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Abstract

Modern analytical platforms consolidate information from many independent sources, and the value of every
downstream report depends on whether the consolidated data can be trusted. Integration across systems with their
own storage rules, update cycles, and identifiers produces incompleteness, duplication, inconsistent reference
catalogs, divergent value formats, and broken relationships between objects. This study systematizes methods for
addressing data quality during the integration of heterogeneous sources into high-load analytical systems, drawing
on a practice-based view of a multi-layer cloud data platform that processes multi-million-record volumes in a
regulated domain. The analysis organizes quality control into a layered model in which schema validation, value
standardization, deduplication, entity resolution across systems, and automated anomaly detection operate as
connected stages that feed a single source of truth. Each method is mapped to the class of quality problem it
resolves, the pipeline stage at which it acts, and the effect it has on consistency and reproducibility. The work
shows that a layered, reproducible control process improves cross-source consistency, reduces the reliance on
manual verification, and shifts analysts' roles from collection and reconciliation to interpretation and decision-
making. The systematization offers data engineers a transferable reference for designing quality assurance in large-
scale integration scenarios where regulatory monitoring and risk assessment require dependable, auditable data.

Keywords: anomaly detection; data integration; data quality; deduplication; entity resolution; ETL; heterogeneous
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1. Introduction

The growth of analytical platforms has been driven by the consolidation of data that arrives from a
widening set of independent systems. Each contributing system serves a specific operational purpose,
and each maintains its own schema, update cadence, and rules for identifying records. When these
systems are combined into a shared analytical layer, the structural and semantic differences between
them surface as data quality defects that propagate into every report and model built on the consolidated
data. The management of heterogeneous big data remains difficult because the sources differ in type,
format, and content, which obstruct both analysis and integration [1]. In regulated domains, where
monitoring and risk assessment must rest on auditable evidence, the reliability of integrated data carries
direct operational weight.

Integration at scale exposes recurring problems. Information is often incomplete, the same object
appears more than once, reference catalogs disagree across systems, value formats diverge, and the
relationships that link objects together lose their integrity during the merge. A single physical entity can
hold different attributes, partial fields, or several representations depending on which source describes
it. Semantic integration that delivers a unified view across structured, semi-structured, and unstructured
sources has been studied to reconcile such differences [2]. The treatment of heterogeneity and
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uncertainty, where heterogeneity concerns differing representation or meaning and uncertainty concerns
missing or expected data items, frames the core technical obstacle that quality assurance must overcome
during consolidation.

Heterogeneity enters integration through several channels that the design must address together.
Structural heterogeneity arises when sources organize the same information under different schemas;
semantic heterogeneity arises when identical terms carry different meanings, or when different terms
carry the same meaning; and syntactic heterogeneity arises when values follow different formats. Each
channel demands a distinct response: a structural difference requires schema alignment, a semantic
difference requires meaning reconciliation, and a syntactic difference requires value normalization. A
survey of integration approaches for heterogeneous big data shows that warehousing and federation offer
complementary strategies for handling this complexity, each with its own advantages for managing,
integrating, and analyzing data drawn from varied sources [1]. The analyzed platform combines
consolidation into a unified layer with controls that address each channel of heterogeneity at the stage
where it can be resolved efficiently.

Methods that improve data quality have been developed across several research areas, including
schema matching, value standardization, record deduplication, entity resolution, and anomaly detection.
These lines have matured as distinct fields, and a consolidated view that connects them to the operational
stages of a high-load pipeline remains thin. The clustering of heterogeneous data values has been
proposed as a route to quality analysis when value spaces differ widely [3], and matching techniques for
dataset discovery have been evaluated to support integration across catalogs [4]. The connection between
these techniques and the concrete sequence in which a large pipeline applies them is where practitioners
need clearer guidance.

The cost of an undetected quality defect grows with the scale of the platform, because a single
malformed record can corrupt aggregates that thousands of downstream queries consume. When the data
volume reaches the multi-million-record range, manual inspection cannot serve as a safety net, and the
pipeline must catch defects through automated controls. The extract, transform, and load stages that
move data from varied sources into a warehouse concentrate much of the cleansing and customization
effort, and optimization of these stages governs both throughput and the quality of the loaded data [5].
A platform serving a regulated domain faces an additional constraint: corrections must remain auditable
so that monitoring outputs can be traced to the evidence that produced them. The combination of scale
and auditability shapes the requirements that quality assurance methods must satisfy in this setting.

