting research
makes the general point that uncertainty around a
small-count estimate should be reported and acted
on, not collapsed into a point value (Wedraogo &
Sanni, 2024; Easterbrook et al., 2008).

Propositions

Six propositions follow from the synthesis and the
framework. Each is stated so that an observable
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Figure 3: Illustrative trade-off between execution time and retained mutant-
kill capability for the hypothetical suite in Section 5.3 (synthetic values)

result would contradict it, and Table 3 pairs each
with an evaluation design, a primary measure and
a refuting observation. The falsifiability discipline
follows empirical software engineering guidance,
which asks that each claim specify the comparison,
the measurement and the result that would count
against it, and process-optimization research in
regulated services, which ties each performance
claim to a metric that oversight bodies can check
(Easterbrook et al., 2008; Runeson & Host, 2009;
Anioke & Atima, 2023a).

P1 (coverage insufficiency). For regression suites
not generated to be minimal, removing tests that are
coverage-redundant but not kill-redundant yields a
higher out-of-version escape rate than removing an
equal number of tests that are redundant on both
criteria.

P2 (version horizon). FDL estimated on the
reduction version underestimates FDL measured over

the following five releases, and the gap widens with
code churn in the covered components.

P3 (behavioural retention). At equal wall-clock TR,
kill-matrix and trace-similarity reduction retain more
real-fault detection than branch-coverage greedy
reduction, and the advantage is larger for suites with
heavy fixtures and diverse inputs.

P4 (predictor bias). Failure predictors trained on
build history are less well calibrated on low-history
and low-churn components than on high-churn
components, and reduction guided only by predicted
failure probability concentrates escapes in the former.
P5 (diagnostic degradation). Reduction that
preserves detection lengthens the time from first
failure to identification of the culprit change, in
proportion to the number of same-class sibling tests
removed.

P6 (reversibility). Staged deletion with a shadow
audit yields a lower escape rate over the following
year than immediate deletion at the same TR, and
the difference is concentrated in error-handling and
timeout paths.

Discussion

The discussion draws out what the synthesis
implies for theory and practice, then takes seriously
the strongest arguments against the position that
reduction should be conservative, audited and
reversible. The central claim is that much of the
literature has mis-specified the reduction problem
as size minimization with a capability constraint
checked afterwards, when it is more accurately
capability accounting with a cost objective. The

Table 3: CPSR propositions with evaluation designs, measures and refuting observations

Proposition Evaluation design

Primary measure

Refuting observation

P1 Coverage
insufficiency

Replay on project histories with
matched removal sets

P2 Version horizon Reduce at version k; evaluate at k and

at k+1 to k+5

P3 Behavioural
retention

P4 Predictor bias

Three methods at equal wall-clock TR,
30 or more runs each

Time-ordered training; calibration
stratified by history

PS5 Diagnostic
degradation

Paired analysis of failures before and
after reduction

P6 Reversibility Staged versus immediate deletion

across comparable services

Escape rate on real regressions in
later versions

FDL on disjoint mutants and real
faults per version

Real-fault detection; A12 effect size

Expected calibration error by
stratum; escape location

Time from first failure to culprit
change

Escapes per 1,000 builds over 12
months

No difference, or fewer escapes for
coverage-only removal

In-version FDL equal to or above
out-of-version FDL

Greedy equal or superior at equal
savings

Equal calibration across strata;
escapes not concentrated

No increase, or increase unrelated to
siblings removed

Staged deletion no better than
immediate
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reframing matters because it changes which evidence
a reduction study is obliged to report, and because it
changes who in an engineering organization should
own the decision to delete. Traceability research
has made a similar argument about requirements
links, which become useful only when someone is
accountable for their currency (Hevner et al., 2004;
Cleland-Huang et al., 2012).

