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Abstract

The growth of big data ecosystems has shifted the classical paradigm of selective storage
toward an approach that preserves large volumes of heterogeneous data for subsequent
exploitation, thereby strengthening the adoption of repositories such as data warehouses
and, particularly, data lakes. In this context, data ingestion from multiple sources, formats,
and structures is a critical activity in implementing and operating these environments.
However, it is often carried out in a highly ad hoc manner, with low levels of standardization
and with variability managed informally. Beyond the operational complexity of ingestion
itself, the variability in features such as source types, ingestion frequencies, transformation
needs, and loading strategies constitutes an additional engineering problem that must be
addressed systematically. This work tackles both issues in the context of a consulting firm
involved in data migration projects to data lakes under governance constraints defined by
clients in the BFSI sector. The goal is to formalize the data ingestion process through an
architecture that provides technical, documentation, and training support for engineering
teams, while also incorporating a variability management tool to model, analyze, and
guide the configuration of ingestion solutions according to project-specific needs. In this
way, the proposal seeks to reduce uncertainty, improve development quality, optimize
resource utilization, and provide a more systematic treatment of variability in data ingestion
projects. The proposal was evaluated through a structured survey answered by two cohorts
totaling 29 respondents: an enterprise cohort of 15 practitioners (60% of the firm’s staff)
and a prospective cohort of 14 engineering interns. For the enterprise cohort, the survey
obtained average scores of 76 (individual) and 83.1 (role-averaged) for usability and 85.71
(individual) and 91.56 (role-averaged) for perceived quality; for the intern cohort, the
corresponding individual averages were 70.18 for usability and 74.74 for perceived quality.
In addition, a before/after comparison against the previous ad hoc workflow, covering

R Check forundaies ‘ objective engineering indicators, was conducted with both cohorts, providing task-based

evidence that complements the perception-based results.
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(DWs) and data lakes (DLs) to enable the processing of large and diverse data volumes at
adequate speeds [3,4]. These properties are characteristic of big data, a domain in which
DLs and their associated processes are designed as storage components for data of variable
structures and formats, high volumes, and continuous generation.

From this perspective, DLs have emerged as an alternative to traditional relational
database management systems (RDBMSs) and the RDBMS-based DW. The concept reflects
the idea of a lake composed of several zones separated according to distinct criteria,
typically segregating the area where multiple unprocessed datasets are received from
diverse sources, formats, and structures, which are subsequently processed, refined, and
analyzed in dedicated zones [3,5].

Consequently, migrating data from heterogeneous sources, also known as data in-
gestion, is crucial for DL implementation. Because ingestion exhibits source-specific char-
acteristics, this complicates the normalization and standardization of its development.
To manage this, organizations often design each ingestion process in a quasi-artisanal,
tailor-made manner, without consolidated standardization or an architecture that provides
systematic support [3,6]. This situation can entail substantial risk, since the inappropriate
selection of components in a big data initiative may lead to project failure [6].

However, the challenge is not limited to the operational complexity of ingestion alone.
In practice, ingestion processes vary across multiple features, including source types, file
structures, ingestion frequencies, triggering conditions, validation rules, transformation
requirements, loading strategies, and governance constraints. When these differences are
addressed informally, commonalities and variabilities remain implicit, hindering reuse,
documentation, training, and decision-making. From a software engineering perspective,
this type of problem can be treated as a variability management concern, where a family of
related solutions must be described in terms of shared and variable characteristics, in order
to support systematic analysis, configuration, and evolution [7-10].

The consulting firm where the present project was developed is not an exception to this
scenario. The organization routinely faces the challenge of ensuring consistency between
source and target systems while dealing with the inherent complexities and particularities of
data ingestion. As building and executing ingestion processes are among the most frequent
activities in this context, having a reference architecture is desirable. This architecture
would formalize the components of the data ingestion process, improving the quality of
implementation, strengthening documentation, and establishing a common conceptual
framework. At the same time, since ingestion scenarios vary from one project to another,
this architecture should be complemented by a variability management mechanism that
offers configurable options and guides the selection of appropriate ingestion solutions for
each case [8,11].

Establishing a reference architecture would yield multidimensional benefits. Most
directly, it would improve data ingestion processes by defining an explicit set of features
and attributes; additionally, it could strengthen requirement elicitation and serve as a
foundational training and documentation asset once formalized. Given the nature of the
discipline, such an architecture must remain flexible and evolve over time, incorporating
new elements or updating existing ones. For this reason, the proposal should not only
document a static architecture but also provide a way to manage its variability through a
supporting tool that allows the modeling, analysis, and guided configuration of ingestion
alternatives [7,9,11].

