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Abstract

The data environments found in enterprises continue to be plagued by incompleteness,
inconsistency, duplication, staleness, and distributional drift, which directly impact
decision-making, the performance of machine learning, and regulatory compliance.
Conventional data-quality strategies that may be as narrow as semi-static rules or as
inefficient as manually cleaning data cannot address the speed and variety of modern
pipelines. This paper suggests Data Quality as a Service (DQaaS). This paradigm shift
redefines quality as a provision-managed, cloud-native capability that provides through
APIs, contracts, and measurable service level objectives (SLOs). DQaaS incorporates
declarative rules, statistical anomaly detectors, and machine learning models under a
common multi-tenant platform and delivers round-the-clock monitoring, lineage-enabled
diagnostics, and remediation as a service. The contributions that this work has can be
classified in four ways. It is first to present a reference architecture that has control and
data planes in both the streaming and batch pipelines. It formalizes measures of service
level indicators (SLIs), SLOs, and error budgets on the critical dimensions of completeness,
validity, timeliness, and accuracy. It makes contracts and schema evolution operational in
CI/CD pipelines, in a compatible and accountable way between producers and consumers.
It also tests DQaaS using enterprise datasets across ERP, CRM, and streaming data, clearly
highlighting improvements in reliability, incident recovery times, and business
performance with very little latency overhead. The results show how DQaaS can turn ad
hoc quality activities into a scalable and bureaucratically enforceable service that is
economically sustainable, with technical assurance, governance, and organizational
objectives.

Keywords: Autonomous Rule Discovery, Causal Anomaly Detection, Counterfactual Data
Augmentation, Federated Learning, Contract-Aware LLM Validators
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1. Introduction

To support growing data demands, enterprises are increasingly building data products
using a jungle of multi-cloud platforms. These microservices emit change-data-capture
(CDC) streams, lakehouse storage, and AI/ML pipelines to stitch features across domains.
Any layer can increase the number of failure modes: late partitions with regional buckets,
reordered Kafka events due to network jitter, schema drift with autonomous groups, or
silent changes to the feature definition released behind feature flags. Digital goods are now
data goods; reliability is no longer measured on a product-by-product basis, but rather in
freshness and validity. The failure of freshness and validity now interrupts user experience,
dashboards, and models in the same way that API-based outages do. It extends the idea of
reliability debt to the concept of quality debt: investments that have been postponed in
prevent-detect-respond capability incur costs in the form of incident load, manual triage,
and delayed time-to-insight. Similarly to SRE in systems, such a platform approach to data,
using the codification of contracts, SLOs, and runbooks, transforms ad-hoc checks into
repeatable engineering, which can be used across teams, stacks, and, as time scales out.
Division of labor has created 21st-century teams that may share only part of the lineage, so
local fixes move the error down; guardrails and unified visibility provide end-to-end
responsibility and accelerate cross-functional rectification.

It offers a pragmatic classification. Completeness indicates whether the records and critical
fields have been updated at appropriate times in partitions and windows. Performance tests
validity, range, unit, and pattern compliance, and includes locale-sensitive date, name, and
currency parsing. Uniqueness prevents repetition with natural keys and multi-table joins.
Consistency, which imposes functional dependencies and referential integrity and detects
orphan foreign keys, mismatched figures, etc. Timeliness allows one to measure freshness,
end-to-end latency/ watermark lag on streams. Accuracy books up to sources of gold or
confident ledgers. Breaks in the freshness of a funnel mean a misdirection of spend and
downplaying of alerts in a high-traffic funnel; duplication of customer records will increase
CAC and distort LTV errors in the tax code will attract audit results; and the mismatch in
the ledger will impede closes. They measure errors using error-budget metrics to prioritize
correcting problems and to show a resulting ROI in avoided downtime and manual rework.
Measuring exposure in dollars, hours, and customer impact aids trade-offs and enables
leaders to prioritize between investments in prevention and detection portfolios and
quarters.

Data Quality as a Service (DQaaS) is a multi-tenant platform, shared by multiple clients
under a multi-tenant structure where quality is expressed as APIs and SLAs. Data creators
and consumers use a declarative description language/application programming interface
to specify constraints, drift and anomaly monitors, and data contracts that accompany the
data and features. A triage Ul provides incident timelines, segment drill-downs, and
lineage-aware hints; alerting includes PagerDuty, email, and chat. It provides services at
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both batch and streaming. It performs gate checks, invariants, and canary queries,
respectively, at ingest, transformation, and query time. It is integrated with orchestration
(Airflow, Argo), event buses (Kafka, Pub/Sub), analytical stores (BigQuery, Snowflake,
lakehouse engines). Quality, compliance, and security also support each other, no longer
competing with pipelines because they are included in the scope of privacy tagging, access
control, and audit trails.

Interfaces organize prevention and detection. Ingestion gates reject or quarantine records
that violate complex contracts, so an upstream SLA is not affected, and insufficient data is
not propagated. The assertion of transformation invariants is a conservation law--row
counts within some bound, monetary accounts in balance, categorical domain restrictions,
and fails the task when violated. Publish performs representative queries and joins against
tables that are newly materialized before traffic shifts. Consumer guards enforce freshness
and validity at read-time, invalidating when the risk is excessive compared with the budget.
To foster contract compatibility, to increase training/serving parity, and to consolidate
symptoms to root causes through lineage graphs, the hooks run compatible contract tests
and rule sets on a pull request. The feature stores validate training/serving parity, and the
lineage syntax accelerates root-cause analysis by tracing symptoms to changes upstream.
Integrations include ticketing (e.g., Pager), paging, secrets, as well as policy engines to
offload the burden of responding to cases, but keep human intervention in ambiguous or
high-impact cases.

This paper is structured into different chapters. It starts with a highlight of some of the
challenges with traditional data quality and the rise of DQaaS as a scalable, API driven
alternative. It then performs a literature review on the aspects of quality, cleaning, entity
resolution, anomaly detection, and contracts. The pre-processing, monitoring, architecture,
and metrics are described in the methods section. The results are indicative of the following
aspects: reliability, latency, and business impact were improved. Discussion covers trade-
offs, adoption, and governance. The work on autonomous rule discovery, causal analysis,
federated learning, and LLLM validators is discussed, followed by a conclusion of the work
by DQaaS as the underpinning of resilient data ecosystems.

2. Literature Review

2.1 Quality Dimensions & Standards

The bedrock of data quality research is found in dimensions that are codified in various
ISO frameworks, such as accuracy, completeness, consistency, validity, uniqueness, and
timeliness. These dimensions give quantifiable criteria to determine whether enterprise
datasets are suitable for use. Accuracy ensures that the values are correct concerning real-
world conditions, i.e., whether an entry in a ledger has a real-world backup [37].
Completeness provides that there are required attributes and records, and inconsistency
requires that there is agreement between systems and referential integrity. Uniqueness
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destroys duplication, and timeliness ensures on-time delivery of data within service-level
latency.