This article systematizes data quality assurance methods for integrating heterogeneous sources into
high-load analytical systems. The systematization rests on a practice-based view of a multi-layer cloud
data platform that ingests, validates, normalizes, enriches, and consolidates large volumes of information
from multiple independent sources into a single analytical layer. The contribution is threefold. First, the
work assembles a taxonomy of quality problems that arise when independent systems are merged at a
multi-million-record scale. Second, it organizes the relevant methods into a layered control model and
maps each method to the problem class it resolves and to the pipeline stage where it operates. Third, it
presents a consolidated mapping of problems, methods, stages, and effects that data engineers can reuse
when designing quality assurance for similar integration scenarios. The remainder of the article describes
the analyzed object and the analysis method, presents the systematization as the main result, discusses
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its implications and limitations, and states the conclusions.
2. Materials and Methods

The object of analysis is a generalized multi-layer cloud data platform that integrates and analyzes
large volumes of information from several independent sources. The platform is described as a class of
systems so that the systematization holds beyond any single deployment. Its layers cover data collection,
routing, computation orchestration, quality control, analytical processing, and synchronization with
downstream systems. Scalable cloud pipelines automate the acquisition, validation, normalization,
enrichment, and merging of records into one analytical slice, and the same pipelines prepare information
for operational reporting and analytical dashboards. The optimization of extract, transform, and load
processes in cloud data warehouses has been studied to handle big data from varied sources, where
cleansing and loading dominate the transformation effort [5]. The platform under analysis follows this
general shape while serving a regulated domain that requires traceable processing.

The operating conditions that frame the analysis are defined by three properties. First, the platform
draws from several independent sources, each with its own storage, update, and identification rules.
Second, the data volumes reach the multi-million-record range, making manual inspection infeasible
and increasing the cost of every quality defect that escapes detection. Third, the regulated setting requires
reproducibility, because corrections must be applied in a way that preserves the auditability of analytical
and reporting outputs. These conditions push quality assurance away from one-time checks toward a
continuous, layered control process embedded in the pipeline.

The analysis method classifies quality assurance techniques along three dimensions. The first
dimension is the class of quality problems a technique targets, ranging from structural mismatches to
broken referential integrity. The second dimension is the pipeline stage at which the technique operates,
spanning input validation, transformation, and quality control. The third dimension is the degree of
automation, since techniques that scale to multi-million record volumes must operate without record-
level human intervention. The classification draws each technique from established research lines and
places it within the layered model of the analyzed platform. Blocking and filtering techniques for entity
resolution have been surveyed to make matching tractable at scale [6], and deep learning for blocking
in entity matching has been explored across a wide design space [7], which together inform how the
model addresses the scalability of object matching.

The criteria used to assess each method are determined by the operating conditions. Consistency
measures whether a method reduces disagreement among sources that describe the same object.
Reproducibility measures whether a correction can be reapplied to yield the same result without
disturbing downstream processes. Reduction of manual effort measures whether a method removes
record-level human checks from the critical path. Preservation of integrity measures whether a correction
maintains the relationships that link objects after the defect is resolved. These four criteria provide a
common basis for comparing methods that originate in different research traditions.

The flow of information through the platform follows a fixed order that the analysis preserves.
Collection acquires records from each source through scheduled or event-driven extraction, routes and
dispatches them to the appropriate processing path, and orchestrates the computations that transform
them. Quality control then applies its internal sequence of checks, and analytical processing builds marts
and dashboards on the consolidated layer. Synchronization propagates results to downstream systems
that depend on the reconciled data. The position of quality control between orchestration and analytical
processing reflects a deliberate design choice because defects must be resolved before records reach the
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layer that analysts and reports consume. The placement also allows the control layer to draw from the
full record population after routing and orchestration have assembled it, improving the accuracy of cross-
source operations such as resolution and reconciliation.

The analysis treats data quality as a property defined across several dimensions that the operating
conditions make concrete. Completeness concerns whether records include the fields that analysis
requires; consistency concerns whether values agree across sources and within a record; and validity
concerns whether values fall within the ranges and rules that the domain expects. Uniqueness concerns
whether each object appears once in the consolidated layer, and integrity concerns whether the
relationships between objects survive consolidation. Each quality problem in the taxonomy maps onto
one or more of these dimensions, and each method in the systematization improves one or more of them.
The dimensional view connects the method inventory to the measurable properties that a regulated
domain monitors.

