
International Journal of AI, Big Data, Computational and Management Studies 

Noble Scholar Research Group | ICAIDSCT26-Conference Proceeding 

ISSN: 3050-9416 | https://doi.org/10.63282/3050-9416.ICAIDSCT26-141 

 

Improving Data Quality in Big Data Systems: Best 

Practices and Automation Strategies 
 

Ujjawal Nayak 
Software Development Manager, Experian Information Solutions, Inc., USA.  

 

Abstract: Data quality is a foundational requirement for trustworthy analytics, reliable machine learning, and compliant data 

operations in large-scale (volume, variety, velocity) environments. Unlike traditional BI stacks where errors can often be traced 

and fixed manually big data systems amplify quality defects through distributed processing, schema drift, and multi-team 

transformation layers. This article synthesizes best practices for improving data quality across ingestion, processing, storage, 

and consumption, with an emphasis on automation strategies: shift-left validation, continuous monitoring, policy-as-code 

governance, and observable quality SLOs. It further connects operational observability (logs/metrics/traces) to measurable data 

quality outcomes and proposes a pragmatic automation blueprint using modern orchestration and monitoring patterns. The 

discussion is grounded in established big-data quality research and industry guidance and aligned with modern governance 

automation architectures and data pipeline observability techniques [1]–[4]. 
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1. Introduction 
Data quality failures are rarely "data-only" problems; they are system problems. In distributed big data platforms, poor 

quality can emerge from upstream source instability, transformation defects, orchestration retries, partial writes, late-arriving 
events, or silent schema drift. At scale, manual inspection becomes infeasible because even defining "correctness" requires 

operational context, ownership, and consistent measurement. TechTarget highlights that in big data environments it is 

impossible to manually inspect incoming data and therefore quality metrics must be tracked automatically and continuously 

[2]. This requirement reframes quality as an engineered capability instrumented, monitored, and enforced—rather than a 

periodic cleanup activity. 

 

In practice, quality must be treated similarly to reliability engineering: define service-level objectives (SLOs), implement 

guardrails, observe outcomes, and automate remediation. Modern data teams increasingly adopt "data observability" 

approaches (freshness, volume, schema, distribution monitoring) to detect issues early and reduce downstream blast radius [3]. 

However, detection alone is insufficient: sustainable quality requires prevention mechanisms (validation at source, 

standardized contracts, and governance enforcement) and repeatable recovery workflows. 
 

This article proposes an integrated approach: (a) define quality dimensions and measurable SLOs, (b) embed controls at 

each lifecycle stage, and (c) automate enforcement, monitoring, and remediation—supported by lineage and policy-as-code 

governance patterns [4]. 

 

2. Data Quality in Big Data: What Changes at Scale 
Classic data quality dimensions accuracy, completeness, consistency, timeliness, validity, and uniqueness remain relevant, but 
big data introduces new operational realities [10]: 

 Scale and automation are necessary. As noted by TechTarget, manual inspection does not scale, and quality must be 

enforced via automated metrics and checks that track changes in data and pipelines [2] [7]. 

 Dynamic schemas and drift. Event streams, semi-structured logs, and evolving APIs introduce frequent schema 

changes that can silently break transformations or alter semantics. 

 Distributed failure modes. Partial failures, retries, duplicate deliveries, and eventual consistency patterns make it easy 

to create duplicates or gaps without clear errors. 

 Multi-hop transformations and ownership diffusion. Multiple teams contribute transformations; without lineage and 

standardized rules, inconsistencies proliferate and become difficult to diagnose [4]. 

 

A 2021 Journal of Big Data article argues for holistic, continuous quality management frameworks rather than isolated 
checks, emphasizing lifecycle-wide approaches that include assessment, monitoring, and improvement loops [1]. This lifecycle 

view is essential: quality must be measured and controlled from ingestion through consumption [6]. 
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3. Best Practices across the Big Data Quality Lifecycle 
3.1. Upstream Controls: "Shift Left" Data Quality 

Quality is cheapest to fix at the point of creation. Preventing defects upstream reduces downstream reconciliation and avoids 

retroactive backfills. Key upstream best practices include [8]: 

 Standardized data contracts: define required fields, types, allowed ranges, and semantic meaning per domain dataset; 

treat them like APIs with versioning. 

