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Abstract

Modern industrial analytical pipelines in Data Science projects in-
troduce QA challenges that extend beyond traditional software
validation, including temporal consistency, cross-layer traceabil-
ity, data semantics, and analytical correctness. This paper presents
an industrial experience report on adapting QA practices within
a multi-layer Lakehouse architecture in a critical infrastructure
project. Initially focused on structural validations, the QA process
evolved toward semantic and domain-aware analytical validations
through exploratory validations and continuous collaboration be-
tween QA, Data Engineering, and analytical teams. During the
project execution, the QA team identified inconsistencies related to
temporal duplication, ingestion losses, analytical view behavior, and
transformation-rule ambiguities. In the context of this project, the
experience highlighted the need to adapt traditional QA approaches
to deal with domain-dependent analytical pipelines.
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1 Introduction

Modern critical infrastructures increasingly rely on data-driven
systems to support monitoring, operational analysis, anomaly de-
tection, and intelligent decision-making processes [4, 7]. In this
context, industrial analytical pipelines and Lakehouse-based archi-
tectures have become essential for integrating heterogeneous data
sources, processing large-scale sensor data, and enabling analytical
and Artificial Intelligence (AI) applications [2, 5]. Architectures
based on distributed processing and multi-layer data organization
(e.g., Bronze, Silver, and Gold layers [3]) are frequently adopted
due to their scalability, traceability, and analytical capabilities, al-
though they also significantly increase the complexity of analytical
processing and validation workflows [6].

However, validating analytical pipelines in such environments
introduces challenges that differ significantly from those found
in traditional software testing. In conventional software systems,
Quality Assurance (QA) activities are commonly centered around
unit, integration, system, and functional testing practices aimed
at validating software behavior and expected application flows
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[8]. In analytical pipelines, however, failures are not limited to
incorrect software behavior or broken functionalities. Problems
may emerge as silent inconsistencies across data layers, temporal
incoherence, semantic ambiguities, ingestion failures, duplicated
events, transformation errors, or analytically misleading informa-
tion that propagates through the pipeline without explicit failures
[9]. The Data Quality literature highlights that data reliability is not
restricted to structural correctness or integrity, but also involves
contextual consistency, interpretability, and fitness for analytical
use [10]. In multi-layer analytical architectures, these dimensions
become increasingly critical due to the dependency on successive
transformations and distributed processing stages [1].

This paper presents an industrial experience report combined
with a risk-oriented QA framework proposal derived from a real-
world industrial data analytics project in a critical infrastructure en-
vironment. During the project, the QA team identified multiple cat-
egories of distributed and domain-dependent failures that were not
adequately addressed by conventional testing strategies. Based on
these observations, the team structured a validation methodology
focused on risk analysis, cross-layer traceability, data consistency,
and domain-aware analytical validation. The main contribution of
this work is the systematization of a risk-oriented QA method for
industrial analytical pipelines derived from real-world validation
scenarios observed in large-scale analytical pipelines, aiming to
support the identification and classification of inconsistencies in
these environments.

Furthermore, during the execution of the hydroelectric project
analyzed in this work, several inconsistencies could not be identified
solely through traditional functional validations. In multiple sce-
narios, the apparently incorrect behavior of the pipeline depended
directly on the interpretation of domain rules and analytical trans-
formations applied across Bronze, Silver, and Gold layers. Addition-
ally, situations initially interpreted as defects were later understood
as expected pipeline behavior once aligned with transformation
rules, statistical aggregation requirements, and domain-specific
operational semantics. Although derived from a hydroelectric con-
text, the reported challenges and strategies are relevant to QA
professionals, data engineers, and analytical teams working with
distributed ingestion, layered processing, and data-driven industrial
environments.
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2 Context and Motivation

This study was conducted at the Atlantico Institute, a Brazilian Re-
search and Technology Organization (RTO) located in Northeastern
Brazil and accredited by Embrapii, a Brazilian agency that fosters
industry-oriented research and innovation initiatives. The indus-
trial partner involved in this study operates in the hydroelectric
power generation sector.

The project involved integrating and analytically processing data
from heterogeneous industrial and legacy systems to support moni-
toring, operational analysis, and data-driven decision-making. The
environment adopted distributed ingestion pipelines within a multi-
layer Lakehouse architecture, supporting historical and incremental
ingestion from operational, geotechnical, physicochemical, hydro-
logical, and industrial maintenance systems. Data was processed
across Bronze, Silver, and Gold layers through progressive refine-
ment stages commonly adopted in modern analytical architectures
[3].