The platform description stays at the level of architecture and method classes, and this choice serves
both generality and the protection of confidential details. A generalized account of the layers, the
processing order, and the method classes supports conclusions that transfer to other deployments with a
similar structure. The same account avoids the internal algorithms, raw extracts, and closed figures that
a specific regulated deployment cannot disclose. The methodological consequence is that the
systematization reports the structure of quality assurance and the role of each method, while it leaves
the tuning of parameters and the selection of specific algorithms to the engineering of a concrete
platform. The approach aligns with the study's goal, as its contribution lies in organizing methods into a
layered model that practitioners can instantiate for their own sources.

3. Results

The systematization yields a taxonomy of quality problems that recur when independent systems are
merged. Structural mismatch arises when sources encode the same concept with different schemas.
Format divergence arises when the same value appears under different representations. Duplication
occurs when an object is recorded multiple times within or across sources. Multiple representation arises
when a single object holds different attribute sets across different systems. Anomalous values arise when
records contain outliers or violations that fall outside expected ranges or rules. Reference inconsistency
arises when catalogs that should agree across sources hold conflicting codes. Broken relationship
integrity arises when the links between objects are lost during the merge. The clustering of
heterogeneous data values supports the detection of format divergence and reference inconsistency by
grouping values that should be treated as equivalent [3].

The taxonomy separates problems by their origin, since the origin determines the stage at which a
method can resolve them. Structural mismatch originates in the design of the source schemas and
surfaces when a record enters the pipeline, making the input stage the natural point of detection. Format
divergence and duplication originate in the recording practices of each source and yield a transformation
that reshapes and compares values. Multiple representation arises from the independence of the source
identifiers and requires cross-source matching, which only the transformation stage can perform on a
comparable population. Reference inconsistency and broken integrity originate in the relationships
among catalogs and objects, and they persist until the quality control stage examines the consolidated
set as a whole. The mapping from origin to stage gives the layered model its structure, because each
stage addresses the problems whose origin it can reach.

The layered architecture of the analyzed platform places quality control as a dedicated layer between
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orchestration and analytical processing. The structure shows that quality control is a stage with its own
internal pipeline of checks, which feeds a single source of truth that downstream analytics consume. The
platform layers and the position of the quality control layer are shown in Figure 1.
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Figure 1: multilayer architecture of a cloud data platform with an embedded data quality control layer

Schema validation acts at the input stage and detects structural mismatch before records enter the
analytical layer. Validation compares incoming records against expected schemas and rejects or
quarantines those that violate the structure. Matching techniques for dataset discovery have been
evaluated to determine which schema elements correspond across sources, which supports the
construction of validation rules that span heterogeneous catalogs [4]. Pre-trained language models have
been applied to schema matching to align elements whose correspondence is not evident from names
alone [8], which extends validation coverage to sources that lack shared naming conventions. Early
structural checks reduce the cost of later stages by preventing malformed records from propagating into
the transformation.

Standardization and normalization act at the transformation stage and resolve format divergence by
mapping values onto a uniform representation. The mapping covers units, encodings, date formats, and
categorical codes, and it produces values that downstream stages can compare directly. Standardization
also prepares reference catalogs for reconciliation, since values expressed in one convention must be
converted before catalogs from different sources can be aligned. The uniform representation resulting
from normalization is a precondition for reliable deduplication and entity resolution, as matching
depends on comparable inputs.

The depth of normalization required at this stage rises with the diversity of the sources. Sources that

originate in different operational systems encode the same concept using codes, free text, and structured
fields, and clustering heterogeneous data values provides a way to group representations that should be
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treated as equivalent before a canonical form is chosen [3]. The canonical form must balance fidelity
against comparability, because an overly aggressive mapping can erase distinctions that the domain
treats as meaningful, while an overly conservative mapping leaves residual divergence that later
matching must absorb. The transformation stage encodes domain knowledge about which variations are
equivalent and which are significant, and this knowledge governs the accuracy of every subsequent
comparison.

Deduplication acts at the transformation stage and removes redundant records that describe the same
object within a source. Deduplication reduces storage redundancy and prevents inflated counts that
would distort analytical results. The operation depends on comparison rules that tolerate minor variation
while still recognizing genuine repetition, and its accuracy improves when it runs on standardized values.
Deduplication within a source is a narrower task than matching objects across systems, and it serves as
a preparatory step that reduces the volume passed to cross-system resolution.

