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Abstract: Enterprise software systems in highly regulated markets, such as healthcare, financial services, and
insurance, require that representative data be used to validate business processes, system integration, and
performance. However, using production data in non-production environments triggers privacy and compliance
issues as prescribed by the General Data Protection Regulation (GDPR). The regulation provides privacy
protection for the handling, storage, and reuse of personal information across different environments, e.g.,
development, quality assurance, staging, etc. This article provides an overview of how Test Data Management
allows organizations to ensure that software testing is compliant with data protection laws such as the GDPR
while not compromising the level of realism necessary to properly test quality. This article also examines the risks
involved in copying production databases for use in testing environments and reviews modern approaches to
reduce this risk, including data masking, anonymization, pseudonymization, data synthesis, and data subsetting.
It further examines the controlled conditions under which production-derived data remains a justifiable testing
resource, the governance and automation infrastructure required to operate Test Data Management at enterprise
scale, and the particular implementation challenges presented by healthcare systems. Emerging technologies
including artificial intelligence-driven synthetic data generation, differential privacy, and data virtualization are
evaluated as near-term advances that will progressively narrow the gap between privacy protection requirements
and testing realism demands. The article concludes that integrating governance frameworks, automated pipelines,
and privacy-preserving technologies into Test Data Management processes allows organizations to maintain high
software quality while sustaining continuous compliance with data protection obligations.
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complex distributed systems handling millions of
users and transactions across regulated sectors. This
is particularly common in healthcare systems, which
can contain large amounts of sensitive information
such as patient records, clinical history, diagnoses or
lab results, medical imaging data, and health
insurance claims. Quality Assurance teams use
production-like data to obtain information about the
system's  functional correctness, integration
behavior, security posture, and performance under
realistic operational load. For much of the industry's
history, the practical solution was to copy
production  databases  directly into  test
environments. This delivered testing realism but
exposed sensitive personal data to a development
and quality assurance context with materially
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copied from.

However, the General Data Protection Regulation
(GDPR) extends the principles that protect personal
data, including data minimization, purpose
limitation, integrity and confidentiality, and
accountability, throughout the entire software
development lifecycle of applications and systems,
including contexts (e.g., development, test) that
never reach end users [4]. Organizations that
continued informal production data reuse after the
regulation's introduction entered a state of latent
non-compliance that regulatory enforcement has
progressively made untenable.

Test Data Management emerged as the structured
response to this challenge. It is the discipline of
creating, provisioning, and governing the datasets
used in testing in a way that satisfies both the realism
requirements of quality assurance and the protection
requirements of applicable regulation. The
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significance of this challenge extends beyond
compliance. The increasing deployment of machine
learning in software quality assurance pipelines and
the movement toward edge-native testing
infrastructure for resource-constrained systems
introduce new dimensions of data sensitivity that
conventional Test Data Management frameworks
have not fully addressed. This article examines what
the discipline requires across three dimensions: the
technical strategies for producing compliant test
datasets; the governance and operational controls
needed to sustain compliance at scale; and the
domain-specific challenges that arise in healthcare
systems, where data model complexity, multi-
jurisdictional regulation, and demanding testing
requirements compound one another.

2. Method

This article is a systematic literature review of the
principles, models, and governance of Test Data
Management (TDM) for enterprise systems with
legal constraints imposed by the General Data
Protection Regulation (GDPR). This review is based
on peer-reviewed literature from software quality
assurance, privacy engineering, information security
management, machine learning, and regulatory
compliance, thereby providing a thorough treatment
of the Test Data Management problem.

The analysis of the regulatory framework is based
on the obligations set forth in the General Data
Protection Regulation and privacy theory, namely
the contextual integrity framework, the principles of
Privacy by Design, and Solove's taxonomy of
privacy harms. This taxonomy provides Test Data
Management with a context within which to fit the
categories of privacy risk that it has to manage,
beyond the regulatory text. The NIST Privacy
Framework is examined as a complementary
governance instrument that provides operational
guidance for embedding privacy controls into
organizational processes, independent of any
specific jurisdictional regulation.