Accordingly, the purpose of this work is to propose a solution to the described prob-
lem by formalizing the data lake ingestion process, defining a supporting architecture,
and documenting it as a technical support and training resource for engineers. In ad-
dition, the proposal incorporates a variability management perspective through a tool
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intended to model, analyze, and guide the configuration of ingestion solutions according
to project-specific needs. In this way, the proposal is expected to reduce uncertainty when
approaching the task and to support the more efficient use of resources, from onboarding
and training to the definition of new data ingestion initiatives; the extent to which these
expected benefits materialize is assessed in this work through practitioners” perceptions,
while their objective measurement is part of the planned follow-up studies.

Regarding scope, this study is conducted and evaluated within a single consulting firm;
consequently, its results should be interpreted as evidence obtained in this organizational
context and are not claimed to be externally generalizable across firms, regions, or industries
at this stage. Additional limitations are those inherent to the enterprise context, such as
the confidentiality of sensitive client information and internal processes, as well as the
anonymization of participants in the evaluation.

Finally, the project comprises two main work streams. The first focuses on biblio-
graphic research and on building the theoretical foundations to address the problem; the
second focuses on the development and qualitative evaluation of the proposal.

Despite this study’s industrial relevance, the specific gap addressed here becomes
apparent only when the existing literature is examined in detail. Prior feature model appli-
cations in the data domain, such as those of Avci Salma et al. [6,12], model variability at the
level of the overall big data stack, where ingestion appears merely as an optional subfeature
of data processing and its internal structure is not decomposed. More recent ingestion-
oriented proposals either center on transformation and orchestration concerns [13], adopt
a technology-specific granularity that limits generalization [14], or formalize ingestion
through metadata-driven configuration, without an explicit variability model [15]. As
the review reported in Section 4 shows, only seven studies are found to address data
lake ingestion architecturally, and none provides a variability-oriented representation that
makes the mandatory, optional, and alternative elements of the ingestion process explicit at
a granularity that is sufficient to guide implementation and automated configuration. The
present work targets precisely this gap.

The key contributions of this work are the following;:

* A feature model-based reference architecture for data lake ingestion that makes explicit
the mandatory, optional, and alternative elements of the ingestion process at a level of
granularity intended to guide implementation decisions;

* An industrial evaluation of the proposal in a consulting firm serving BFSI-sector
clients, based on usability and quality instruments, complemented by open-ended
feedback and a focused discussion session;

e The characterization of the state of the art in data lake ingestion architectures and
software variability in the data domain, combining a systematic mapping study, a
brief systematic review, and the documented exploratory use of Al-based research
support tools.

The remainder of this paper is structured as follows. Section 2 provides the theoret-
ical background regarding big data, data lakes, ingestion processes, variability, and the
VariaMos tool. Section 3 details the research methodology, including the design of the
instruments to validate the proposal. Section 4 presents the findings obtained in relation to
the research question and the proposal evaluation. Section 5 analyzes the principal results.
Finally, Section 6 summarizes the contributions of the paper and identifies directions for
future research.

2. Background

The proposed solution emerges from the intersection of an industrial problem and a set
of concepts from data engineering and software variability management. Accordingly, this
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section first characterizes the organizational context in which the ingestion problem was
identified and then introduces the theoretical foundations required to understand the pro-
posal, progressing from big data and data lakes to data ingestion, variability management,
feature models, and, finally, VariaMos.

2.1. Company Background

The study was conducted in a big data consulting firm founded in 2013, with approxi-
mately 25 developers and clients, mainly in the banking, financial services, and insurance
(BFSI) sectors. Its core services include data migration and ingestion from legacy systems
to cloud or distributed platforms, together with ETL, analytics, and visualization devel-
opments defined by client requirements. These engagements require the preservation of
consistency between legacy and target systems while addressing the recurrent technical
challenges of data ingestion. This setting is consistent with documented experience in
the same national and sectoral context: a case study of a Chilean bank migrating from
on-premise infrastructure to a cloud-based ecosystem reports that data ingestion processes
were previously executed through ad hoc scripts on a pivot server and later replaced
by governed, traceable pipelines, underscoring the need for formalized and auditable
ingestion in the financial sector [16].