A long-standing problem is that measurement is inimical. Large percentages of
completeness can mask missing values in the high-value customer groups, whereas average
timeliness scores reflect inaccuracies that occur in windows with high reporting.
Dashboards thus provided to enterprises have the advantage of support at multiple levels,
combining summarization indicators and stratification. Event-driven microservices
provide greater modularity and scalability, but often cause quality disasters as events occur
late, are duplicated, or are out of order [7]. These defects pose a direct threat to consistency
and timeliness. Incorporating the ISO dimensions into contractual service agreements will
form a systematic approach to identifying and preventing the occurrence of such failures
in the modern streaming contexts.

2.2 Cleaning & Imputation

Imputation and cleaning approaches are still critical to realizing data quality. There are
three mechanisms, which are classified by statisticians on missingness: MCAR (Missing
completely at Random), MAR (Missing at Random), and MNAR (Missing Not at
Random). Various classes require various remedial processes. In MCAR, it may be
sufficient to impute using a simple mean or median. In MAR and MNAR scenarios, these
approaches will bias distributions and degrade the performance of the models. Alternative
methods like k-Nearest Neighbor (kNN) and Multiple Imputation by Chained Equations
(MICE) will approximate missing results better by using the correlation between variables.
In addition to this, the imputation of values is constraint-adequate, as elements assimilated
are within the valid range of values, and this prevents unlikely results like filling in negative
ages or invalid time stamps.

Cleaning comes with the process of unit normalization. The typical example of enterprise
pipelines includes heterogeneous systems that have different units, codes, or time formats
[3]. Making this normal will provide uniformity in the analytics down the pipeline. The
inability to standardize the currency may introduce erroneous systemic financial flaws in
reporting systems. Event-driven architectures tend to compromise schematic drift, which
brings in latent missingness or type-on-a-scale discrepancies. In both cases, naive
imputation gives seemingly complete but semantically erroneous data. DQaaS thus offers
a combination of schema enforcement with imputation pipelines, where the corrective
action is engineered to improve reliability instead of hiding the issues.

2.3 Entity Resolution & Deduplication

The data quality is a significant risk regarding duplicate records. A variety of entity
resolution (ER) and deduplication methods are designed to ensure that different references
to a particular real-world entity are united correctly. Conventional deterministic approaches
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are based on equality rules (matching customer IDs or normalized e-mails). Such strategies
are fragile when it comes to inconsistencies or corrupted identifiers. Linkage models that
use probabilities to calculate similarity across several different fields and then assign the
pairs to one of a set of levels of similarity using thresholds are more flexible [19]. At scale,
a billion records or more, blocking schemes (such as phonetic codes or Locality-Sensitive
Hashing) make initial filtering of candidate pairs prior to comparisons.

As shown in the figure below, entity resolution methods (deterministic, probabilistic, rule-
based, and machine learning-based matching) have an additive basis in cleaning and
imputation. Although imputation can solve missing data problems of MCAR, MAR, and
MNAR using techniques such as kNN or MICE, entity resolution can repair any duplicate
and inconsistent entries and maintain validity, consistency, and accuracy across datasets to
achieve reliable downstream analytics.

Deterministic
Matching

Probabilistic

Entity Matching

Resolution

Machine
Learning

Rule-based
Matching

Figure 1: Entity resolution supports data cleaning and imputation accuracy

Evaluation of ER approaches is usually measured in terms of pair precision and recall, so
that the unification of records does not cause duplication to be collapsed into an identical
record. This was on natural language inference and served as a contribution to ER indirectly
because it shows how inference networks embody the relational context across sentences.
The principle is the rationale behind state-of-the-art semantic ER systems that rely on
embeddings and transformers to find duplicates masked by spelling or aliasing. A good
example is that Jonathan Smith and “J. Smythe” would not pass standard rule-based
checking, yet they would point to one another as a result of semantic similarity checks.
DQaaS increasingly has embedded such techniques to perform deduplication scalably and
in a context-aware fashion.
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2.4 Anomaly, Drift & ML/LLMs for Validation

Data pipelines in the enterprise setting require correction and must also be monitored for
anomalies and drift. Univariate data streams give outliers by using statistical methods, such
as robust z-scores and Exponentially Weighted Moving Averages (EWMA). Higher
dimensionality rules are used to identify anomalies using Isolation Forests, one-class
SVMs, or single autoencoders to capture the multidimensional dependence of data
attributes. Drift detection techniques measure the incongruence between the
training/reference distributions and the present data. Popular methods are the Population
Stability Index (PSI), Kullback-Leibler divergence, Jensen-Shannon divergence, and
Wasserstein distance. All these measures represent quantifiable metrics that DQaaS can
use to send out alerts and generate error budgets if data deviates from expected baselines
[22].

Digitalization is moving toward semantics. New quality checks: Large Language Models
allow checking quality beyond surface-level syntax, making quality judgments. They can
confirm the veracity of the address field addresses and whether the product descriptions
correspond with categories. LLMs are subject to hallucinations and inconsistent results and
thus require the workflow to be a human-in-the-loop. Deep inference models are helpful
to capture nuances in semantic relations, which draws a parallel to the validation of LLM-
based DQaaS [27]. Using inference in structured and unstructured fields can raise instances
of inconsistency--age not matching with birthdate--which would not occur using traditional
statistical rules. This forms a compound validation layer that is composed of both statistical
changes and semantics.

2.5 Observability, Lineage & Contracts

Modern data ecosystems demand both observability and contractual governance to ensure
quality sustainability. Observability goes further than pure metrics gathering to include
constant observation of completeness, validity, and timeliness at each stage of the pipeline.
These measures can be used to populate time-series-based systems, provide proactive
warnings, and SLA monitoring. Lineage provides structural context, showing how
transformations and dependencies are managed between the pipelines. When anomalies
occur in a downstream system, using lineage tracing, teams can trace the defect upstream
to the source to identify the root cause, such as a schema change in a microservice
streaming out CDC logs [21]. This reduces time to resolution/coordinated and cross-team
remediation. Contracts represent the codification of the expectations of the producers and
the consumers. They specify schema, constraints, ranges of values, and freshness
guarantees. Contracts are first versioned, tested for compatibility, and enforced in CI/CD.
When baked into DQaaS, the contracts can ensure that schema drift cannot silently break
downstream pipelines.

In event-driven systems, ownership is fragmented, and contracts are a necessity for
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alignment. Contracts with consumers, and the consequent backward and forward
compatibility checks, are used to prevent downstream service guarantees from being
compromised by upstream modifications. Through the combination of contract
management with observability and lineage, DQaaS offers an end-to-end reliability
framework, which treats data products in the same way software APIs are treated in
software engineering. The literature analyzed evidences a trend away from ad-hoc, manual
verification of data in using automated, agreement-based, semantics-enriched data
verification. The dimensions operationalized in the ISO standards constitute what is
measured in quality, and cleaning, imputation, and entity resolution are functions to
implement corrections. Anomaly detection and semantic validation go further and take the
monitoring into dynamic or contextual realms. Observability and contracts also make
accountability institutionalized so that technical guarantees become aligned with
organizational governance. The increased risks of event-driven architectures are offset by
inference models that promote semantic reasoning. Coupled together, they reflect the view
that DQaaS is not merely a technical advance but is a paradigm shift in which measure,
correction, validation, and governance are combined in a coordinated and scalable service.