The technical strategy review presents a review of
the main approaches to producing compliant test
datasets, focusing on privacy protection, referential
integrity, implementation complexity, and their
possible use for specific testing scenarios or
purposes. The analysis of knowledge transfer from
private training data examines how semi-supervised
approaches can be used to transfer model capability
from sensitive data to synthetic or anonymized
datasets, with implications for both synthetic data

generation and the governance of machine learning-
assisted testing systems. It is largely applied to three
contemporary problems in the field: highly
normalized clinical data models, multi-jurisdictional
regulatory environments, and the challenge of
testing performance at scale. The future directions
analysis covers current research in machine
learning-driven data generation, differential privacy,
and data virtualization, including edge-native
inference architectures whose latency and resource
profiles introduce new considerations for designing
test data pipelines.

The article does not report empirical experimental
results. Its contribution is the synthesis and
analytical structuring of existing knowledge into a
coherent architectural and governance framework
applicable to the design of compliant Test Data
Management programs in regulated enterprise
environments.

3. Results and Discussion

3.1 Regulatory Context, Privacy Risk
Classification, and Compliance Obligations

The foundational finding of this study is that the
General Data Protection Regulation does not
confine its requirements to production systems. Its
obligations follow personal data wherever it is
processed, including every stage of the software
development lifecycle. Four principles carry direct
implications for test data handling. Data
minimization requires that only the quantity of
personal data necessary for the stated purpose be
processed [3]. Applied to testing, this principle
directly challenges the practice of copying full
production database snapshots into non-production
environments, which routinely carry fields
irrelevant to the specific test scenario and expand
organizational risk without improving testing
quality. According to the principle of purpose
limitation, the legal basis for processing personal
data in one context must not automatically apply in
another context [3]. Testing environments are
another case. Organizations not making this explicit
in policies are in a state of latent non-compliance,
regardless of the security implemented on
production systems. Integrity and confidentiality
requirements involve protecting against
unauthorized access or inadvertent disclosure,
which test environments with less access control and
less thorough logging cannot accomplish without
extra  architectural enforcement [3]. The
accountability principle requires that compliance be
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demonstrable through documentation, governance,
and verifiable processes [3]. Informal approaches to
test data handling cannot satisfy this requirement.

A structured taxonomy of privacy risk provides a
more granular  analytical framework  for
understanding what Test Data Management must
protect against. Privacy harms can be classified
across categories, including information collection,
information processing, information dissemination,
and invasion [10]. In a test data context, information
collection risks arise when more personal data than
necessary is extracted into test environments.
Information processing risks arise when data is used
for purposes inconsistent with the context of its
original collection. Information dissemination risks
arise when test environment access controls allow
personal data to reach unauthorized parties. This
classification is practically useful because it maps
different categories of privacy harm to different
points in the Test Data Management pipeline,
enabling more targeted control design than a purely
regulatory framing provides.

The NIST Privacy Framework complements the
General Data Protection Regulation by providing an
operational structure for embedding privacy controls
across organizational processes [18]. Its five core
functions, covering identification, governance,

control, communication, and protection of privacy
risks, translate directly into Test Data Management
program requirements: identifying which data fields
carry privacy risk, governing who may access them
in test contexts, controlling the transformations
applied before data enters test environments,
communicating data handling policies to relevant
personnel, and protecting against the exposure
vectors that test environments introduce.
Organizations that align their Test Data
Management governance with both the regulation
and the NIST Privacy Framework benefit from a
more comprehensive control architecture than either
framework provides alone.

Healthcare systems occupy an elevated risk position
within this landscape. Beyond standard personally
identifiable information, they process clinical
records, diagnostic imaging, genetic data,
psychiatric histories, and insurance information,
several of which constitute special categories of
personal data under the regulation requiring explicit
processing justification [S]. The consequences of
inadequate test environment governance in
healthcare extend to mandatory breach notification,
regulatory investigation, civil liability, and
reputational harm [5].

Legal basis

GDPR principle (GDPR)

TDM design requirement

Governance control

Data minimization |Art. 5(1)(c)

Extract only fields required for the specificSubset scoping policy, field
test scenario. Redact all others.

classification register

Purpose limitation |Art. 5(1)(b)

Operational data cannot be reused for
testing without separate safeguards and
documented justification.

Documented extraction|
justification, approval workflow

Integrity and

Test environments must enforce accessRole-based access control,

confidentiality Art. 5(1)(f) controls equivalent to production securltyegcryptlon at rest, ISO 27001
posture. alignment
Every TDM operation must be traceable viaj .

/Accountability Art. 5(2) audit logs. Compliance = must beImmutable audit log, ISO 27701

demonstrable on demand.

privacy management system

Storage limitation |Art. 5(1)(e)
activity.