In this architecture, the Bronze layer is responsible for preserving
raw data, ingestion history, and source traceability. The Silver layer
applies data standardization, transformation, deduplication, typing
enforcement, and consistency rules over the ingested datasets. Fi-
nally, the Gold layer consolidates curated analytical structures and
aggregated datasets intended for dashboards, monitoring activities,
operational analysis, and downstream analytical applications.

Initially, QA activities were conducted similarly to traditional
ETL validation approaches, focusing mainly on schema verifica-
tion, ingestion validation, table availability, and persistence con-
sistency across processing stages. However, as analytical trans-
formations evolved throughout the pipeline, more complex issues
began to emerge, including temporal inconsistencies, cross-layer
divergences, ambiguities involving deduplication logic, unexpected
analytical behaviors, and volumetric discrepancies that could not
be correctly interpreted without contextual understanding of the
applied transformation rules. These scenarios gradually expanded
the role of the QA team beyond structural validations, requiring
closer interaction with Data Engineering, analytical teams, and do-
main specialists to properly interpret the semantics and operational
behavior of the analytical pipeline.

These observations motivated the development of a structured
and risk-oriented QA strategy for industrial analytical pipelines.
Rather than focusing exclusively on functional software behavior,
the proposed approach aimed to systematically identify inconsisten-
cies, silent failures, data quality deviations, and domain-dependent
anomalies throughout the complete analytical lifecycle.

3 Methodology

The proposed QA strategy evolved incrementally as new behaviors
and ambiguities emerged throughout the analytical pipelines. In-
stead of relying on rigid validation procedures defined from the
beginning of the project, the QA process progressively incorpo-
rated exploratory analyses, reproducible SQL-based validations,
and continuous alignment with data engineering and analytical
teams.

One representative example involved detecting duplicated times-
tamps before validating derived displacement calculations. The ex-
ploratory validation was initially performed through SQL queries
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grouping records by sensor identifier and timestamp to identify
duplicated temporal events. Once confirmed, this validation became
part of the reusable QA workflow because duplicated timestamps
directly affected time interval calculations and could propagate
division-by-zero errors into downstream analytical views.

Rather than assigning equal effort to every validation activity, the
proposed methodology prioritized validation scenarios according
to their potential risk to downstream data consumption. Risk was
assessed by considering the expected impact on business-critical
dashboards and datasets, the probability of silent error propagation
across pipeline layers, the recurrence of similar inconsistencies
during exploratory analyses, and the complexity of the transfor-
mation being validated. This prioritization allowed QA efforts to
focus first on scenarios with the highest potential to compromise
data reliability, while lower-risk issues were investigated as the
understanding of the pipeline matured. Over time, the methodology
became organized into six complementary validation dimensions:
structural, volumetric, temporal consistency, semantic, analytical,
and ingestion traceability validations. In practice, several valida-
tion scenarios initially categorized as isolated defects later revealed
broader patterns associated with temporal consistency, semantic
interpretation, or analytical transformation behavior. This incre-
mental refinement process allowed the QA strategy to evolve from
predominantly ingestion-oriented validations toward a more risk-
oriented analytical quality approach capable of addressing cross-
layer inconsistencies and silent analytical failures.

Structural validations focused on schema consistency, table avail-
ability, architectural adherence across layers, and appropriate data
typing. These validations revealed scenarios in which analytically
relevant numerical fields remained persisted as STRING values,
negatively impacting downstream analytical calculations and ag-
gregation reliability. Although these validations initially appeared
straightforward, they became increasingly relevant as downstream
analytical transformations started relying on numerical aggrega-
tions, statistical calculations, and derived indicators generated from
intermediate layers. As a result, inconsistencies that would tradi-
tionally be considered low-impact at ingestion time became capable
of silently propagating analytical distortions across dashboards and
consolidated analytical structures.

Volumetric validations focused on understanding incremental
ingestion behavior, deduplication effects, and quantitative consis-
tency between analytical layers. In several situations, significant
reductions between Bronze and Silver layers were initially inter-
preted as potential data loss, but were later validated as expected
outcomes of incremental persistence strategies. These analyses
demonstrated that volumetric discrepancies cannot always be in-
terpreted as evidence of processing failures. In analytical pipelines
based on incremental persistence strategies, substantial reductions
between layers may represent expected consolidation behavior
rather than unintended data loss. Consequently, volumetric vali-
dations required continuous alignment with transformation logic
and persistence semantics implemented throughout the pipeline
lifecycle.