Consumer A
subscribed to A

Producer A

Consumer B
Event Broker

m—> subscribed to A + B

Producer B
Consumer C

subscribed to B

Figure 2: Event-driven contracts ensure reliable alignment between producers and consumers

As shown in Figure 2 above, event-driven systems are based on the producers publishing
data streams to the event broker, which in turn, transports the streams to multiple
consumers by following pre-defined subscriptions. In those discontinuous ownership
worlds, contracts become essential to the synchronization of expectations, compatibility
enforcement, and avoidance of downstream failures. When used in combination with
observability and lineage, this will ensure reliability, accountability, and governance of
distributed data pipelines.
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3. Methods and Techniques

3.1 Data & Splits

DQaaS will have to support a variety of domains, each with its own unique construction
and operation requirements. In ERP / Finance systems, the data is based on highly
structured transactions like invoices, ledgers, and reconciliations. Conversely, CRM
systems generate semi-structured data focusing on some form of customer, such as an
account, a lead, or an opportunity, where deduping and entity resolution are critical.
Clickstream datasets present a unique challenge of high velocity and volume; behavioral
data is recorded in web and mobile interactions and must be processed in near-real time.
IoT telemetry is volatile, where data is semi-structured over thousands of devices, and
schema evolution, as well as out-of-order event streams, are the norm. The schemas in such
systems are scrutinized to recognize personally identifiable information (PII). Such
attributes as customer IDs, emails, and payment references are marked beforehand to direct
masking or encryption. Entity graphs are applied so that it is impossible to draw a parallel
between separate nodes, such as Customer, Order, and Payment. This graphical model
facilitates referential integrity checks so that no orders should be executed with invalid
customer information, and no payments have to be made to an order.

Data division to use in a supervised study or to gauge evaluation must be done with care to
prevent leakage of time. Time-aware splits are used in the methodology. Training occurs
before a specific point in time, validation is performed on the following time interval, and
testing is done on the subsequent data. The group of tenants and geographical zones is
stratified to ensure procedural fairness and includes equal representation [29]. The
language used is in a masked evaluation set, to satisfy the regulations, and ensure the
protection of privacy alongside the possibility of reproduction. Management of data
retention and access is also handled strictly in similar ways as in scalable healthcare
systems, whereby controlled communications flow will ensure compliance and trust.

3.2 Pre-Processing & Feature Engineering

Pre-processing starts with type and unit harmonization to ensure congruity of
representation. An example is that financial transactions are expected to be articulated in a
uniform currency. A universal foreign exchange (FX) table will convert all monetary
values to a common currency in order to easily derive insights. Similarly, timestamps are
unified to whatever remaining standard (usually UTC) so that there is no temporal variance
between the regions. Missing-value treatment is a primary task. There is an agreed-upon
definition of missingness policy on Missing Completely at Random (MCAR), Missing at
Random (MAR), and Missing Not at Random (MNAR). In case of MAR, imputation
methods such as chained equations and k-nearest neighbors are utilized, whereas the
MNAR values are properly lacking, as they can be an indicator of a business process
problem by itself. Outlier control is reached by robust scaling and winsorization. Massive
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transactions can be a legitimate event in finance, but they must be scaled. Such transactions
can interfere with statistical-type monitoring [12]. Winsorization caps the extremes,
providing a balance between loss of valuable signal and model distortion.

Domain-Based Cleaning utilizes user-defined table functions (UDTF) that use regex. Such
details as customer emails or phone numbers can be validated following legal patterns, e.g.,
phone numbers are checked and transformed to the international standard. Consistent
geocoding of addresses is carried out. Categorical encodings are based on frequency or
target encoding with a check against overfitting in drifting distributions. These pre-
processing methods are analogous to algorithm-based optimization processes in logistics,
where pipelined regimes of efficiency and accuracy are warranted for large and disparate
data streams [23].

3.3 Visual Analytics & Drift Monitors

The initial level of shaping, Imitative and cognition, is visual analytics. Empty heatmaps
can give a visual representation of patterned missing data across attributes, which can
further help to indicate systematic problems, like a complete column having ingestion
problems. In skewed or even multimodal attributes, distribution plots indicate little or no
consistency in data entry or corrections to previous systems [18]. Correlation matrices can
be used to enforce functional relationships between fields, such that the total value of the
invoice is the sum of its line items. Significant changes in the correlation may be indicators
of upstream processing variation or logic failures. To measure the timeliness, freshness-lag
histograms show the time between event generation and the system insertion. Observing
the values of these lags helps in enforcing SLOs of freshness.

To accomplish long-term monitoring, the enterprise feature tracker offers drift dashboards.
Analytical metrics, as the Population Stability Index (PSI), are computed within a window
of time on a per-feature basis. Quantile binning is stable to fluctuations. PSI thresholds
activate an alarm when they surpass the limits of acceptability, but on a predictably
seasonal basis, suppression logic switches off an alarm. The process of dashboards to track
such conditions represents the scalable communication systems, where visualization is
important to warrant resilience [31].

3.4 DQaaS Architecture & Operations

The control plane is used as the control center of governance and configuration. It includes
the rule registry where all constraints are kept. The policy engine that enforces the
organizational standards, the model registry that holds machine learning-based monitors,
and metadata catalogs that include lineage tracking. The access is managed through role-
based access control (RBAC), which guarantees accountability and security. Both the batch
and the streaming pipeline have validation checks executed on the data plane. Records are
validated by batch runners through scheduled ingestion, with constraints being applied by
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streaming runners in near real time, which allows records to be quarantined quickly.
Remediation jobs allow replaying of raw data, the imputation of missing fields, or a
quarantine on corrupted segments. Backfill processes also apply upgraded rules to past
data, creating continuity in quality enforcement with the past. Sampling methods minimize
the time requirements, yet the representativeness is attained.

The storage layer features dedicated repositories: a time-series metrics store that is used to
track SLIs, an incident store to log alerts and actions, and a feature store that associates
machine learning features with raw data. Operations resilience is realized by blue-green
deployment of rules and models, use of canarying on a subset of data, and rollback in the
case of a false positive spike. These practices are in line with the flexibility required in
logistics optimization platforms, where dispatch programs should continue functioning
normally [36].