Test datasets must not be retained beyond
the period required for the associated test

Data retention schedules,
automated deprovision in pipeline

Privacy by design |Art. 25

/Anonymization and minimization must be
default behaviors in the TDM pipeline, not|
post-processing additions.

Privacy-by-design  architecture

embedded in pipeline

Table 1: GDPR Principles and Their TDM Implications [3, 6, 9]
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The concept of contextual integrity provides a
precise theoretical foundation for why production-
to-test data flows are problematic even without
external breach [11]. Privacy violations occur when
data flows in ways that do not match the contextual
norms under which the data was originally shared.
A patient consenting to data collection for clinical
care has not consented to that data entering a
software testing pipeline. Privacy by Design
operationalizes the principle of embedding privacy
protections as default behaviors in system
architecture from the earliest design stage [9].
Applied to Test Data Management, masking,
anonymization, and data minimization should be the
automatic outputs of a well-designed pipeline, not
optional steps applied when someone remembers to
request them.

3.2 Core Test Data Management Strategies:
Mechanisms and Trade-offs

Five principal technical strategies are available for
producing compliant test datasets. Each offers a
different profile of privacy protection, data fidelity,
implementation complexity, and operational
suitability. Data masking replaces sensitive data
elements with structurally valid fictional alternatives
while preserving the referential consistency of the
dataset [2]. The masked version retains the format,
length, and relational relationships of the original
while removing any real individual's association
with the data. Referential consistency is the most
commonly compromised property in poorly
designed masking implementations. In a relational
schema, identifiers appearing across dozens of
tables may represent the same logical entity. If the
masking transformation is applied independently to
each table rather than consistently across all tables
referencing the same entity, relational integrity
breaks down and test cases depending on cross-table
joins produce invalid results. Data masking may be
static (data is transformed before it enters the test
environment) or dynamic (data is transformed on
query). Static transformation is more predictable and
easier to validate, but a second, maintained copy of
data is required (the physical data vault). Dynamic
masking requires less storage but incurs more
complexity and latency at runtime [23]. The
appropriate choice is governed by data volume,
refresh frequency, and the sensitivity requirements
of the testing workflows being supported. A risk that
applies to both approaches is data distortion occurs
when masking algorithms are applied without

careful analysis of field relationships. Poorly
designed algorithms introduce inconsistencies that
cause test failures or produce misleading results,
which is why automated validation of masking
outputs before any dataset enters active test use is a
necessary step, not an optional one [23].

Anonymization and pseudonymization occupy
legally distinct positions under the regulation.
Anonymization removes identifying information
irreversibly to the point where re-identification is
not reasonably possible, placing the data entirely
outside regulatory scope [6]. The k-anonymity
model provides a formal measure of the quality of
an anonymization process [7]. It requires that for
every record in the anonymized data, there should be
at least k (i.e., cardinality at least k)
indistinguishable records with respect to a set of
quasi-identifying  attributes  (i.e., individual
attributes that cannot identify an individual but
collectively can). The Samarati generalization
model extends this approach by defining a procedure
for systematically generalizing or suppressing the
values of attributes to satisfy k-anonymity while
minimizing information loss [8]. In particular, to use
k-anonymity for data privacy, one must carefully
identify and assess the set of quasi-identifiers to be
protected, since attributes that are not quasi-
identifiers during configuration may still permit re-
identification in combination with external data
[14]. But pseudonymization, by substituting
identifying data elements with tokens based on a
secret mapping key, lies within the regulatory
perimeter and can reduce risks and burdens [6]. In
enterprise testing contexts, pseudonymization is
more commonly adopted than full anonymization
because it preserves the ability to trace a discovered
defect back to the specific data pattern that produced
it. The governance requirement is strict: the
pseudonymization key must be held entirely outside
the test environment, accessible only to a small
defined group of authorized individuals [6].

Synthetic data generation produces entirely new
records by modeling the statistical and structural
properties of a real population without containing
any actual personal information [22]. Because
synthetic records have no correspondence to real
individuals, synthetic data falls entirely outside
regulatory scope and can be shared freely across
environments. The central challenge is fidelity. If
synthetic data does not reflect the distributions,
dependencies, or edge cases present in the
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production data, it may not surface any bugs that
would appear in production. There is no settled
consensus on what quality metrics should govern
synthetic data evaluation or what thresholds
constitute acceptable fidelity [22]. Machine learning
approaches to synthetic data generation substantially
improve achievable fidelity by learning complex
multivariate  distributions from masked or
anonymized production data [21]. This capability is
particularly valuable in healthcare testing, where
distributions are heavily skewed and rare clinical
conditions must be represented in test datasets.