Operationally, developers exhibit heterogeneous levels of knowledge and experience,
which leads to non-uniform implementation practices. Ingestion tasks are commonly
assigned to developers already familiar with the corresponding process type or, when
deadlines allow, to developers who must learn it. Combined with ongoing team turnover,
this makes the formalization and consolidation of ingestion knowledge a priority for
the organization.

Commercially, initiatives are categorized as projects (developed in-house and delivered
as a product, typically involving several developers) or services (developer time embedded
in a client-owned team). This study focuses on projects because they concentrate the
collaboration between junior and experienced developers, involve fewer client-imposed
technical restrictions, and are therefore the setting where a framework supporting decisions
and case analysis, independent of the individuals implementing them, is most needed.

This organizational context establishes the practical motivation for the study; ingestion
decisions recur across projects, but the knowledge required to make them remains largely
dependent on individual experience. To determine how this problem can be systematically
addressed, it is therefore necessary to examine the concepts, architectural practices, and
variability mechanisms reported in the literature.

2.2. State of the Art

The theoretical background is developed progressively from the broader technological
context toward the specific engineering problem addressed in this study. We first introduce
big data and data lakes as the environment in which ingestion takes place; we then charac-
terize the ingestion process itself; and, finally, we introduce the variability concepts and
modeling mechanisms used to formalize the proposed solution.

2.2.1. Big Data

One of the most significant phenomena of the 21st century is not only the growth in the
amount of data produced across domains but also the need to preserve such information in
order to extract value from it. In recent decades, this trend has been strongly driven by the
accumulation of data generated by social networks and, more recently, by the emergence of
the Internet of Things [4].

This evolution has contributed to the consolidation of the term big data, referring
to datasets with distinctive properties in terms of volume, variety, and generation speed,
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which make them difficult to manage using traditional RDBMS technologies, thereby
fostering the development of dedicated tools, techniques, and methodologies [3,17-19].

Depending on the needs of an industry, organization, or user, relational databases
remain the first option within the available technology pool. However, when relational
databases are insufficient due to architectural constraints, alternatives such as non-relational
databases and the DW become relevant. A DW not only stores information but is also closely
aligned with business analytics, data-driven decision-making, and the transformation of
data into value.

In response to the emergence of new data types and formats (e.g., from social networks,
videos, images, and natural-language or unstructured text), big data adopts DL as a storage
component that is capable of handling such formats and properly addressing the 5Vs:
volume, variety, velocity, veracity, and value [3,17].

2.2.2. Data Lakes

Before discussing DLs in detail, it is important to frame the concept within a broader
context. A data lake is not a monolithic store but a layered architecture in which data
progress through several functional components. Recent surveys and reference proposals
consistently describe distinct zones or layers for data ingestion, storage, transformation or
processing, and access or analysis, each with a clearly defined function and complemented
by a cross-cutting governance concern [1,4,20]. Data ingestion is therefore one component
among many within the wider data lake context; in this work, we focus specifically on the
ingestion process associated with this component.

A data lake is a storage system for heterogeneous unstructured, semi-structured, or
structured data, acquired from diverse sources and intended for subsequent transformation
and analysis [5]. Compared to the DW as a storage entity, it provides a new set of capabilities
and characteristics [21]. These capabilities enable the inclusion of unstructured data with
multiple origins and formats and the incorporation of ETL, ELT, and data enrichment
processes within the same environment, ultimately making data available for analytics and
knowledge extraction.

Sawadogo [4] provides a useful discussion of how to classify DL architectures accord-
ing to their composition, distinguishing between functional architectures, data maturity-
based architectures, and hybrid architectures. While this conceptual taxonomy supports
initial decision-making regarding DL construction, it offers limited technical guidance,
since current approaches rarely provide concrete architectural options or a technology pool
for deploying a DL—and even less so for detailing its internal processes.

Among the architectural families characterized above, the primary focus of this project
is those that organize the DL into zones, since these zones make explicit how data are used
and progressively refined. Two such approaches are of particular interest, and they differ
in the criteria used to separate the zones.

The first, referred to as the pond architecture, separates data according to their profile:
it distributes data across different “ponds’, each corresponding to a distinct data profile,
such as newly ingested data, analog data, data originating from other software, textual
data, and archived data. Here, the distribution criterion is the nature of the data themselves,
i.e., characteristics such as the data type, origin, or usage frequency, as shown in Figure 1.