Entity resolution acts at the transformation stage and links records that refer to the same object across
independent systems. Resolution is the central challenge of integration because each source identifies
objects with its own keys, and one object can appear with different attributes in different systems.
Adaptive deep learning approaches have been developed to tune resolution models toward a target
workload when training data is scarce, or its distribution differs from the target [9], and active deep
learning via risk sampling has been proposed to achieve competitive accuracy with limited labeled data
[10]. The scalability of resolution to multi-million-record volumes relies on blocking, which restricts
comparisons to plausible candidate pairs. Blocking and filtering techniques have been surveyed as
mechanisms that make resolution tractable at scale [6], and deep learning has been applied to blocking
to expand the space of candidate generation strategies [7]. Resolution consolidates the fragmented
representations of an object into one linked record.

The accuracy of resolution depends on the quality of the inputs that earlier stages produce, which
makes the ordering of stages consequential. Records that reach resolution after standardization carry
comparable values, and records that pass through deduplication arrive without intra-source repetition
that would inflate the candidate space. The interaction between stages explains why resolution placed
early in an unprepared pipeline yields weaker results than resolution placed after standardization and
deduplication. The same interaction governs the cost of resolution, because a smaller and cleaner
candidate population reduces the number of comparisons that blocking must generate and the number
of pairs that the matching model must score. The transformation stage functions as an ordered sequence
in which each operation improves the conditions for the next.

Automated anomaly detection operates at the quality control stage and flags records whose values fall
outside expected ranges, distributions, or rules. Detection removes the need for record-level human
review by surfacing only the records that warrant attention. The technique addresses anomalous values
that survive earlier stages, and it provides a continuous check that adapts as the data evolves. Reference
reconciliation, which operates at the same stage, aligns catalogs whose codes differ across sources and
provides a consistent basis for joins. Referential integrity control, also performed at the quality control
stage, verifies that the links between objects remain valid after consolidation, protecting analytical
queries that traverse those links.

Reference reconciliation resolves a class of defects that earlier stages cannot address, because the
disagreement lies between catalogs. When two sources encode the same category under different codes,
a join that relies on those codes produces incorrect groupings unless the catalogs are aligned.
Reconciliation builds a mapping between the catalogs and applies it so that equivalent categories
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collapse into a single code in the consolidated layer. The mapping depends on the standardized values
produced by the transformation stage, which places reconciliation downstream of normalization. The
resulting consistency of reference data enables analytical queries to group and filter records correctly
across sources, removing a frequent source of silent errors in cross-source reporting.

Referential integrity control protects the relationships that give the consolidated layer its analytical
value. Integration can break these relationships when an object is resolved and its identifier changes
while the records that reference it retain the old identifier. The control detects dangling references and
repairs them, ensuring that queries traversing the relationships return complete and correct results. The
repair must preserve the meaning of the relationship, since an incorrect reattachment would introduce
errors that are harder to detect than a missing link. Integrity control operates after resolution, because
the final identifiers must exist before references can be validated against them. The control closes the
consolidation loop by ensuring that the data's linked structure matches the resolved set of objects.

Reproducibility runs across all stages as an end-to-end property and not as a single operation. The
control process records the defects it detects and the corrections it applies, and it routes failing records
to a quarantine where corrections are logged and reapplied without disturbing downstream analytics.
The flow of a single record through the pipeline, the validation gate that separates passing from failing
records, and the correction loop that returns quarantined records for reprocessing appear in Figure 2.

p \ - p
Source record ‘ Ingestion Validation gate pass Standardize and match
Raw input ‘ Parse and stage Schema and rules Normalize, dedupe, resolve

fail

)

‘ Quarantine and correct Analytical layer

‘ Logged, reproducible fix Single source of truth
b 7

Reprocess

() Vvalidation point (] correction loop for reproducibility

Figure 2: single-record processing pipeline with a validation gate and a reproducible correction loop

The consolidated mapping of problem classes, methods, pipeline stages, and effects organizes the
result into a single reference. The mapping connects each quality problem to the method that resolves it,
the stage at which the method acts, and the effect the method has on the consolidated data. The full
mapping appears in Table 1.