 Input validation at ingestion: reject invalid records early or route them into quarantine streams [9]. 

 Reference data enforcement: validate codes (country, currency, product IDs) against authoritative lists. 

 Identity and deduplication strategy: define deterministic keys and idempotency rules for ingestion, especially for 

retries. 

 

Industry guidance on practical data quality improvement consistently stresses enforcement at entry points and validation 
early in the pipeline to stop bad data from propagating [3]. While the specific tooling varies, the principle is stable: "shift-left" 

controls reduce blast radius and cost. 

 

3.2. Transformation Controls: Testing and Determinism 

Transformation logic is a common source of "silent" quality failures pipelines succeed operationally but produce wrong 

numbers. 

 

Best practices: 

 Unit tests for transformations (e.g., deterministic logic tests, edge-case tests). 

 Data invariants and reconciliation checks: totals, counts, and balancing rules across stages (e.g., input rows vs output 

rows with defined expected loss). 

 Schema evolution handling: explicit compatibility rules; prevent unreviewed column drops or type changes. 

 Deterministic processing: avoid non-deterministic UDFs; constrain late-arriving event handling with clear windowing 

rules. 

 

When organizations adopt CI/CD-aligned validation for data transformations, they detect errors before deployment, 

reinforcing the shift-left model and reducing production incidents [3]. 

 

3.3. Storage and Warehouse Controls: Constraints, Governance, and Access Patterns 

Big data systems often land data into lakes and then warehouse layers. Storage design can either amplify or reduce quality 

issues. 

 

Best practices: 

 Bronze/Silver/Gold layering with explicit quality gates between layers. 

 Metadata-driven governance: maintain catalog tags, classification, and stewardship metadata that influences access 

and masking decisions [4]. 

 Partitioning and layout discipline: poor partition choices can mask missing data (e.g., days with zero partitions might 

not trigger failures). 

 Immutable raw zones: preserve raw ingestion for auditability and replay, improving recoverability when errors are 

detected late. 

 

A governance automation architecture combining discovery, classification, and continuous control monitoring—can 

reduce violations and speed remediation by turning policies into enforceable code paths rather than static documentation [4]. 

 

3.4. Consumption Controls: Trust, Semantics, and KPI Alignment 

Even if the data is structurally valid, quality can fail semantically: different teams define metrics differently.  

 

Best practices: 

 Business glossary and KPI definitions with ownership and version history. 

 Certified datasets and "single source of truth" patterns for critical metrics. 

 Consumer-facing quality signals (e.g., dataset health status, freshness indicator) that reduce misinterpretation and 

unnecessary escalations. 

 

TechTarget emphasizes that quality strategies must be supported by governance programs that establish definitions, 

standards, stewardship, and communication, which directly impact trust and adoption [2]. 
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4. Automation Strategies for Continuous Data Quality 
4.1. Automated Data Profiling and Baselines 

Automated profiling establishes statistical baselines (null rates, distinct counts, distributions, ranges) and detects drift. This is 

particularly effective for: 

 anomaly detection in volume and freshness, 

 detecting distribution shifts that indicate upstream behavioral changes, 

 Identifying unexpected cardinality explosions. 

 

Commercial and open approaches vary, but the automation concept is consistent: define what "normal" looks like, detect 

deviations, and trigger workflows [3]. 

 

4.2. Continuous Monitoring with Observability Tooling 

Observability practices (metrics + logs + traces) can be repurposed for data quality by instrumenting pipelines with quality 
KPIs. A practical implementation pattern is to publish quality metrics per dataset and per run, then visualize and alert on them. 