The second approach, which is the focus of this work, instead separates data according
to their degree of refinement. Rather than grouping data by profile, it maintains data
continuity across zones, allowing datasets to progress from a preprocessing or transient
stage and raw form through increasing refinement levels until they are made available for
consumption, analysis, and knowledge extraction. Within this scheme, presented in Table 1,
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a practical decision factor is determining which zones should be employed depending on
the needs of a specific initiative or project.

Analog Data Pond

— g Storage —_—

J\/\, a Processing
N > el

Raw Data Pond Application Data Pond

—_— > == e Storage

o Processing
Nt R )
Textual Data Pond

—— g Storage —

@ O Processing
SR

Figure 1. Pond-based data lake architecture organized according to data profiles.

Table 1. Data zones and their main purposes.

Data Zone

Purpose

Transient Landing Zone
Raw Data Zone

Refined Data Zone
Trusted Data Zone
Discovery Archive
Consumption Zone

Short-term staging area for incoming data before ingestion.

Stores original raw data in their native format without modification.

Contains cleansed, standardized, and validated data prepared for further processing.
Contains high-quality, curated, and business-ready data.

Provides optimized data for analytics, reporting, and exploration.

Provides the data delivery layer for applications, dashboards, and end users.

Governance Zone

Cross-cutting layer covering security, metadata, data quality, lineage, monitoring, and
compliance across all data zones.

2.2.3. Data Ingestion

Data ingestion refers to the replication of data from multiple sources into the DL,
without necessarily deleting the data from their origin. Sources may include relational, non-
relational, and distributed database engines; legacy systems; and files of various formats
and content types, such as text, images, video, and audio.

From the architectural perspective adopted in this work, ingestion most commonly
targets an initial zone referred to as landing or ingest, which is equivalent to the raw zone
in Table 1. Data arrive in raw form without special processing, except in cases where
specific files or source systems must pass through a prior preprocessing zone (e.g., when
the source contains corruption, non-printable characters, or specific business rules that
must be applied, such as value encryption or anonymization).

Both paths result in data being available in the landing zone, ready for downstream
ETL, ELT, or the construction of new data assets using these or other techniques.

Among the many industries worldwide, banking is particularly distinctive. Its data
quality criteria for data curation are stringent; consequently, banks traditionally do not
adopt technological changes lightly or at the pace of other sectors when faced with
emerging trends.

2.2.4. Data Ingestion Types

Data ingestion can be classified following [22] into three types: batch, streaming,
and orchestrated. In general, beyond periodicity and the particular characteristics dis-
cussed in the following items, it is important to consider whether ingested data will be
stored incrementally.
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In incremental ingestion, the target structures the data by retaining all previously
ingested content and appending new arrivals, thereby producing an increasingly large
consolidated dataset. In non-incremental ingestion, the target may overwrite older data
with new data or, depending on business planning, generate a new data structure for each
ingestion instance (e.g., a new column, a table, or a partition, among others).

Batch ingestion [22] transports data from the source to the destination at a given
periodicity, determined by the nature of the data and their business usage. Accordingly,
batch ingestion is characterized by the accumulation of data in the source, which are
then ingested together through a single ingestion process for that dataset. This ingestion
type is commonly associated with sources in which data may change over time but do so
gradually, consistently, and often transactionally (e.g., databases, physical files, or similar
storage systems).

Streaming ingestion [22] is also commonly referred to as real-time ingestion. Strictly
speaking, true real-time processing is difficult to achieve; therefore, this category often
includes near-real-time and micro-batch approaches, which, following the batch principles
described above, operate at very short intervals in an attempt to emulate real-time behavior
from a functional and conceptual standpoint. Streaming ingestion is characterized by a
continuous flow of data and aims to ingest data as they are generated or as close to this
moment as possible. This ingestion type is typically associated with sources where data
cannot be stored for long periods or in large quantities and must be transmitted immediately
after generation or capture (e.g., environmental sensors, transaction listeners, consumers
connected to Kafka/Confluent message streams, or social media trend identifiers).

Finally, while batch and streaming ingestion describe how data are transported, orches-
trated ingestion [22] describes when data are transported. Consequently, for the purposes of
this paper, where the temporal dimension is linked to orchestration components, ingestion
will be addressed solely in terms of its classification as batch or streaming.

2.2.5. Data Ingestion Stages

In the industrial context of the consulting firm, the ingestion stages depend primarily
on the ingestion types described above and reflect the steps currently used in the company.
In addition, each ingestion exhibits a degree of variability and discretion in decision-making,
depending on factors such as project maturity, the extent of exploration of the employed
technologies, and client-imposed constraints, among others.