The methods in the mapping improve distinct quality dimensions, and the distribution clarifies how the
layered process raises overall quality. Schema validation improves validity by rejecting records that do
not conform to the expected structure. Standardization improves consistency by removing format
divergence, and deduplication improves uniqueness by removing repeated entries within a source. Entity
resolution improves uniqueness and completeness across systems by linking the fragments of an object
into a single record that contains the union of their attributes. Anomaly detection improves validity by
surfacing values that fall outside expected ranges, reference reconciliation improves consistency by
aligning catalogs, and referential integrity control improves integrity by repairing broken links. The
reproducible correction process protects all dimensions over time by ensuring that each repair is logged
and reapplied. The coverage of the dimensions across the method set shows that the layered model
addresses quality holistically and improves every dimension without sacrificing any.
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Table 1: Mapping of data quality problems to methods, pipeline stages, and effects

Data quality problem Method Pipeline stage Resulting effect

Early detection of structural

Structural mismatch between sources  Schema validation Input validation . . .
discrepancies before loading
. . . Standardization and . Uniform value representation in
Differences in value representation o Transformation )
normalization the analytical layer
Duplicate records Deduplication Transformation Reduced redundancy and removal

of repeated entries

Linking records into a single
consolidated object

Multiple representations of one object

Entity resolution Transformation
across systems

Automated anomaly Detection of outliers and

Anomalous or invalid values Quality control

detection violations without manual review
Inconsistent reference data across Reference data Quality control Consistent reference basis for
sources reconciliation y integration

Preserved valid relationships in
the consolidated layer

Referential integrity

control Quality control

Broken integrity of object relationships

Need for systemic correction without ~ Reproducible, logged  End-to-end across Correction while preserving
disrupting downstream analytics processing all stages reproducibility of results

The mapping in Table 1 shows that quality assurance is distributed throughout the pipeline. Input
validation removes structural defects early, transformation reshapes and consolidates records, and
quality control resolves the residual problems that survive transformation. The end-to-end
reproducibility property binds these stages together by ensuring that every correction remains auditable.
The distribution of methods across stages explains why a layered control process outperforms isolated
checks when the data volume and source count grow.

The effect of the layered process accumulates across the stages, since each stage raises the quality on
which the next depends. The combined effect on the consolidated data appears in three measurable
outcomes. Cross-source consistency improves because standardization, resolution, and reconciliation
eliminate the disagreements introduced by independent sources. The share of manual verification falls
because validation and anomaly detection surface only the records that require attention, and the
remaining population flows through without record-level human checks. Reproducibility holds because
the correction loop logs every change and reapplies it without disturbing the analytical outputs. These
outcomes align with the assessment criteria that frame the analysis and demonstrate that the layered
model meets the requirements imposed by scale and auditability.

4. Discussion

The systematization supports the interpretation that layered quality control resolves integration
defects more completely than point checks, because each stage removes a class of defects before they
compound the work of later stages. Structural validation at the input prevents malformed records from
entering the transformation, standardization makes records comparable before matching, and quality
control resolves residual catalog and integrity problems within a consolidated, comparable population.
The single source of truth that the layered process produces provides downstream analytics with a
reconciled representation of each object, eliminating the need for analysts to reconcile sources during
interpretation. The construction of such a unified representation has been studied as a goal of semantic
integration over heterogeneous sources [2], and the layered model operationalizes that goal inside a
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high-load pipeline.

The three outcomes reported in Section 3 need a clarification of what they rest on. The study did not
measure consistency, manual effort, or reproducibility in a controlled experiment on a public benchmark.
It observed them on a production platform before and after the engineering team introduced the layered
process, and it reports them as directional effects that the team recorded in its own review of the
workflow. Consistency improved in the sense that reports built on the consolidated layer stopped
disagreeing with one another about the attributes of the same object. Manual effort fell in the sense that
specialists stopped assembling extracts by hand for routine monitoring. Reproducibility holds in the
sense that the correction log lets the team rebuild any analytical slice from the raw extracts and the
recorded repairs. Readers should treat these outcomes as evidence that the layered design works in one
regulated deployment, and they should expect the size of each effect to vary with the number of sources,
the overlap between them, and the maturity of the reference catalogs.