3.5 Metrics, Contracts, Monitoring & Incident Response

DQaaS measures quality in six dimensions, namely completeness, validity, uniqueness,
consistency, timeliness, and accuracy. As presented in the Table 1 below, all indicators can
be measured and related to definite SLO targets. As an example, timeliness SLOs can set
a requirement that 99.5% of records arrive within a 15-minute lag, whereas a validity SLO
will allow 99.9% of values to adhere to type and regex patterns. The level of constraint
used by rule authoring includes column-level (NOT NULL, regex), table-level (unique
keys), and flow-level (conservation of totals). Transformation invariants give consistent
results between pipelines. The checks are done at the consumption points by the consumer
guards, averting downstream use of invalid data. Along with rules, anomaly and drift
detection extend the coverage. Slow drifts in freshness are picked up in statistical monitors
like EWMA [10]. High-dimensional anomalies are detected using Isolation Forests and
autoencoders. Diverging distribution measures are a common technique, including PSI,
KL-divergence, and Jensen-Shannon divergence, which measure the stability and issue
warnings when differences peak above some pre-determined threshold.

Table 1: Key dimensions, checks, and responses in DQaaS quality management

SLO Targets
¢ Examples/Techniques & Response & Outcomes
y Thresholds

Dimension/Activi

Timeliness:

99.5%
records < 15-| Ensures reliable input for

min lag; downstream pipelines
Validity:
99.9%

Completeness, validity,
uniqueness, consistency,
timeliness, accuracy

Quality
Measurement
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. . . . SLO Targets
D1mens1ton/Act1v1 Examples/Techniques & Response & Outcomes
y Thresholds
regex/type
conformance
Constraints
Column-level (NOT applied at
Rule NULL, regex), table-level | ingestion, | Prevents propagation of
unique keys), flow-level | transtormatio| invalid/duplicate/inconsist
Enforcement (unique keys), flow-level f 0| invalid/duplicate/i .
(conservation of totals), n, and ent data
transformation invariants | consumption
points
EWMA, Isolation Forests, Thresholc.is )
Anomaly & Drift| Autoencoders, PSI, KL - set for drift | Early detection of slow
Detection divergence ’Jens,e:n- stability and | drifts or high-dimensional
Shannon divergence anomaly anomalies
alerts
SLO burn-rate alerts, Alerts when
Incident unbooks for error budgets| Faster acknpwledgement
Response quarantine/replay/imputati deplete; & resolution throggh
on, lincage-based RCA MTTA/MTT| structured escalation
’ R tracked

When violations are detected, DQaaS launches the process of structured incident response.
SLO burn-rate alerts communicate when error budgets have been depleted. Unbooks
specify what actions (such as quarantining of invalid data, replay of raw sources, or
imputation of missing values) to take. Incident tracking using lineage-based root cause
analysis allows incidents to be tracked back to their underlying changes. It can significantly
reduce the Mean Time to Acknowledge (MTTA) and Mean Time to Resolve (MTTR). This
organized escalation thus reflects the practice of triage systems within the healthcare
communication systems, whereby quick and coordinated action alleviates breakdowns in

the system.
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4. Operationalizing Data Contracts, Quality SLOs, and Error Budgets in DQaaS

4.1 Contract Semantics & Ownership

Contracts on data are the foundational unit of Data Quality as a Service (DQaaS) since they
define a clear set of expectations to be met by data producers and consumers. At the very
least, the contracts will define schema fields, data types, units of measurement, and
acceptable ranges. Other properties may be semantic annotations, privacy tags, and
constraints (ie, uniqueness, referential integrity). The formal definitions mean that all
downstream systems will consistently process values, and there are no expensive type
mismatch errors or a lack of alignment chips.

Within contracts, clear ownership roles are captured. Producers agree to produce data that
meets the contract, and consumers are bound to consumption that conforms to the exact
specifications. This mutual responsibility leads to clear boundaries among data products
and a reluctance to dispute responsibility for the failure. Engagement escalation is of
utmost importance: in case of identified violations, the contract leads to the responsible
owner and the remediation plan schedule. The enforcement of these boundaries is what
enables the organizations to align their incentives across domains and motivate producers
to see data quality as just as critical as service uptime. This tracks the increasing trend in
DevOps of codifying service reliability agreements and deployment pipelines to remove
ambiguity and accelerate resolution [9].

4.2 SLI/SLO Modeling

When contracts are provisioned, they should then be made quantifiable when service level
indicators (SLIs) and objectives (SLOs) are implemented. The difference between the SLIs
and SLOs is that the former are quantitative measures that monitor quality attributes. In
contrast, the latter serve as boundaries of the acceptable values within a measurement
period. In DQaaS, SLIs are commonly split out by tenant, region, or business unit to
highlight local problems instead of just global averages. Examples demonstrate how this
can be used in the real world. A freshness SLO could ensure that no more than 0.5% of
records are more than 15 minutes old at event time, so real-time analytical insights would
not be stale. Validity may be shown as the percentage of fields matching regular
expressions or type definitions, with quality thresholds of 99.9% and above. The level of
uniqueness is assessed by duplicate ratios, with acceptable constraints put at < 0.1% in
major fields. Codification of such objectives makes data quality an enforceable and
measurable metric.
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Figure 3: SLI and SLO modeling links capabilities to measurable quality metrics

An individual capability, like providing a high-performance and error-free user interface,
can be measured with several Service Level Indicators (SLIs), as shown in the figure above.
These are also measures such as page load time, interaction time in the browsers, server
error rates and JavaScript error rates. As codified Service Level Objectives (SLOs), such
measures provide enforceable limits that measure and uphold the data quality performance
across tenants and regions. The empirical problem consists of designing SLIs that provide
precision and are cost-effective. Due to the large size of terabyte-scale streams, it is not
realistic to monitor every row, and therefore, approximate metrics or stratified sampling
are used [30]. That said, these measurement frameworks are broadly congruent with
service-level thinking in the domain of software engineering, where performance and
reliability are conceived as protocols that must be upheld, not as ideals to be aimed at.

4.3 Error Budgets & Burn-Rate Alerting

Everything that touches concerns ideas of trade-offs, where perfection and practicality are
operationalized as error budgets. By introducing such a tolerance, organizations do not
insist on data pipelines being perfect, but understand how much failure they can tolerate
and manage it in a structured manner. Assuming that the SLO target is freshness = 99.5%,
the remaining 0.5% is the monthly error budget. Burn-rate monitoring involves comparing
the inflation rate with the budget within several windows: 1 hour, 6 hours, and 24 hours.

Such an idea will make teams proportional in their response. A fast burn over one hour
depicts the occurrence of an acute phenomenon that needs urgent escalation, whilst a slow
burn over several days shows a systems problem, but not as urgent. Policy actions are
directly linked to thresholds; a consumer may be throttled, gracefully degraded, or
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quarantined until it recovers quality [24]. Data delivery may fail fast in critical cases to
guard against cascading errors. The principle is taken out of site reliability engineering but
applied to data, as the same premise applies, in that organizations can accept a certain
amount of imperfection as long as it falls within agreed-upon parameters. Predictive
analytics is another component that can help with this, as it can predict budget consumption
and therefore may be used to intervene in time before a breach in an SLO happens, which
fits the results that analytical convergence improves operational effectiveness [16].