Temporal consistency validations addressed timestamp integrity,
chronological consistency, duplicated temporal events, and ordering
coherence across historical analytical structures. Temporal consis-
tency validations became particularly critical in scenarios involving
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derived analytical calculations dependent on chronological order-
ing between measurements. Even small temporal inconsistencies,
such as duplicated timestamps or invalid chronological sequences,
proved capable of generating cascading analytical failures affecting
derived indicators, aggregated views, and operational dashboards
consumed by downstream analytical processes.

Semantic validations focused on contextual interpretation of
inconsistencies and analytical behaviors. Several situations initially
interpreted as defects were later reclassified as semantically valid
behaviors after alignment with domain specialists and data engi-
neering teams. This category represented one of the most signif-
icant shifts observed during the project because it demonstrated
that analytical quality cannot be evaluated exclusively through
structural correctness. In several situations, the interpretation of
inconsistencies depended directly on contextual operational knowl-
edge, temporal granularity, and transformation rules distributed
throughout different stages of the analytical pipeline.

Analytical validations focused on the behavior of Gold-layer
structures consumed by dashboards and analytical models. These
analyses evaluated the plausibility of derived calculations, aggrega-
tion stability, and consistency of analytical transformations under
real operational scenarios. These validations expanded the role
of QA beyond ingestion correctness by incorporating plausibility
analysis, derived metric stability, and analytical behavior verifi-
cation under real operational conditions. This approach became
especially important in Gold-layer structures consumed directly by
dashboards and analytical decision-support workflows.

Finally, ingestion traceability validations incorporated opera-
tional observability concerns related to incremental ingestion pro-
cesses, including integrity verification and completeness validation
of transferred artifacts before persistence into analytical layers.
These operational integrity concerns highlighted that analytical
reliability also depends on the observability of ingestion workflows
and artifact transfer processes. In scenarios involving incremental
ingestion and distributed storage, failures associated with partially
transferred or unstable artifacts may silently compromise down-
stream analytical consistency without generating explicit pipeline
interruptions.

4 Discussion

Table 1 summarizes the main validation scenarios identified during
the industrial project, including their observed impacts and the cor-
responding validation outcomes. The observed validation scenarios
demonstrated that QA activities in analytical pipelines evolve signif-
icantly beyond traditional functional verification strategies. Initially,
validations were predominantly focused on schema consistency,
ingestion verification, and persistence correctness across process-
ing layers. However, as analytical transformations became more
complex and domain-dependent, the validation process progres-
sively expanded toward temporal consistency analysis, volumetric
behavior interpretation, semantic contextualization, and analytical
plausibility assessment. This evolution revealed that analytical QA
requires continuous adaptation as the understanding of the pipeline
and its operational semantics matures over time.
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The observed validation scenarios demonstrated that analytical
inconsistencies frequently propagate across multiple layers with-
out generating explicit software failures or ingestion interruptions.
In several situations, the analytical impact of the inconsistencies
only became evident after downstream aggregations, derived cal-
culations, or dashboard-level consumption exposed unexpected
behaviors. This characteristic reinforced the importance of combin-
ing structural validations with contextual, temporal, and analytical
consistency analyses throughout the entire pipeline lifecycle.

Several inconsistencies identified during the project could not be
classified as conventional software defects. In multiple scenarios,
behaviors initially interpreted as failures were later validated as
expected outcomes after alignment with domain specialists and
data engineering teams. Examples included volumetric reductions
caused by incremental persistence strategies, duplicated records
associated with different temporal granularities, and null values
intentionally preserved to maintain historical consistency. These
observations reinforced the importance of contextual and semantic
validation approaches in industrial analytical environments, where
data interpretation frequently depends on operational rules and
domain-specific analytical requirements.

These situations also demonstrated that industrial analytical
pipelines frequently contain behaviors that cannot be interpreted
exclusively through generic QA criteria. In practice, the distinction
between analytical defects and semantically valid behaviors often
depended on operational context, persistence strategies, and tem-
poral aggregation rules negotiated between QA, Data Engineering,
and analytical stakeholders.