For the following description, we consider a common case: a three-zone DL (raw,
refined, and trusted) under the terminology used by [4].

Batch Ingestion Stages
Batch ingestion in the company encompasses the following stages:

*  The process begins with the capture of source data, typically obtained from transac-
tional systems or files and transferred to a storage system where they can be manip-
ulated by the technology ecosystem (generally HDFS, Azure ADLS, or Amazon S3),
using mechanisms that range from Unix command-based copying and SFTP upload
to Sqoop or existing connectors.

¢  The source schema is then defined and encoded, specifying the data types and other
fields of interest for the target storage destination.

®  On this basis, a DataFrame is created for the source, acting as a preview of the
ingested data that enables preliminary data quality analysis and, when needed, more
convenient manipulation.

¢ Ifrequired, transformations are then applied, ranging from adding a new column to
performing some level of ETL.
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¢ The process concludes by loading the (potentially manipulated) DataFrame into the
raw zone of the data lake as a table backed by an AVRO, ORC, or Parquet file, thereby
making the data available.

Streaming Ingestion Stages

Based on the batch ingestion stages described above, the primary difference in stream-
ing ingestion lies in the source data capture step. Here, this step is replaced by those
described below, while the subsequent batch stages remain applicable.

¢ The first step in acquiring data via streaming is establishing the connection to the
source, which, depending on the case, may range from a simple HTTP protocol to
tools such as Kafka/Confluent. The data obtained at this stage are typically called
messages, and the entity that produces them is the producer; accordingly, this stage
involves not only identifying the producer but also defining the micro-batch interval
at which messages are sent or read.

*  Next, the consumer is configured. As the counterpart to the producer, the consumer
receives the messages for initial handling, and, in a streaming ecosystem, several con-
sumers may receive the same messages in order to support different data usage flows.

*  Once the producer and consumer are configured, message serialization and deserial-
ization are set up and executed. In a key-value scheme, the producer’s messages are
serialized as byte arrays that are received by consumers, which, using the appropriate
key-value mapping, reconstruct these byte arrays back into values.

¢  From this point on, the data are available and can be manipulated according to
the previously described steps: defining the source schema, creating a DataFrame,
applying transformations, and loading into the DL.

The stages described above reveal that ingestion processes share a recurrent struc-
tural core while differing in multiple implementation decisions, including the ingestion
type, source, collection mechanism, transformations, processing requirements, and storage
alternatives. Consequently, the problem is not merely to document a single ingestion
workflow but to represent a family of related ingestion solutions and the decisions that
distinguish one solution from another. This observation motivates the introduction of
software variability as the engineering perspective adopted in this work.

2.2.6. Variability

Variability can be understood as the capability of a solution family to accommodate
differences in structure, behavior, and configuration while preserving a shared conceptual
core. In software product lines (SPLs), this property is treated as a first-class engineer-
ing concern because it enables the systematic generation of multiple solution instances
from a common base of reusable assets, rather than addressing each case as an isolated
development effort [23]. This explicit treatment of variability supports consistency, re-
duces duplication, and provides a controlled mechanism for adapting systems to distinct
stakeholder requirements and operational contexts [9,24-27].

From this perspective, variability management provides the bridge between a shared
architectural base and the configuration decisions required for a particular solution. It
makes it possible to establish mandatory, optional, and alternative elements, as well as to
define the constraints among them. This is especially relevant in industrial settings, where
variability is not only pervasive but also distributed across artifacts, teams, and decision
levels, making explicit modeling and coordinated management essential for maintaining
coherence as systems evolve [9,10,24,26].

In the context of data lake ingestion, this perspective is particularly useful, because
ingestion processes are not fully independent implementations but rather variants of
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a recurrent engineering problem. Although they share a common structural purpose,
moving data from source systems into the data lake in a controlled manner, they differ in
relevant characteristics [28], such as the ingestion mode (e.g., batch or streaming), source
type, collection mechanism, integration technology, transformation needs, intermediate
storage, final storage, scheduling conditions, and governance-related restrictions. Treating
each ingestion initiative as a separate ad hoc design obscures these commonalities and
variabilities, whereas modeling them explicitly allows the solution space to be described,
communicated, analyzed, and reused in a systematic way [4,12,29].