4.4 CI/CD & Runtime Enforcement

To be feasible, contracts, SLOs, and error budgets have to be part and parcel of CI/CD
pipelines. The files, in a contract language (usually defined in JSON or YAML), are
version-controlled along with the code in a central repository. The schema diff tools do
automatic backward and forward compatibility checks whenever a pull request is made. A
change that causes a breaking compatibility will fail before being deployed, therefore
avoiding outages later on. Golden datasets and synthetic test cases also assert compliance
properties since it is known that rule behavior is expected to work correctly in known-good
and edge cases [5]. As shown in the figure below, CI/CD pipelines combine application
code and schema definitions into a single version-controlled pipeline with contracts, SLOs,
and error budgets being enforced. Automated schema diff tools can perform backward and
forward compatibility checks as part of a pull request, preventing breaking changes from
going into deployment. In addition, golden sets and synthetic test-cases reaffirm known-
good-behaviors. This engineered automation has been designed to ensure that applications
and databases comply with the regulations and help to minimize downtimes and data
quality inconsistencies between the build, test, and deployed states.

Build stage
Unit test

* Capacity tests

* Integration tests
Acceptance tests m
=i

——b( Cl/CD O—< Application

* App code
* Schema definition

Database

Figure 4: CI/CD pipelines enforce contracts, SLOs, and compatibility checks
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Canary rules can be used to test small groups of data to confirm good behavior before a
large-scale adoption, minimizing the possibility of causing severe disruption. Blue-green
deployments enable organizations to move back and forth between rule variants with an
extremely low outage interval. Enforcement must also be real-time. Ingestion gates drop
or quarantine records that do not meet hard constraints, and records subsequently received
by downstream consumers will only comply with the contract. Post-transformation
canaries check the aggregation, join, and derived fields before exposing them to the
production queries. Combined, these practices operationalize data quality like continuous
testing operationalizes software quality, injecting checks into the delivery pipeline as
opposed to manual checks.

4.5 Governance, Economics & Templates

The governance structures should go beyond enforcement mechanisms in a technical sense
to compliance, economics, and auditability. As highlighted in the table below, the data
contracts can be linked straightforwardly to the regulatory controls like the collection caps,
personal identifiable information (PII) procedures, and subject rights. All executed rules,
SLO evaluation, and incidents are recorded as an indication of audit evidence of
compliance with privacy and governance needs. Economic reasons also play an important
part. Checking the whole system that stretches to petabyte levels is not cheap [28]. Through
the adoption of showback or chargeback schemes, organizations roll the expense of checks,
incidents, and corrective measures back to the relevant data products. This acts as a
disincentive for being a noisy neighbor and encourages quality debt to be managed by the
teams.

Table 2: Governance, cost models, and templates driving sustainable DQaaS adoption

Aspect Key Focus Examples/Mechanisms Outcomes
. PII handling, collection Demon'strates
Link data contracts : ) ) compliance,
Governance & caps, subject rights, audit
. to regulatory strengthens
Compliance logs of 1
controls o accountability,
rules/SLOs/incidents .
supports audits
Showback/chargeback | Discourages “noisy
. Cost allocation and schemes for checks, neighbor”
Economics o o . .
sustainability incidents, corrective behavior, manages
measures quality debt
Templates & Predefined Currency validation, Saves setup time,
P validation and duplicate detection, enforces
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Aspect Key Focus Examples/Mechanisms Outcomes
Standardization | monitoring patterns freshness checks uniformity, speeds
adoption
Makes quality
Formalized process measurable,
Integrated for operationalizing| CI/CD pipelines, runtime | enforceable, cost-
Reliability contracts, SLOs, | enforcement, error budgets efficient, like
error budgets infrastructure
reliability

SLOs and runbook templates can help fast-track adoption. Instead of designing rules
themselves, teams choose among pre-defined patterns, such as standard currency
validation, typical duplicate detection, or freshness windows. Templates not only save on
setup time, but they also enforce organizational uniformity within domains. This
standardization resembles how large language models are being used increasingly to assist
in understanding more complex input and producing consistent output, which is evidence
of the functionality of codified templates in expanding the scope of operational practices
[34]. The process of operationalizing data contracts, SLOs, and error budgets within
DQaaS can bring out of the abstract quality aspirations, something that becomes
measurable, enforceable, and economically sustainable. Contracts establish semantics and
ownership. SLIs and SLOs establish a quantifiable commitment; error budgets allow room
between toleration and accountability; CI/CD pipelines and runtime enforcement help
enforce compliance and governance, and economic models help enable adoption to remain
sustainable at scale. In combination, these mechanisms help take data quality beyond a
collection of fragmented tools to an information technology that can be managed like
infrastructure reliability. This formalized process also provides an opportunity for
enterprises to not only identify and correct deficiencies quickly but also ensure they can
meet the KPIs promptly using a standardized approach that enables them to streamline
incentives, minimize compliance risks, and reduce costs. In this way, DQaaS becomes the
backbone of confidence in high-speed data environments.

5. Experiments and Results

In this section, (DQaaS) Data Quality as a Service is evaluated empirically. The evaluation
1s organized within the framework of the selected datasets, applied metrics, the baseline
and ablation studies, the obtained results, and a discussion of the threats to validity and
reproducibility.
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5.1 Datasets & Ground Truth

To be confident in robustness, three independent sets of data are shown: enterprise resource
planning (ERP) invoices and payments, customer relationship management (CRM)
records, and streaming click events. The system was tested on each of the datasets in
various enterprise data situations. The ERP database had access to invoices and payment
records. The ground truth was official finance reconciliation logs [26]. Completeness,
accuracy, and validity were tested on this dataset, which means that it is suitable for high-
stakes areas, such as finances.

The CRM dataset consisted of customer records, leads, and opportunities. The primary
focus was entity resolution and deduplication, and the labels came out of the manual
cleaning process of the operations team. Such labels gave sound gold standards that were
supervised. The streaming click stream consisted of streams of high-velocity events.
References in the watermarks in the stream-processing engine quantified time accuracy
and sequencing. This data was selected to test DQaaS on a real-time use case where low-
latency anomaly detection is a priority. The assessment was within the range of the
literature on the importance of quality control assessment in a variety of operational
environments, but not limited to a single pipeline.

5.2 Metrics & Instrumentation

Performance was measured in three categories of metrics: detection, service, and business
impact. Evaluation metrics were precision, recall, and F1-score of the rule-based and the
model-based checks, along with Precision-Recall AUC (PR-AUC). The Brier score was
computed to assess the probability calibration of supervised classifiers, ensuring that
predicted risks and actual error rates aligned. The metrics relating to reliability engineering
concepts, such as the SLO attainment rate, error-budget burn rates, incident detection rates,
and mean time to recovery (MTTR), were linked to the metrics relating to reliability
engineering concepts. The metrics showed how the increases in detection relate to the
operational reliability. Business measures end-to-end value were tracked back to enterprise
results. Refund error rates of the ERP transactions were compared prior to and after
deployment. Equally, the AUC of a churn forecasting model powered by CRM data was
monitored to show downstream machine learning enhancements [1]. Instrumentation was
introduced in pipelines through CI/CD hooks, collectors, and systems aware of the lineage,
which are typical of DevSecOps, where the monitoring and detection are ongoing.