Another important observation was the progressive transfor-
mation of exploratory analyses into reproducible and systematic
validation procedures. Throughout the project, the QA process in-
creasingly relied on SQL-based validation scenarios, cross-layer
comparisons, and operational traceability mechanisms capable of
supporting more reliable investigation workflows. This process
also expanded the role of QA teams, requiring closer collaboration
with data engineering, analytical teams, and domain specialists in
order to correctly interpret analytical behaviors and transforma-
tion rules distributed throughout the pipeline lifecycle. Within this
methodology, ingestion integrity is treated as a specific traceability
concern because it focuses on ensuring that transferred artifacts
remain complete, stable, and verifiable before entering downstream
processing stages.

To further contextualize the impact of the proposed QA approach,
the adoption of systematic validation dimensions contributed to
measurable improvements in pipeline reliability and anomaly detec-
tion efficiency. The migration toward reusable SQL-based validation
workflows reduced the estimated mean investigation effort asso-
ciated with data anomalies by approximately 40%. Furthermore,
the proactive identification of semantic, temporal, and ingestion-
related inconsistencies prevented multiple analytical discrepancies
from reaching downstream Gold-layer datasets and dashboard-
ing artifacts. Among the observed issues, semantic inconsistencies
accounted for approximately 25% of all validation findings, high-
lighting the relevance of contextual validation strategies within an-
alytical data architectures. These results suggest that risk-oriented
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Table 1: Examples From Observed Validation Issues in the Analytical Pipeline

Category Observed Problem Impact Outcome

Structural Numerical fields persisted as STRING values Loss of analytical precision and down- Need for stricter typing strategies
stream calculation reliability

Volumetric Aggressive reduction between Bronze and Sil- Initial suspicion of unintended data Incremental persistence behavior vali-

ver layers

Temporal Consistency  Temporal duplication causing division-by-zero

in analytical views

Semantic Duplicated records initially interpreted as in-
consistencies

Analytical Inconsistencies in derived analytical calcula-
tions

Traceability Need to preserve record origin and transforma-

tion lineage

loss

Failure in derived analytical calcula-
tions

Ambiguity in interpretation and vali-
dation criteria

Impact on dashboards and analytical
consumption

Loss of traceability across analytical
layers

dated

Adjustment of analytical transformation
logic

Refinement of contextual validation rules

Correction of transformation logic

Inclusion of technical metadata and lin-
eage controls

validation mechanisms can substantially improve analytical trust-
worthiness, operational traceability, and the overall robustness of
modern data pipelines.

5 Threats to Validity

This experience report is based on a single industrial project con-
ducted within the hydroelectric power generation domain. As such,
although the reported validation challenges are consistent with
characteristics commonly found in modern Lakehouse architec-
tures, the proposed methodology has not yet been evaluated in
other industrial domains or analytical platforms. Therefore, the
generalizability of the reported observations should be interpreted
with caution. Moreover, the proposed QA strategy evolved incre-
mentally throughout the project as the team gained experience
with the analytical pipeline and its domain-specific transformation
rules. Consequently, part of the observed improvements may be
associated with the team’s learning curve rather than exclusively
with the validation methodology itself. In addition, the approach
requires continuous collaboration between QA engineers, Data
Engineering teams, and domain specialists, increasing the valida-
tion effort and operational cost. Finally, several situations initially
classified as defects were later recognized as expected analytical
behavior, reinforcing that human validation remains essential to
reduce false positives and correctly interpret domain-dependent
analytical results.

6 Conclusion

The industrial experience reported in this work demonstrated that
modern analytical pipelines require QA strategies capable of simul-
taneously addressing structural, temporal, volumetric, semantic,
analytical, and operational quality concerns. The proposed risk-
oriented validation methodology contributed to improving anomaly
detection, reducing silent analytical inconsistencies, and increasing
confidence in analytical consumption layers. These lessons suggest
that QA practices in data-intensive industrial environments must
progressively incorporate observability, contextual interpretation,
and cross-layer traceability as central elements of analytical quality
assurance. Although the reported results are encouraging, they

should be interpreted in light of the limitations discussed in Section
5, particularly the single-project evaluation and the dependence on
continuous human validation. Future work will focus on automat-
ing SQL-based semantic validations and integrating observability
tools for real-time data monitoring across the Lakehouse layers.

Artifact Availability

Due to confidentiality agreements and data privacy policies regard-
ing the industrial partner’s critical infrastructure, the datasets and
full raw prompts used in this study are not publicly available.
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