A related capability that addresses governance
challenges in machine learning-assisted testing is
semi-supervised knowledge transfer from private
training data [15]. This approach allows model
capability to be transferred from a model trained on
sensitive data to a student model trained on public or
synthetic data, without the student model accessing
any private records directly. In Test Data
Management contexts, this technique enables the
construction of quality assurance models that can
generate or validate test datasets using patterns
learned from production data, without requiring
production data to be present in the test environment
at inference time. The governance implication is
significant: organizations can achieve production-
representative test data generation capability while

keeping the private training data entirely within the
production environment boundary. Differential
privacy applied during the knowledge transfer
process further bounds the information that the
student model can encode about individual training
records [17].

Al-generated synthetic data carries its own risk:
generative models trained on sensitive data may
memorize individual records, creating vulnerability
to membership inference attacks in which the
synthetic output can be used to infer real information
about real people [16]. Differential privacy solves
this problem by adding controlled statistical noise to
the training process so that the model learns to avoid
extracting too much information about individual
inputs [17].

Data subsetting extracts and copies a representative
sample of production data rather than the entire
database copy of the system. This reduces data
volume and provisioning time. For the effective
subset to maintain referential integrity, all records
referred to in the dependency graph of the schema
must be included within the boundaries of the
effective subset [23]. Subsetting should always be
paired with masking or pseudonymization to ensure
that extracted records do not carry raw personal data
into the test environment.

Referential Impl tati
Strategy Privacy protection|, ¢ ere.n 1 GDPR compliance mp eme-n ation Best suited for
integrity complexity
Functional d
Data masking Moderate High Conditional Medium . Hne 10¥1a . an
Integration testing
Non- ducibl
Anonymization  |High Moderate Fully compliant ~ [Medium-High on-reprocueibie
test sets
N . .. . Defect traci d
PPseudonymization Moderate High Conditional Medium elee 'racmg an
regression
Svnthetic data Broad functional
Y . Very high Variable Fully compliant  |[High and  performance
generation .
testing
D Target tional
IData subsetting epe?ds OnHigh Conditional Low—Medium argeted functiona
masking coverage
Control?ed Lov'v' ' (pre-very high Requires Very high Productio.n defect
production extract [sanitization) governance reproduction only

Table 2: Comparison of TDM Strategies [Author’s Synthesis Based on 2, 6, 7, 22, 23]
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3 Production Data in Testing: Justified Use,
Structural Risks, and Controlled Process

Despite the availability of the strategies described
above, certain testing scenarios cannot be served
adequately without production-derived data. Defect
reproduction is the clearest case. When a failure is
observed in a production system against a specific
data condition, recreating it reliably in a test
environment frequently requires data that reflects
the exact production state at the time of failure [23].
Synthetic and masked datasets may not preserve the
specific combination of field values, relational state,
or processing edge condition that caused the defect.
Rare edge cases, integration failures involving
external systems with  specific  encoding
requirements, and regression validation before
major releases represent further scenarios where
production-derived data adds testing value that other
strategies cannot readily replicate.The risks of
introducing unsanitized production data into test
secondary capture events may have already
occurred. The principle illustrated by membership
inference vulnerabilities is relevant here: sensitive

environments are structural rather than incidental.
Test environments often have relaxed access
controls, less complete audit logging, and less
strictly enforced data retention policies than
production systems [1]. Personal data introduced
without sanitization reaches a broader internal
audience and can be captured by secondary
mechanisms including application logs, caches,
backup snapshots, and monitoring tools.
Application logging represents a particularly
consequential ~ exposure  pathway. Logging
frameworks configured to capture request payloads,
database query parameters, or exception details will
record personal data fields when tests are executed
against real data [1]. That log data then flows into
aggregation systems, archival storage, and
potentially third-party monitoring platforms, each
representing an independent point of regulatory
exposure. Sanitizing data after it has entered the test
environment is insufficient because these

data introduced into any processing environment
does not remain neatly contained within its
originally intended boundary [16].