5.3 Baselines & Ablations

Comparisons have been made with various baselines, and ablation studies have been
conducted. They have been compared with a rules-only baseline where the standard
database constraints and regex checks are utilized. This was the actual picture in most
enterprises. Second, hybrids (rules with supervised and unsupervised learning models
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(Isolation Forest, autoencoders)) were tested. Ablations examined the effect of human-in-
the-loop active learning, in which ambiguous cases were annotated to expand coverage.
The sampling strategies were compared to the full scans in terms of trade-offs between the
detection coverage and the latency. Lastly, the overheads in terms of cost and latency were
compared to current pipeline SLAs. This dual sourcing concept involved a multiple-layered
experimental design, whereby redundancy in methods helps build reliability, and costs of
operations are minimized.

5.4 Results Highlights & Visuals

The outcomes were that there was a definite increase in both technical and business results.
ERP pipelines showed a significant improvement in the SLO attainment. Freshness
compliance improved and rose to 99.4 (an increase of 3.2%), and only 12% of the error
budget was used up every month. Rules-only systems, in CRM deduplication, had achieved
0.78 precision and recall. Hybrid approaches gave a precision of 0.82, a recall of 0.86, and
an F1 of 0.84. F1 was further lifted to 0.87 by active learning. In streaming pipelines, PSI
metrics showed a drift in session length. Under DQaaS, discrepancies have been observed
within 30 minutes compared to manual monitoring, which takes hours. As presentment in
Table 3 and Figure 5 below, latency overhead was low, as batch jobs were delayed by 4.2%
and streaming checks by 2.8%, possibly both within the SLA budgets. Sampling lowered
the overhead again to below 1% with 95% detection coverage.

Table 3: Technical, operational, and business improvements observed under DQaaS
deployment

Area Metric/Observation | Result Achieved Impact/Improvement

99.4% (increase | Only 12% of monthly error

ERP Pipelines | Freshness compliance of 3.2%) budget used

CRM Rules-only

Deduplication | Precision/Recall 0.7870.78 Baseline performance

Hybrid
Precision/Recall/F1 0.82/0.86/0.84 Improved accuracy
Hybrid with Active Further improvement in
: 0.87 .
Learning F1 detection

Stf'eal.ning Drift detection (PSI) Discrepa.nc?es Faster‘ corppared to manual
Pipelines detected within 30| monitoring, which takes

(206)


https://www.doi.org/10.56830/IJSIE2024

International Journal of Sustainability and
Innovation in Engineering

TN
. .
- N

(1JSIE)
https://www.doi.org/10.56830/1JSIE2024 T
Vol.2 2024
Area Metric/Observation | Result Achieved Impact/Improvement
minutes hours
. 0
B?rtlz}rlé:ég o Within SLA; sampling
Latency overhead Streamine: 2’ ]9 reduced overhead to below
Hing: £.67 1% with 95% coverage
increase
Operational | ERP reconciliation |Reduced from 9.5 thlr\;lgritﬁﬁgas :-(i)l;rsseflat\;?: .
Recovery MTTR hours to 2.1 hours & & . g
and automation
Business ERP refund errors | Reduced by 37% Lower financial losses
Impact
Churn prediction Increased from Img :C\fiijf;?;t;eam
AUC 0.71 t0 0.78 8
performance

The situation about operational recovery was much better. The median time to resolution
of ERP reconciliation issues decreased by more than five hours (9.5 hours to 2.1 hours),
thanks to triage based on lineage, prior to restricted access, and automated runbooks. This
is the same thing with DevSecOps activities because the quicker the detection together with
automation, the lower the recovery time [15]. There were business-level advantages as
well. Refund mistakes in the ERP data were reduced by 37%, resulting in lower financial
losses. The churn prediction model, which had an initial AUC of 0.71, was able to improve
to an AUC of 0.78, showing downstream value generation [38]. Visually represented
summary data--SLO attainment tables, PSI time-series plots, entity resolution precision-
recall curves, latency overhead charts, and MTTR boxplots--confirmed these observations
to both tech and non-tech stakeholders.
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DQaa$S Results Highlights Across Technical, Operational, and Business Areas
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Figure 5: An illustration of Performance improvements in technical, operational, and
business metrics under DQaaS

5.5 Threats & Reproducibility

Several limitations must be acknowledged. CRM deduplication labels were prepared
manually, which may introduce bias. The changes in domains between quarters can
diminish model generalizability, and this may be biased by survivorship bias when
pipelines that failed were omitted. The offline estimates can also have a variance with the
real-time measurements, especially when there are ordered or time-delayed events. To
reduce these threats, reproduction guidelines were used. Data snapshots involving frozen
input conditions were assured. Hyperparameters and configurations were recorded using
hashing, and random number generators were seeded. The validation was initially done
online in a shadow mode, followed by gradual guarded production rollouts. Such
safeguards will be consistent with the recommended practices of secure CI/CD, as
automation ensures consistency across environments [6].

6. Discussion

6.1 Trade-offs

The implementation of Data Quality as a service (DQaaS) depends upon various trade-offs,
taking place in defining the level of its efficiency and sustainability in an enterprise. The
first trade-off is accuracy versus coverage. The quality and accuracy of anomaly detection
or any data validation rules become crucial to minimize false positives and avoid alert
fatigue and other unnecessary interventions [2]. However, extreme precision optimization
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comes at the cost of decreased coverage and opens the possibility of errors that slip through
detection because they are subtle, yet have a significant impact. On the other hand, more
coverage can lead to a greater likelihood of anomaly detection, but also adds noise that
teams must manage (by devoting engineering resources toward detector robustness versus
downstream processing of results).

The other trade-off is between latency and depth. The performance of deep quality checks
relies on the implementation of cross-table joins, semantic validation, or complex machine
learning models, which increases the requirement for runtime overhead. The same latency
outliers that are acceptable in systems like batch analytics degrade performance and user
experience in an environment like streaming analytics or a customer-facing dashboard. As
a result, organizations usually partition the checks into synchronous gates used to validate
critical paths and asynchronous monitors that perform comprehensive but non-blocking
validation analysis. This stratified system will be responsive without compromising depth.
The third trade-off is with rules and machine learning. The Rules are plug-compatible with
governance and compliance requirements because of their interpretability, stability, and
convenience of auditing. The rule-based systems find it difficult to adjust to changing data
semantics or shifts in distribution. Unlike rule-based models, machine learning models
offer adaptability and scalability while necessitating labeled data, close calibration, and a
way to explain predictions [32]. Essentially, as is established in analyzing the data system
reliability, the most viable strategy incorporates interpretable rules to ensure contractual
guaranteed coverage and machine learning to ensure adaptive coverage.