Grafana-based observability stacks (often combined with Prometheus and log backends) are commonly used to create a unified 

view across pipeline reliability and data health [5]. 

 

When quality monitoring is embedded into operational dashboards, teams reduce time-to-detect and time-to-resolve, 

because they can correlate pipeline events with data anomalies using shared identifiers (job IDs, task IDs, partitions) [5]. 

 

4.3. Policy-as-Code Enforcement 

Policy-as-code brings the rigor of software engineering to governance and compliance rules become executable, version-

controlled, and testable. 

 
A governance automation architecture can evaluate rules at query time or pipeline time, enforcing masking, retention, or 

access policies based on metadata tags (e.g., PII classification) and jurisdiction rules [4]. This approach also improves 

auditability: controls are explicit and evidence can be generated continuously (continuous controls monitoring). 

 

4.4. Automated Remediation and "Quarantine then Fix" 

Detection must lead to controlled actions; otherwise observability only increases noise. 

 

Effective remediation automation patterns include: 

 Quarantine tables/partitions when checks fail [9]. 

 Automated ticket creation with enriched context: failed rules, sample offending records, upstream lineage links. 

 Auto backfill/replay triggers if the issue is recoverable (e.g., transient source failure). 

 Rollback strategies: restore last-known good partitions/datasets. 

 

Governance automation patterns explicitly recommend integrating orchestration with remediation bots to reduce mean 

time to remediate and to keep policy violations from lingering in production [4]. 

 

5. Reference Implementation Blueprint (Practical Architecture) 
A practical automated quality stack in big data systems can be implemented as follows [6]: 

 Ingestion layer: enforce schema contracts; route failures to a dead-letter queue; maintain immutable raw storage. 

 Processing layer: embed transformation tests; enforce invariants; record run metadata. 

 Metadata and lineage: capture lineage events and store dataset-level metadata for traceability and governance [4]. 

 Quality rule engine: implement rule definitions (constraints, thresholds, distribution checks) and map them to 

blocking vs non-blocking outcomes. 

 Observability layer: publish quality metrics; build dashboards; alert on SLO violations (freshness, completeness, 

validity). Grafana-centric approaches are frequently used for unified visualization and alerting [5]. 

 Remediation workflows: automate quarantine, escalation, and replay/backfill policies tied to severity and dataset 

criticality [4]. 

 
This blueprint aligns with industry emphasis on automated metrics tracking for big data quality and lifecycle-wide 

continuous quality management [1], [2]. 

 

6. Challenges and Trade-offs 
Data quality automation introduces non-trivial engineering and organizational trade-offs: 

 False positives vs missed defects: overly strict rules create alert fatigue; overly loose rules allow silent data 

corruption. 
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 Cardinality and cost: quality metrics at high dimensions (e.g., per customer, per device, per region) can be 

computationally expensive [7]. 

 Ownership and governance maturity: tools cannot substitute for stewardship; unclear ownership makes remediation 

slow. 

 Schema evolution pressure: agility must be balanced with compatibility and contract discipline. 

 
Hence, organizations should start with a tiered approach: focus first on the most critical datasets and define a minimal set 

of SLOs freshness, volume, schema stability, and null-rate thresholds then expand coverage over time [2], [3]. 

 

7. Conclusion 
Improving data quality in big data systems requires a shift from episodic cleaning to engineered, automated, and 

observable quality management. Best practices emphasize upstream prevention, transformation testing, governance-backed 

semantic alignment, and continuous monitoring [8]. Automation strategies profiling baselines, observability dashboards, 
policy-as-code enforcement, and remediation workflows enable data teams to sustain quality as scale and complexity grow. 

Holistic continuous quality frameworks and automated tracking are repeatedly identified as necessities in big data contexts 

because manual inspection is not feasible and data behavior changes constantly [1], [2]. Organizations that treat data quality as 

a measurable SLO supported by governance automation and operational observability can reduce incident frequency, shorten 

MTTR, and improve trust in analytics and AI outcomes [4], [5]. 
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