Production Environment
Authorised Extract Trigger

Scoped subset only

Isolated sanitization environment (no test system access)

Masking Tokenization Pseudonymization Redaction
Replace PIT with Opaque tokens Key stored separately Remove fields not
valid fictions Refs Separate lookup from test needed for test scope

Preserved service
Automated validation gate

PIT scan, referential integrity

1 Pass

Provision to test environment
Log event to audit trail

Figure 1: Production Data Extraction and Sanitization Workflow [Author’s Synthesis Based on 6, 23]

The controlled process for handling production-
derived data rests on a single non-negotiable

architectural constraint: sanitization must occur
before the data enters the test environment, not after.
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The sequence is fixed. Extract from production.
Sanitize in an isolated processing environment with
no connection to the test system. Validate the
sanitization outputs through automated scanning.
Then provision the sanitized data into the test
environment [6]. Raw production data must not
touch any test system at any point, even temporarily.
Applicable transformation techniques include
masking, tokenization, field redaction, and
pseudonymization, applied according to the
sensitivity classification of each field and the data
minimization principle, which requires that fields
not needed for the specific test scenario be redacted
entirely [3]. Tokenization is the process of replacing
sensitive values with one-time, opaque references
that only the trusted token vault can later translate
back to usable values. Tokenization maintains
referential integrity but requires automated scans to
ensure there are no personal data fields remaining
after sanitization, since schema evolution could have
added additional sensitive fields that were not in the
original schema.

3.4 Governance, Automation, and Operational
Controls

Privacy-compliant Test Data Management at
enterprise scale is fundamentally a governance and
process challenge that requires technical solutions to
implement consistently. The technical strategies for
protecting test data are only effective when applied
systematically and verifiably. An automated Test
Data Management pipeline embedded in the
continuous integration and delivery workflow
covers five core stages. Data generation or
extraction produces the raw material for the test
environment, drawing on synthetic generation
services or governed test data repositories. Masking
and sanitization transform that material into
compliance-ready form, with outputs logged to the
audit trail. Schema validation confirms that the
provisioned dataset is compatible with the
application version being tested. On test execution,
a provisioned data set is connected to the test cases
that are to be executed. An automated log scanning
solution is employed to check the output logs for
personal data while the test is running. Upon test
completion, both the provisioned and temporary
datasets are deleted [20]. Al-assisted automated test
case generation and automated data provisioning go
some way towards eliminating end-to-end testing
complexity, though it remains non-trivial to govern
the tests to ensure they do not operate on personally

identifiable information that the pipeline is designed
to protect [20, 21].

Role-based access control should be applied to every
system level containing personal data or a
transformation of it (test environment, test data
repository, masking pipeline configuration, and
pseudonymization key store). A good principle is to
assign each role the lowest level of access rights that
still allow it to do its work. Audit logging must log
data accesses, data provisioning operations,
masking pipeline executions, exceptions and any
other overrides. These records serve two purposes:
they provide an operational trail for incident
investigation, and they constitute the evidence base
required to satisfy the accountability principle [12].
ISO/TIEC 27001 provides the baseline framework for
information security management within which
these controls operate [12]. ISO/IEC 27701 has
followed this with the specification of privacy
information management in an auditable
information security management system and the
specification of how to apply controls to meet
privacy regulations [13]. Test Data Management
governance can be aligned to both the ISO/IEC
27001 and the ISO/IEC 27701 standards.

Retention policies must define a period for each
classification of test data, enforced in test pipeline
cleanup. Production data refresh requests may only
be allowed if either (i) there exists a production
defect to be reproduced, (ii) there are release cycle
regression tests to be covered, or (iii) there exists a
schema migration to invalidate the datasets [23].
Routine scheduled refreshes consume pipeline
resources, introduce data transfer risk, and overwrite
curated test datasets built for specific ongoing
testing purposes.

3.5 Application Logging, Personal Information
Prevention, and Quality Assurance Validation

Application logs represent one of the most
consequential and least visible pathways through
which personal data can enter and propagate through
a test environment. They are generated
automatically and processed by downstream
systems, including log aggregation platforms,
security information and event management tools,
and third-party monitoring services [1]. When log
data  contains personal information, each
downstream  processor  acquires  regulatory
obligations that it may not have anticipated. Request
and response logging captures whatever fields are
present in the payload, including personal
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identifiers, if the logging framework is not
configured to exclude them. Exception handling
routines that log full object states can capture field
values from objects containing personal data. Debug
statements retained from development represent a
persistent source of inadvertent logging [1].