The contribution differs from the surveys it builds on in the object it organizes. The survey of
integration approaches in [1] compares warehousing and federation as architectures, the semantic
integration approach in [2] targets the construction of a unified view, and the blocking survey in [6]
treats one method in depth. None of them states at which pipeline stage a given method must act so that
the next method receives comparable inputs. This study adds that ordering argument: standardization
must precede deduplication, deduplication must precede resolution, and resolution must precede
integrity control, because each step changes the population that the following step compares. The
argument also explains a failure mode that practitioners meet when they adopt a matching model from
the literature and run it on raw extracts, since the model then scores pairs whose values differ in format
and not in identity. The mapping in Table 1 turns this ordering into a checklist against which an engineer
can audit a pipeline, and this checklist is the practical form the contribution takes.

The qualitative effect of the layered process appears in the change to the analytical workflow. Before
consolidation, a large share of analysis required manual search across several sources, additional record
reconciliation, and the preparation of separate extracts for specialists to study. The approach consumed
considerable time, complicated quality control, and obstructed a complete picture of the object under
analysis. After automated pipelines and a unified analytical layer were introduced, these tasks became
systematic and reproducible. Information from different sources was standardized, reducing the volume
of manual preparation and the risk of errors associated with manual handling. The role of specialists
shifted from collection and verification to interpretation and decision-making, thereby increasing
transparency in the analytical process and consistency in monitoring.

The shift in the analytical workflow changes the nature of the work that specialists perform. Under
the manual approach, the scarcest resource was the time required to assemble and reconcile data before
any analysis could begin, and the quality of the assembled data varied with the diligence of each manual
step. Under the layered process, the consolidated layer presents reconciled objects with known lineage,
and specialists direct their effort toward the questions that the data can answer. Specialists work with
consolidated sets, track historical changes, identify patterns, and obtain information through dashboards
and reporting. The reallocation of effort increases the value each specialist adds, because systematic data
preparation frees attention for interpretation. The change also strengthens monitoring, since the
consistency of the consolidated layer allows specialists to compare observations across time and sources
on a stable basis.

Each method carries conditions of applicability and trade-offs that shape its use at scale. Schema
validation depends on the availability of expected schemas, and its coverage narrows when sources lack
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shared naming, which motivates the use of learned matching to extend alignment across catalogs [8].
Entity resolution trades exhaustive comparison for tractable blocking, and the choice of blocking
strategy governs the balance between recall of true matches and computational cost, a balance that the
surveyed blocking literature makes explicit [6]. Resolution models that rely on supervised learning
depend on labeled data whose distribution matches the target, and adaptive and active learning
approaches address the gap when labels are scarce or shifted [9, 10]. Anomaly detection trades
sensitivity against the rate of false alerts, and its thresholds require tuning to the distribution of the
integrated data. These trade-offs imply that a quality assurance design must select and order methods
according to the source profile and the volume it must sustain.

The trade-offs interact, and a design that optimizes one method in isolation can degrade the
performance of another. A standardization step that collapses many value variants into a single canonical
form simplifies matching, yet an overly aggressive collapse can merge values that the domain treats as
distinct, thereby misleading resolution. A validation step that rejects every record with a missing field
protects validity, but it can reduce completeness when partial records contain information that later
enrichment could complete. A throughput-optimized blocking scheme can exclude true matches that a
more thorough scheme would recover, thereby reducing the uniqueness of the resolution achieved. The
resolution of these tensions depends on the domain's priorities, since a regulated setting that values
auditability and consistency may accept a higher computational cost to secure them. The layered model
makes the tensions visible by separating methods into stages, allowing an engineer to reason about each
trade-off at the stage where it arises.

The implications for regulated domains follow from the reproducibility property. Monitoring and risk
assessment in a regulated setting require that every analytical output can be traced to auditable data and
to the corrections applied during consolidation. The layered process records detections and corrections
and reapplies them without disrupting downstream analytics, providing the regulated domain with a
dependable, auditable basis for decision-making. The consolidated analytical layer also lets specialists
track historical changes, identify patterns, and obtain information through dashboards and reporting,
which supports a more systematic approach to risk management.

Scaling the layered process to multi-million record volumes introduces engineering constraints that
interact with the choice of methods. Blocking determines whether resolution remains tractable, and the
surveyed blocking literature shows that the design of the blocking key trades recall against the size of
the candidate set [6]. A blocking scheme that is too coarse generates a candidate set too large to score
within the processing window, while a scheme that is too fine discards true matches that differ on the
blocking attribute. Deep learning for blocking widens the space of strategies and can adapt the key to
the data, which helps when fixed rules fail to capture the structure of the sources [7]. The throughput of
the transformation stage also depends on the optimization of the extract, transform, and load process,
where the cost of cleansing and loading dominates when the sources arrive in varied formats [5]. These
constraints imply that a quality assurance design for a high-load platform must treat scalability as a first-
order concern that shapes method selection.