Theoretical Implications

Three theoretical implications follow. First, adequacy
criteria should be recognized as criteria of sufficiency,
not of redundancy. A suite that is adequate for
branch coverage is one from which enough has been
exercised; it does not follow that every test beyond
a minimal adequate subset is surplus, because
detection depends on infection, propagation and
oracle strength that coverage does not measure (Zhu
et al.,, 1997, Ammann & Offutt, 2016). Second, the
coupling effect, usually invoked to justify mutation
analysis as a test-generation criterion, has a corollary
for reduction that deserves explicit statement: if
simple-fault detection couples to complex-fault
detection, then losing a unique simple-fault detector
risks losing complex-fault detection as well, so kill-
matrix uniqueness is a principled deletion veto. Third,
diversity serves detection and diagnosis, and the two
roles are separable; theories of test effectiveness that
ask only whether a fault is detected omit the value a
suite has in localizing it. This connects reduction to
evidence theory in organizational monitoring, where
redundant signals are valued for triangulation as well
as for sensitivity, and where risk models distinguish
the likelihood of an event from the ability to explain it
afterwards (Mbonu et al., 2018; Aliliele et al., 2024a;
Ogbole et al., 2021).

A further implication concerns search-based
software engineering. In search-based reduction
the fitness function is, in effect, a theory of what
makes a test valuable, and the results of the search
are only as sound as that theory. Fitness functions
built from coverage and execution time encode the
assumption that capability is structural; adding
mutation score encodes the coupling hypothesis;
adding fault history encodes the assumption that
the future resembles the past. Treating the fitness
function as an explicit, testable claim rather than as
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an engineering convenience makes the propositions
in Table 3 tests of competing theories of test value,
not merely comparisons of algorithms. It also
explains why algorithm comparisons in this area so
often produce small and unstable differences: when
two searches optimize the same flawed proxy, the
choice of search operator matters far less than the
proxy itself (Li et al., 2007; Fraser & Arcuri, 2011;
Wieringa, 2014).

Practical Implications

For engineering teams, the synthesis implies a small
set of concrete changes. Report TR in wall-clock
terms on the real pipeline, never SR alone. Compute
the kill matrix, at least on a mutant sample, before
deleting anything, and treat unique killers as retained
by default. Quarantine flaky tests before computing
any similarity or failure-probability measure, since
instability contaminates both. Replace immediate
deletion with demotion to a shadow tier and a
probation period, and publish the escape rate. Assign
the deletion decision to an owner accountable for
escapes, not to the tool that proposed the removal,
and record the exchange rate between minutes and
capability that the chosen knee implies. Test process
standards already require that completion criteria
and residual risk be documented; applying the same
discipline to deletion is a modest extension (ISO/
IEC/IEEE, 2018; Eze et al., 2022b). Teams adopting
Al-assisted testing tools should expect those tools
to propose reductions, and should require the same
evidence of a proposed deletion whether a person
or a model proposed it (Borah et al., 2022; Ominyi
et al., 2025a; Nwakamma et al., 2024b). Trust in
Al-supported monitoring depends on this kind of
reviewable evidence rather than on reported accuracy
alone (Akintola et al., 2025; Adams, 2023).
Adoption is an organizational matter as well
as a technical one. Controls that impose visible
burden without visible benefit invite workarounds,
as compliance research on regulatory burden and on
the motives behind voluntary compliance both show
(Fobellah, 2025¢; Alm, 2019). Deletion rules are more
likely to be followed when leaders model them, when
cross-functional review brings testers, developers
and product owners into the same decision, and
when the rules are built into the pipeline rather
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than issued as policy (Arumosoye & Obriki, 2024;
Anichukwueze et al., 2022; Akhigbe et al., 2024).
Safety-culture research reaches a similar conclusion
about hazard controls: they persist when ownership
is clear, when training explains why a control exists,
and when operational discipline is reinforced rather
than assumed (Obogo et al., 2023; Obogo et al., 2019a;
Obogo et al., 2019; Obriki et al., 2022a; Arumosoye
et al., 2025). Standardized workflows in high-
volume review settings likewise show that consistent
procedure reduces variance in outcomes more than
individual expertise does (Uchechi et al., 2018).