Quality assurance teams carry specific responsibility
for verifying that logging behavior complies with
privacy requirements across all environments.
Automated log scanning embedded in the test
pipeline provides continuous verification alongside
every test run [20]. Scanning tools configured with
patterns for known personal data categories can
detect when these values appear in log output
generated during test execution. Negative test cases
that submit known personal data as input and verify
that those values do not appear in log output catch
logging framework misconfigurations that positive
testing cannot detect [21]. Treating personal data
detection in log output as a test failure condition
integrates privacy compliance into the quality gate
as a structural requirement rather than a periodic
audit finding [20].

3.6 Healthcare Implementation Challenges

Healthcare systems present a concentration of Test
Data Management challenges not found in other
regulated enterprise sectors. Clinical data models are
among the most normalized and relationally
complex schemas in enterprise software. A patient's
medical record is distributed across dozens of
interrelated  tables  representing  encounters,
diagnoses, medications, procedures, laboratory
results, imaging records, and billing events.
Masking a patient record requires applying
consistent transformations across all of these tables
simultaneously [23]. A failure of referential
consistency in any table produces a masked dataset
whose relational state no longer reflects a coherent
clinical reality, and test cases depending on
relational joins produce misleading results.
Subsetting in this environment requires traversing
the schema's dependency graph from target patient
records outward through every related table in both
directions, following foreign key relationships until
all referenced entities are included within the subset
boundary. Automated subsetting tools must be
configured with explicit schema knowledge, and
their outputs must be validated against integrity
constraints before any test activity begins [23].

Healthcare organizations operating across multiple
jurisdictions face a compliance challenge that is

multiplicative ~ rather  than  additive. ~ The
anonymization standard of the General Data
Protection Regulation, the Safe Harbor de-
identification criteria of the Health Insurance
Portability and Accountability Act, and the national
frameworks of Asia-Pacific and Latin American
jurisdictions  each  define  de-identification
differently [3]. A masking configuration satisfying
one framework may not satisfy another, requiring
governance documentation to map each data field to
every applicable regulatory obligation and the
transformation applied to satisfy it [12].

Performance and scalability testing of healthcare
systems requires synthetic datasets of sufficient
volume and distributional accuracy to expose
performance bottlenecks that emerge only under
realistic operational load. Synthetic data generators
trained on small or unrepresentative samples will not
produce distributions that surface these bottlenecks
accurately [22]. A tiered data strategy resolves this
tension by separating functional testing, which
operates on small, carefully governed masked or
synthetic datasets, from performance testing, which
uses larger synthetically generated datasets built
specifically to achieve required data volumes [23].

3.7 Edge-Native Testing Infrastructure and TDM
Implications

An emerging dimension of Test Data Management
that conventional frameworks have not fully
addressed is the increasing deployment of machine
learning inference at the network edge. Edge-native
inference architectures execute machine learning
tasks on microcontroller units with severe resource
constraints, typically operating with less than one
megabyte of flash memory and limited
computational capability [19]. This architectural
shift introduces a fundamentally different testing
context: inference latency at the edge can be as low
as a few milliseconds, compared to hundreds of
milliseconds for cloud-based equivalents, and
optimized models can reduce memory footprint by
more than ninety percent while retaining most
inferential capability [19].

From a Test Data Management perspective, this
shift has several implications. First, the test data
required to validate edge inference models must
reflect the sensor input formats, noise
characteristics, and data preprocessing pipelines of
the specific edge hardware being tested, rather than
the clean structured inputs typical of enterprise
application testing. Second, the model structures
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used for edge inference, individually designed to
account for varying sensor input data formats,
require test datasets that cover the full range of input
variability that the deployed device will encounter
[19]. Third, the governance challenge of keeping
training data for edge models of test
environments applies equally to edge contexts as to

out

cloud contexts: models trained on sensitive sensor
data from real deployments carry the same
membership inference risks as models trained on
enterprise datasets [16], and the same differential
privacy mitigations apply [17].

Testing scenario type?

-
¥

Functional

|

Synthetic data

Mo Pll risk. GDPR safe.

Production defect?

o
1
in
=
=]
-
1
(8]

Controlled extract

Sanitize before use.