The methods in the systematization differ in maturity, and the difference affects how a design should
rely on them. Schema matching and entity resolution rest on long-standing research traditions, and recent
work has extended them with learned models that reduce reliance on handcrafted rules. Pre-trained
language models have been applied to schema matching to align elements whose correspondence resists
rule-based detection [8], and risk-based and active learning approaches have improved resolution under
scarce or shifted labels [9], [10]. Anomaly detection on integrated data continues to evolve, and its
thresholds and models require ongoing calibration as data distributions change. A design that relies on
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a less mature technique should include a fallback path, because the technique may underperform on a
source profile that differs from those where it was validated. The maturity gradient argues for a layered
process whose stages can be tuned and replaced as techniques advance.

The boundaries of the systematization define the scope within which its conclusions hold. The
analysis rests on one class of systems, a multi-layer cloud data platform serving a regulated domain, and
the generalization to architectures with different layer structures requires care. The practice-based view
is described at the level of generalized architecture and method classes, which keeps the conclusions
transferable while limiting the depth of any single deployment detail. The systematization draws its
method inventory from established research lines, and the relative effectiveness of specific algorithms
within each line depends on data characteristics that vary across domains. These boundaries frame the
result as a transferable reference whose instantiation must account for the profile of the sources it
integrates.

Four constraints bound the study. First, the evidence comes from one platform in one regulated
domain, and the author draws on practitioner access to it and not on an external audit, which raises the
risk that the account favors the design decisions the team made. Second, the study reports no quantitative
metrics: it gives no precision or recall for entity resolution, no false-alert rate for anomaly detection, no
share of records that validation quarantined, and no count of hours of manual work saved, because the
operator classifies these figures as confidential. Third, the study did not test alternative orderings of the
stages or alternative algorithms within a stage, so the claim that the chosen sequence outperforms other
sequences rests on the reasoning in Section 3 and on the observed workflow, and a controlled comparison
could weaken or refine it. Fourth, the platform ingests structured and semi-structured records with stable
schemas, and the analysis does not cover sources whose schemas change between loads, streaming
ingestion with tight latency budgets, or free-text sources. An engineer who works under any of these
conditions should treat the mapping as a starting hypothesis and validate it against local data before
relying on it.

The consolidated, reproducible layer produced by the process forms a foundation for analytical
capabilities that extend beyond reporting. A dependable single source of truth supports predictive risk
assessment, since forecasting and risk scoring require inputs whose quality and lineage are known. The
transition from descriptive monitoring to predictive assessment depends on the same quality properties
that the layered process secures, because a model trained on inconsistent or duplicated data inherits the
defects of its inputs. The systematization contributes to a broader analytical program in which quality
assurance is the precondition for trustworthy prediction. The connection between data quality and
downstream modeling provides a direction for extending the layered model without altering its core
structure.

Monitoring in a regulated domain places specific demands on the layered process that general
analytics does not. Monitoring requires that an observation be reproducible and explainable, since a
flagged condition may prompt action whose justification must withstand scrutiny. The reproducible
correction loop satisfies this demand by preserving the lineage of every value that a monitoring rule
evaluates, allowing an analyst to trace a flagged condition back to the records and corrections that
produced it. The consistency that reconciliation and resolution secure also supports monitoring across
time, because a rule that compares current values against a historical baseline depends on the
comparability of the two. The layered process thereby aligns the technical properties of the data with the
procedural requirements imposed by a regulated domain on its monitoring, thereby strengthening the
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case for embedding quality control as a dedicated layer rather than a set of ad hoc checks.
S. Conclusion

This article organizes data quality assurance for the integration of heterogeneous sources into high-
load analytical systems into a layered control model grounded in a practice-based view of a multi-
million-record cloud platform. The systematization assembled a taxonomy of the quality problems that
arise when independent systems merge, placed schema validation, standardization, deduplication, entity
resolution, anomaly detection, reference reconciliation, and referential integrity control within the
pipeline stages where they act, and mapped each method to the problem it resolves and the effect it
produces. The layered process improves cross-source consistency, reduces the share of manual
verification, and preserves reproducibility through logged and reapplied corrections, creating a
dependable and auditable analytical layer.