Counter-Arguments and Boundary Conditions

Four objections recur in debates about suite
reduction. The first holds that compute is cheap and
reduction is therefore unnecessary: run everything,
in parallel. That is true for some organizations
and false for others. Where end-to-end suites
occupy hardware-in-the-loop rigs, device farms
or licensed environments, execution capacity is
scarce, and feedback latency shapes developer
behaviour whatever the cost (Daka & Fraser, 2014;
Kaner et al., 1999). Reviews of test automation in
wireless hardware engineering show how scripting
frameworks and instrument control strategies bind
each test to shared bench equipment, so that suite size
translates directly into instrument time (Quainoo et
al., 2025b). The framework therefore applies most
strongly where capacity is constrained, much as
resilience planning for diagnostic infrastructure
concentrates on the periods when capacity is under
stress (Aminu-Ibrahim et al., 2025b). The second
holds that selection and prioritization make reduction
redundant, since a change-aware selector will skip
irrelevant tests anyway. Selection helps, but it does
not remove maintenance burden, and selectors
depend on dependency analysis that is incomplete
for reflection-heavy, configuration-driven or cross-
language systems, which is exactly where a full suite
is the last line of defence (Catal & Mishra, 2013; Li
et al., 2007).

The third counter-argument holds that
conservative guards will leave so many tests that
reduction achieves little. The scenario in Section 5.3
suggests otherwise, since unique killers tend to be
cheap, but the claim is empirical, and P3 and P6 are
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designed to test it. The fourth holds that mutation
analysis is too expensive for large suites. Mutant
sampling and selective operators bring the cost down
to a small multiple of a full suite run, paid once per
reduction cycle rather than per build (Ammann &
Offutt, 2016). Two boundary conditions limit the
framework. It presumes reproducible builds with
test-level results, and it presumes that a substantial
part of the failure history is trustworthy. Where
flakiness is endemic or result logs are incomplete,
the prior task is stabilization and reconciliation of
the records, and reduction should wait; risk-based
assurance work makes the same point that controls
cannot be rationalized on data that are themselves
unavailable or unreliable (Fadayomi et al., 2019;
Dogbatsey et al., 2019).

Limitations and Future Research
Agenda

This section sets out the limitations of the review,
a research agenda that would test the CPSR
propositions, and the validity threats that such
research must manage. The agenda is organized
around the propositions in Table 3 so that each line of
work has a clear target, and Figure 4 shows how the
studies fit together as a single replay-based validation
design. The emphasis on replay over historical
versions reflects the synthesis finding that in-version
evaluation is the most common source of optimistic
loss estimates, and the emphasis on field comparison
reflects the absence of published staged-deletion
studies (Runeson & Host, 2009; Wieringa, 2014).

Limitations

The review has four limitations. First, it is integrative
and conceptual; it reports no new experiment, and
the propositions are untested. Second, the reduction
evidence base is dominated by benchmark programs
in C and Java and by mutation operators designed
for those languages, so transfer to dynamically
typed languages, data-intensive pipelines and
machine-learning components, whose tests assert
statistical properties rather than exact outputs, is
uncertain. Third, industrial reports of reduction are
rare and often lack the design attributes needed for
appraisal, so the adjudication in Section 4.2 rests
mainly on controlled studies. Fourth, the search may
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Table 4: Threats to validity in evaluating capability-preserving reduction, with mitigations

Threat Reduction-specific risk Mitigation
Construct Mutants assumed coupled to real faults; test count used as cost ~ Validate on real regressions where available; report wall-clock
TR

Internal Same mutants used to reduce the suite and to measure loss Disjoint mutant samples; real faults held out from reduction

External Results from lean, generated or single-language suites Stratify by suite origin, language and fixture weight
generalized

Conclusion  Stochastic search; few real faults per version Thirty or more runs, A12 effect sizes, intervals on escape rates

Operational  Flaky tests and infrastructure failures counted as escapes Rerun-based flake triage before an escape is recorded

have missed work published under prioritization or
selection labels that also performs deletion, and some
adjacent-field sources admitted for measurement
and governance claims were appraised against less
demanding criteria than the testing studies (Dyba
& Dingsayr, 2008; Page et al., 2021). Conceptual
frameworks for emergent practice carry a general risk
of internal coherence outrunning empirical support,
which the propositions are intended to expose (Komi
& Ganiu, 2025).