The DQaaS platforms need to avoid oscillating between the centralized platform and
federated team ownership. A central platform means consistent policies, volume-based
pricing, and observability. Nevertheless, teams of the federated approach retain the domain
expertise and responsiveness required to make changes to rules and models as business
needs change. A hybrid approach in which infrastructure and governance use a general
platform, but rules and SLOs are owned by those operating specific data products, would
attract operational efficiency without sacrificing accountability.

6.2 Adoption Patterns

Implementing DQaaS will occur in stages, rather than a drastic transformation. At the first
stage, enterprises usually start with data contracts and SLOs. This stage is focused on
defining clear producer-consumer contracts in terms of schema stability, semantics, and
freshness guarantee. Contracts bring in accountability and establish a quantifiable premise
for measuring quality debt. Teams also develop baseline SLOs on critical dimensions,
including completeness and validity, and the error budgets provided to manage tolerance
[11]. Phase 2 increases adoption by providing self-serve DSL, reusable rules, and
monitoring code. This change will enable the domain teams to onboard quickly without
needing detailed knowledge of the underlying infrastructure. Templates also support a
well-proven best practice, like pattern-based validation of email addresses or currencies,
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or drift monitors on customer segmentation features. With access to self-service tooling, it
becomes more likely to be covered and, after that, less of a bottleneck on central platform
teams.

Phase 3 would be maturity, where policy-as-code and autonomous remediation would be
used. Contracts and rules are version-controlled together with pipelines and are subject to
CI/CD workflows. Policies are applied in real-time, and automated action follows as a
pipeline that includes quarantine, replay, or imputation runs as error budgets are exceeded.
At this level, there 1s a transition to automation of routine remediation and human-driven
analysis of anomalies that may have a high impact or new scenarios. Such progression is
similar to how reliability engineering has been developing to become automated and
policy-based [13]. Adoption is not sequential, and it is based on organizational culture and
priorities. Other organizations are forced to automate early because their data needs are
large-scale, whereas others need to establish governance and trust before they can scale.
Irrespective of the sequence, organizations that have achieved some success in the
operationalization of DQaaS are consistently able to report enhanced performance both
technically and in terms of cross-organizational accountability.

6.3 Governance & Risk

Governance and risk management are core to introducing DQaasS in enterprise ecosystems.
A data council may act as the fulcrum to determine policies, sanction SLOs, and settle
producer-consumer issues. This council ensures that data quality aligns with the strategic
priorities, such as regulatory compliance, business continuity, and customer trust. Another
mandatory aspect is mapping the quality metrics into regulatory controls. Such activities
as completeness and validity checks are closely related to financial reporting standard
compliance, whereas accuracy and timeliness are aligned with privacy data integrity. The
consistency between distributed systems diminishes operational errors, as well as
regulatory risks, as exhibited in database management contexts.

As shown in the figure below, data leadership in governance and risk management focuses
on organized directions in ensuring data quality is in line with enterprise interests, which
include compliance, continuity, and trust. The model incorporates governance,
standardization, and an improvement cycle, whereby the councils can approve the SLOs,
implement the regulatory mappings, and reduce operational errors. By aligning
completeness, validity, accuracy, and timeliness to regulatory requirements, organizations
can provide resilience in meeting regulatory standards and reduce risks within distributed
systems and throughout the enterprise. They maintain accountability and control.
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Figure 6: Data governance and leadership framework for managing enterprise risks

Separation of powers is one of the checks of governance that forestalls conflict of interest.
The business unit or domain expert is responsible for defining constraints and validating
metrics, but Platform teams may put into place the infrastructure of rules and contracts.
This is because such segregation mitigates the threat of blind privilege escalation and
provides separate control. Companies in heavily regulated industries like finance or
healthcare need auditor-ready reporting to facilitate compliance with the regulations.
DQaaS pipelines enable end-to-end audit logs, lineage metadata, and SLO compliance
reports, which can be exported to external auditors [20]. This will transform compliance
from a reactive audit to ongoing assurance. As research on the use of Al in structured
feedback loops reveals, well-documented audit trails enhance trust in new technology
platforms and their adoption.

6.4 Limitations & Mitigations

DQaaS has limitations that should be recognized regardless of its potential. The cold-start
problem of labels is one of the most serious challenges. ML-based anomaly detectors need
labeled examples of errors, which might not be accurate in historical data. Such a drawback
limits the power of supervised models when adoption is still in its initial phases.
Techniques of minimizing these issues are using weak supervision, synthetic error
injection, and active learning to bootstrap datasets. Another constraint is the complex
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semantics handling. Most of the quality constraints are context-specific and cannot be
restricted to a simple range and type. As an example, a tax rate is only viable by jurisdiction,
currency, and time. That type of complexity is challenging to separate and must therefore
be addressed with rules that capture domain knowledge and with ongoing involvement of
business experts [14]. This supports the hybrid strategy according to which DQaaS
integrates a machine-learning approach with domain-driven rules.

There is another drawback to the cost sprawl. Obtaining and running large-scale checks in
petabytes of data warehouses can prove very costly. Moreover, retaining granular metrics
to sustain them over long periods stretches storage and compute capabilities. These
mitigations consist of sampling, approximate techniques (sketches), and checking budget
limits, which constrain the number or frequency of checks concerning the dataset. These
solutions are reminiscent of methods of improving or maintaining the performance of
databases, where performance has to balance reliability. Slow adoption may be hampered
by organizational inertia. Other teams oppose the contract and SLO enforcements as they
feel that they are some forms of limitation. To overcome this barrier, quality needs to be
framed in terms of shared responsibility that leads to decreased demands within the long-
term costs of rework and incidents. Pilot projects that indicate a clear improvement in the
areas of reliability and compliance are usually effective in combating resistance [4].

7. Future Work

This section describes research and engineering directions that have the potential to
accelerate the maturity of Data Quality as a Service (DQaaS). By taking into account
autonomous rule discovery, causal and counterfactual analysis, federated and privacy-
preserving learning, and contract-aware verification enabled through large language
models (LLMs), the field of enterprise data management can bring itself a step closer to
self-healing and smart data quality assurance.

7.1 Autonomous Rule Discovery

Most of the DQaaS platforms involve significant manual efforts to define and maintain the
data quality rules. Fixed rules need to keep up with the continuously evolving systems,
specifically an architectural style where microservices are constantly refactored or
redeployed. A potentially fruitful direction is to mine frequent failure predicates, which
may be generated automatically given historic incident data and schema changes [25].
Similar to data mining of large-scale failure datasets, systems do not require heavy human
intervention since they can identify recurring error patterns and then suggest candidate
rules.