The practical value for data engineers lies in the consolidated mapping, which serves as a transferable
reference for designing quality assurance in large-scale integration scenarios. The mapping clarifies
where each method belongs, what it resolves, and how it contributes to a single source of truth, which
shortens the path from requirements to a working control design. The shift of analytical effort from
collection and reconciliation to interpretation and decision-making follows from the consolidated,
reproducible data that the layered process delivers.

The layered model also supplies a basis for evaluating an existing pipeline against a structured set of
expectations. An engineer can examine each stage of a deployed platform and check whether it addresses
the class of problems assigned to that stage, thereby exposing gaps where a quality dimension lacks
control. The same model guides the sequencing of methods, since it states that validation precedes
transformation and that resolution precedes integrity control, an ordering that the interaction between
stages makes consequential. The mapping thereby functions both as a design reference for new platforms
and as a review instrument for platforms already in operation, and its value persists as the underlying
techniques evolve, because the structure of the layered process remains stable while individual methods
improve.

Future work can extend the systematization toward predictive risk assessment that leverages the
consolidated layer, since dependable, integrated data forms the foundation on which forecasting and risk
scoring are built. A further direction concerns the empirical comparison of method orderings across
varied source profiles, which would refine guidance on sequencing quality control stages for a target
volume and source count. The continued evolution of learned matching and anomaly detection invites
periodic reassessment of the method inventory as new techniques mature.

Declarations

Ethics approval

Not applicable.

Funding

No external funding.

Competing interests

The author declares no competing interests.
Author contributions

The author contributed to the conception, analysis, writing, and final approval of the manuscript.

646



IJC

Data Quality Assurance for Heterogeneous Sources Vol. 57, No. 1, 2026 | pp. 635-647

References

[1] W. Z. Alma'aitah, A. Quraan, F. N. AL-Aswadi, R. S. Alkhawaldeh, M. Alazab, and A. Awajan, “Integration approaches
for heterogeneous big data: A survey,” Cybernetics and Information Technologies, vol. 24, no. 1, pp. 3-20, Mar. 2024, doi:
10.2478/cait-2024-0001.

[2] G. Fusco and L. Aversano, “An approach for semantic integration of heterogeneous data sources,” Peer] Computer Science,
vol. 6, Mar. 2020, Art. no. €254, doi: 10.7717/peerj-cs.254.

[3] V. Wenz, A. Kesper, and G. Taentzer, “Clustering heterogenecous data values for data quality analysis,” ACM Journal of
Data and Information Quality, vol. 15, no. 3, pp. 1-33, 2023, doi: 10.1145/3603710.

[4] C. Koutras et al., “Valentine: Evaluating matching techniques for dataset discovery,” in Proc. 2021 IEEE 37th International
Conference on Data Engineering (ICDE), Chania, Greece, 2021, pp. 468-479, doi: 10.1109/ICDE51399.2021.00047.

[5] L. Dinesh and K. G. Devi, “An efficient hybrid optimization of ETL process in data warehouse of cloud architecture,”
Journal of Cloud Computing, vol. 13,2024, Art. no. 12, doi: 10.1186/513677-023-00571-y.

[6] G. Papadakis, D. Skoutas, E. Thanos, and T. Palpanas, “Blocking and filtering techniques for entity resolution: A survey,”
ACM Computing Surveys, vol. 53, no. 2, pp. 1-42, 2020, doi: 10.1145/3377455.

[7] S. Thirumuruganathan et al., “Deep learning for blocking in entity matching: A design space exploration,” Proceedings of
the VLDB Endowment, vol. 14, no. 11, pp. 2459-2472, 2021, doi: 10.14778/3476249.3476294.

[8] Y. Zhang et al., “Schema matching using pre-trained language models,” in Proc. 2023 IEEE 39th International Conference
on Data Engineering (ICDE), Anaheim, CA, USA, 2023, pp. 1558-1571, doi: 10.1109/ICDE55515.2023.00123.

[9] Q. Chen et al., “Adaptive deep learning for entity resolution by risk analysis,” Knowledge-Based Systems, vol. 260, Jan.
2023, Art. no. 110118, doi: 10.1016/j.knosys.2022.110118.

[10] Y. Nafa et al., “Active deep learning on entity resolution by risk sampling,” Knowledge-Based Systems, vol. 236, 2022,
Art. no. 107729, doi: 10.1016/j.knosys.2021.107729.

647