Research Agenda

Five lines of research would test and extend the
framework. A multi-project replay study using open-
source histories with linked real regressions, in which
reduction is performed at a historical version and
loss is measured over later releases, would test Pl
and P2 directly and should use time-ordered splits
throughout. Controlled comparisons of kill-matrix,
trace-similarity and greedy reduction at matched
wall-clock savings, with thirty or more repeated
runs and effect sizes, would test P3. Calibration
studies of failure predictors stratified by component

v(k) v(k+1) v(k+2) v(k+3) v(k+4) v(k+5)

reduce here measure loss on later versions: real regressions + disjoint mutants

In-version FDL
4 vs out-of-version FDL

Arm A
branch-coverage
greedy

Equal wall-clock TR
real-fault detection, A12
Replay

Arm B
harness

kill-matrix and
trace similarity

Calibration error by
> i

SaIE history stratum
versions and |\
held-out faults

refute or
B —»retain each

proposition

Time from first failure
to culprit change

1 Escapes per 1,000
builds over 12 months _’

Figure 4: Replay-based validation design linking three reduction arms
to the measures that test propositions P1 to P6

Arm C
CPSR with guards
and shadow tier
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history would test P4 and could borrow fairness-
aware evaluation methods developed for forecasting
across unequal populations (Komi, 2023). Cross-
project predictors trained without pooling raw
data, using federated learning of the kind proposed
for cross-organizational analytics, would ease the
low-history problem for new projects (Sanni et al.,
2023). Field experiments comparing staged and
immediate deletion across comparable services
would test P6, with process tracing to confirm that
escapes were caught by the shadow tier rather than
by users. Finally, the framework should be extended
to suites for machine-learning components and to
tests generated by large language models, where
the oracle problem is acute and model-based judges
increasingly gate releases (Nwakamma et al., 2024a;
Ominyi et al., 2024b). Effects measured under
research conditions often shrink when interventions
are scaled, so field replication should be planned from
the outset (Miller et al., 2015). Figure 4 lays out the
validation design that links these studies.

Threats to Validity in Evaluating Reduction

Evaluations of the kind proposed above face validity
threats specific to reduction, summarized in Table
4. Construct threats arise when mutants stand in
for real faults without evidence of coupling on
the subject system, or when test count stands in
for cost. Internal threats arise when reduction and
evaluation share information, for example when the
mutants used to build the kill matrix are also used to
measure loss, which guarantees zero measured loss
by construction; disjoint mutant samples or held-
out real faults are required. External threats arise
because suite origin, language and fixture weight
shape results. Conclusion threats arise from the
stochasticity of search-based methods and from the
small number of real faults per version. Operational
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threats concern whether findings survive pipelines in
which flakiness, parallel sharding and infrastructure
failures masquerade as escapes (Runeson & Host,
2009; Easterbrook et al., 2008). Continuous-control
research adds that monitoring arrangements must
themselves be audited, or they drift from the
conditions under which they were validated (Adebayo
et al., 2025; Dagodzo & Ahiaeke Patrick, 2020).

Conclusion

Permanent test suite reduction is justified only when
the capability it removes is measured, bounded and
recoverable. This review has shown that coverage
equivalence, the redundancy criterion most tools
apply, is a weak guide to behavioural equivalence,
and that the long-running disagreement over
fault-detection loss largely dissolves once suite
origin, fault source, version horizon and baseline
are made explicit. Behaviour-based and multi-
objective methods retain more capability, provided
their mutant sets are subsumption-reduced, their
similarity measures are protected against flakiness
and the point chosen on the Pareto front is justified.
Failure prediction is a useful shield for tests that
catch recurring faults and a poor instrument for
deleting tests that guard new or rarely changing
critical code. The Capability-Preserving Suite
Reduction framework turns these findings into
a procedure: conjunctive redundancy evidence,
explicit retention guards, multi-objective selection
over the remaining candidates, staged demotion
with a shadow audit, and feedback from observed
escapes into the guards. Its six propositions
state what evidence would show it to be wrong.
Teams that adopt it will delete fewer tests than a
greedy reducer would suggest, recover most of the
execution time that matters, and know, rather than
assume, what their smaller suite can still detect.
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