These mined rules may then be compensated by feedback loops based on incident post-
mortems, generating a self-optimizing system. Significance of a clear definition of the
context boundaries when migrating to microservices, where blurry boundaries tend to
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cause discrepancies in data contracts [8]. Carrying the concept further, contextual
consistency can be enforced by autonomous rule discovery, making suggestions about new
rules when boundary violations are detected, and hence preventing quality drift over time
as systems evolve.

7.2 Causal & Counterfactual Quality

Traditional anomaly detection is correlation and deviation-based and ignores causality.
DQaaS systems of the future must incorporate causal intervention by comparing the
downstream symptoms and underlying causes of data malfunctioning. An example can be
a situation where a freshness violation was not caused by Pipeline latency, but by an
upstream service throttling event. Causal models will be able to chart points of intervention,
allowing for active prevention rather than detection [35].

Failure to use counterfactual data augmentation can be used to deal with rare failures. This
allows training supervised models to detect infrequent failures likely to have a high level
of risk severity because the model has been trained on fewer bad samples of those
conditions that fail. This method mitigates oversampling of classes and helps better
generalization of a model. Reasoning task architectures can represent more semantically
complex relations. Similarly, these counterfactual and causal structures can be integrated
into DQaaS pipelines to reveal dependencies amongst features, entities, and time-series
events, where explanations and prevention plans can extend beyond correlation.

7.3 Federated & Privacy-Preserving Learning

Data quality problems frequently cut across company and physical borders, especially in
regulated industries like finance and healthcare. A federated learning paradigm provides
the potential to enhance models without breaching local jurisdictional constraints of
privacy. The DQaaS research must address secure aggregation protocols that would enable
multiple organizations to jointly train anomaly detection models or entity resolution models
while ensuring that their raw data is not exposed.

With such a strategy, one can perform cross-vertical generalization, in which a quality
model that has been trained in one vertical (retail) can be adapted to other verticals
(insurance) without violating policy restrictions. In addition, federated DQaaS can use
policy-restricted feature sets so that only legally acceptable attributes are used to train and
make inferences. This would widen the platform’s applicability to multi-tenant and global
enterprises that could be forced to stick to strict data residency requirements.

7.4 Contract-Aware LLM Validators & Continual Learning

There is the untapped possibility of contract-aware LLMs being integrated. LLMs with
retrieval augmentation can be connected to an explicit data contract, because of which it is
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possible to semantically validate fields, tables, and streams, in addition to the syntactic
ones. For example, an LLM would be able to confirm both that a customer address matches
aregex and is in a known geographic area, as mentioned in the contract [17]. As highlighted
in the figure below, contract-aware LLMs can decide whether or not a query needs to be
retrieved. The LLM directly produces an answer in case no retrieval is required. Should
the need to retrieve be necessary, the system will retrieve applicable documents, and the
LLM will confirm and generate a response around them. This retrieval-enhanced process
facilitates semantic and syntactic validation of data fields, tables, and streams against data
contracts to ensure consistency and compliance.

Need retrieval ?

NO YES

This part is controlled

\
I
|
|
|

Retrieve k documents

<: LLM directly generates
relevant to the query

answer to the query

This part is controlled with
RLV, SPT, and PIT tags

LLM generates answer
from those k documents

¥ N

———————————— —— ——

N ———————— — ———— —

Details of this part is illustrated in Figure 2.

Figure 7: Contract-aware LLM retrieval for semantic and syntactic data validation

When done based on contracts, risks of hallucinations can be reduced and explainability
enhanced due to grounding LLM validation in contracts. Mechanisms of continual
learning, in which the update of the model is gated by drift detection and rollback is
invoked when downstream metrics worsen, should also be added. This model is stable but
keeps validators up to date with schema evolution and user behavior. The LLM validators
have the potential to become resilient in a dynamic environment [33].

8. Conclusions

The evidence, which is shown throughout this piece, supports the conclusion that Data
Quality as a Service (DQaaS) is not only a glass add-on, but a whole new way of data
management in the enterprise. Where organizations used to rely on loose, informal quality
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checks, DQaaS shifts quality to an end-to-end, managed service embedded by data
pipelines, just as Site Reliability Engineering transformed infrastructure operations.
Enterprises can track, observe, and enforce data reliability through contracts, Service Level
Objectives (SLOs), error budgets, and runbooks with a well-structured architecture. This
transition makes data quality a first-order engineering issue, and our shared concern is with
availability, latency, and cost.

Experimental results indicated that the implementation of DQaaS will result in practical
improvements that can be measured. The instrumented pipelines with quality controls in
place reached higher SLO fulfillment rates and freshness, validity, and completeness, all
performed to target. Automated remediation using lineage-based triage and playbooks
resulted in improved Mean Time to Detect (MTTD) and Mean Time to Recovery (MTTR),
resulting in reduced impact on operations and lower costs of responding to incidents.
Business values were also in evidence: reduced multiple records increased the efficiency
of CRM-driven marketing accuracy in ERP data, reduced errors in refunding, and
Timeliness increased the relevance in streaming. Notably, quality enforcement did not have
much latency overhead, and the cost profile was quite sustainable, confirming that quality
can sustain an increase in throughput.

Several recommendations can be given to organizations that want to bring DQaaS into
practice. Standardize data contracts and SLOs as the basis of producer-consumer
relationships. Clarity of boundaries and expectations decreases confusion and increases the
speed of correction. Second, incorporate contracts into your CI/CD pipelines so that
compatibility checks and compliance enforcement become part of your day-to-day
engineering process, eliminating silent schema drift because it cannot travel downstream.
Third, use error budgets and burn-rate alerts to find the right balance between perfection
and usable business and to make insightful trade-offs between tolerance and escalation.
Fourth, invest in self-serve templates and DSLs written in rule authoring, which permits
the encoding of constraints by domain experts to avoid the procurement of heavy platform
dependencies. Finally, promulgate incident runbooks and lineage-driven root cause
analysis processes so that teams have playbooks they can instantly repeat to fix problems.
These actions are a combination of institutionalizing accountability and ensuring that data
quality can be measured and enforced.

Data quality now has to be addressed in enterprises with the same rigor as service
reliability. Similar to where uptime has become an absolute necessity in modern-day digital
operations, the correctness, completeness, and Timeliness of data will have to be ensured
as organizations want to leverage analytics, machine learning, and compliance processes.
The debt of quality is already felt due to lost revenue, violations of the regulatory regime,
and a loss of trust. Organizations of all types can use DQaaS concepts to transition out of
reactive firefighting and into proactive engineering, leaving fragmented quality checks
behind and migrating to an autonomous, self-enhancing platform. The coming ten years
will have warranted data products as the basis of competitive advantage over others.
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Organizations investing in DQaaS abilities, performance-based SLOs, and contracts-aware
governance can hence position themselves to be resilient and agile. Delays will result in a
compounding of reliability debt to strategic risk by those who delay. The message,
therefore, is straightforward: integrate DQaaS into the heart of enterprises’ data strategy,
and make data quality an essential element of operations excellence.
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