'\-\_\__\_\__H_
—,
—

Integration

Masked subset

Referential integrity kept

Edge case data?

Synthetic data

Mo Pl needed.

Performance

L

Synthetic at scale

Waolume without P
Realistic load?

Mo Yes Mo

Pseudonymized

Key stored separately.

!

Synthetic at scale
iplume without PIL

e

All strategies require sanitization
Audit log every provisioning event per 120 27001 [12]

Figure 2: TDM Strategy Selection Framework [6, 23]

3.8 Future Directions in Privacy-Preserving Test
Data Management

Converging technical developments are shaping the
trajectory of Test Data Management by addressing
the most significant remaining limitations of current
practice. The application of generative machine
learning to synthetic data production is the most
consequential near-term development. Generative
models trained on masked or anonymized
production data, they learn complex multivariate
distributions and produce synthetic records that are
statistically indistinguishable from real data across a
wide range of attributes [21]. This capability directly

addresses the core limitation of rule-based synthetic
data generators, which struggle with the long-tail
distributions and correlated anomalies
healthcare and financial

found in
datasets. Conditional
generation allows synthetic records to be produced
matching a specified clinical or demographic
profile, enabling targeted test dataset construction
for rare conditions [22]. The governance
requirement is differential privacy applied during
model training, bounding the information the model
can encode about any individual training record
[17]. Semi-supervised knowledge transfer from
private training data extends this capability by
allowing model knowledge to migrate from

International Journal of Intelligent Systems and Applications in Engineering

LIISAE, 2026, 14(1s), 1790-1801 | 1798



sensitive  production environments to test
environments without any direct transfer of personal
records [15]. This allows QA systems to use
production data statistics, while the production and
test environments would not be logically
intertwined, as is common in customary
environments.

Differential privacy can provide a mathematical
upper bound on the risk of re-identifying
pseudonymized and synthetic datasets [17]. This
bound can be incorporated directly into compliance
documentation as a rigorous, auditable privacy
claim, satisfying the accountability requirements of
the regulation in a way that qualitative assurance
cannot [3]. Data virtualization creates logical views
of masked or transformed data assembled on
demand at query time, eliminating the need to create
and manage separate physical test dataset copies and
embedding compliance monitoring at the query
layer, where transformation rules are applied
consistently and every access event is logged
automatically [12].

The logical endpoint of mature Test Data
Management governance is continuous automated
compliance monitoring rather than periodic manual
review. Monitoring embedded in the data pipeline
can detect in real time conditions, including
unmasked fields in provisioned datasets, access
events outside authorized boundaries, and personal
data patterns in log output [20]. Automated
remediation responses compress the time between
introducing a compliance risk and remediating it.
Combining data-driven quality assurance with Test
Data Management governance creates a closed
feedback loop in which testing insights inform
provisioning decisions and compliance signals
inform testing strategy [20]. The system thus
provides the continuing audit trail of accountability
the regulation requires but, unlike before, builds it
up automatically rather than reconstructing it
retrospectively.

Conclusion

Test Data Management has established itself as a
foundational discipline in enterprise software
quality assurance, particularly in regulated sectors
where privacy failure carries both legal significance
and operational consequences that are difficult to
reverse. Data masking,
pseudonymization, synthetic data generation,

anonymization,

subsetting, and controlled production extraction
strategies provide the technical basis for recreating
real-world test scenarios while delaying or obviating
the need for access to personal data. A rationalized
taxonomy of privacy harm related to the General
Data Protection Regulation and NIST Privacy
Framework provides a finer-grained basis for
implementing controls to support test data
management objectives than regulatory definitions
of personal data. Organizations can map control
objectives to specific privacy harms. Combining
semi-supervised  knowledge  transfer  with
differential privacy to generate synthetic data
pipelines is a meaningful step towards generating
realistic test data without exposing production data.
The ISO/IEC 27001 and ISO/IEC 27701 umbrella
standards for privacy enable governance within the
organization, which must embed technical
mechanisms to avoid scrutiny from regulators. The
increased use of ML inference at the resource-
constrained edge introduces new considerations for
test data sensitivity and pipeline design into the
domain of customary Test Data Management. As
regulatory requirements continue to evolve and
enterprise data architectures grow in complexity,
organizations that invest in mature, automated Test
Data Management infrastructure will be best
positioned to sustain both rigorous testing
effectiveness and continuous compliance integrity
across the full software development lifecycle.
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