However, the benefits of explicit variability modeling also introduce management
challenges. As the number of variables (e.g., features or attributes), dependencies, and
configuration rules grows, variability models become more difficult to understand, main-
tain, and evolve [30]. This difficulty is amplified in collaborative and industrial settings,
where variability knowledge is distributed across multiple stakeholders and must remain
aligned with technical, organizational, and governance constraints. Therefore, the effective
treatment of ingestion variability requires not only an expressive variability representation
but also a supporting architecture and a variability management tool capable of guiding
the shared understanding, configuration, and evolution of the ingestion solution space in a
controlled manner [9,10,24].

2.2.7. Feature Model

One of the most established mechanisms for representing such variability is the
feature model (FM), originally proposed in the context of feature-oriented domain analysis
(FODA) [7] and reflected in some approaches to the data domain in works such as [6,12].
A feature model represents a family of solutions as a hierarchical structure rooted in a
domain concept, where subordinate features capture capabilities, options, or refinements.
It may also include cardinalities and cross-tree constraints, enabling the specification of
valid configurations and supporting automated analyses such as consistency, satisfiability,
and the detection of invalid combinations [31]. These capabilities make feature models
particularly suitable for domains such as data ingestion architectures, where common and
variable characteristics must be made explicit and reasoned about systematically [12,32].

This notation is relatively simple in terms of its elements while still providing the
information that we aim to communicate. Moreover, it has been previously used in this
domain in works such as [6,12], where feature modeling was applied to the broad domain
of big data systems, producing a family FM that covers the full stack from data acquisition
to visualization. Within this model, ingestion appears as an optional subfeature of data
processing without decomposing its internal structure. Moreover, cross-tree constraints are
defined at the system level but do not descend into ingestion-specific rules. No variability
management tool is employed, and automated configuration support is identified as
future work.

The example diagram in Figure 2 can be interpreted through the following statements:

Data ingestion has mandatory features (solid circle) such as type and storage;
Data ingestion has an optional feature (hollow circle) called data processing;
Within type, exactly one option must be selected (XOR, white arc): streaming or batch.

Ll

Within storage, one can select intermediate, final, or both storage types (OR, black arc).

Although a feature model provides the notation required to represent ingestion vari-
ability, the practical use of such a model also requires mechanisms for editing, validating,
analyzing, and deriving configurations. For this reason, the proposal is operationalized
through VariaMos, which provides the variability management environment used to imple-
ment and analyze the ingestion model.
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Figure 2. FM example.

2.2.8. VariaMos

VariaMos is an SPL engineering environment designed to support variability model-
ing, model integration, verification, analysis, and product derivation, with an emphasis on
constraint-based reasoning over multi-view product line models [33,34]. The environment
supports multiple interconnected modeling notations, such as feature models, configu-
ration models, requirement specifications, and architectural diagrams, and transforms
them into a common reasoning space, reflecting the distributed nature of variability across
complementary artifacts [33,35]. Its reasoning capabilities include configuration validation,
dependency analysis, product counting, commonality estimation, and simulation, posi-
tioning it as an environment where modeling and reasoning are tightly integrated, rather
than being a standalone feature model editor [35]. Additionally, the version employed in
this study incorporates an Al-assisted chatbot that enables the generation and modification
of SPL models through natural language interaction, functioning as a complementary
accelerator for SPL design.

In the context of this work, VariaMos serves as the implementation host for the pro-
posed ingestion architecture and its associated variability management mechanism [36].
Specifically, it provides the modeling infrastructure to represent the feature model
describing ingestion variability, supports the verification and analysis of valid config-
urations derived from this model, and enables the guided configuration of ingestion
solutions according to project-specific constraints. This use of VariaMos thus operational-
izes the variability management dimension of the proposal within a technically mature
and extensible SPL environment.

The present work addresses the identified research gap by applying feature model-
ing specifically to the ingestion process at sufficient granularity to guide implementation
decisions and operationalizes variability management through VariaMos, providing au-
tomated configuration support that no prior work offers. In particular, with respect to
the reference architecture previously proposed by Lagos [28,37], the contribution of the
present manuscript is threefold: (i) the migration of the architectural representation into
VariaMos as an explicit variability management environment; (ii) the resulting automated
configuration support, including the verification of valid configurations and the automatic
derivation of solution variants; and (iii) an expanded validation scope that combines the
usability and quality instruments with open-ended feedback and a focused discussion
session with practitioners.

3. Methodology

This study adopts Design Science Research (DSR) as the overarching methodological
framework for addressing a practical and recurrent engineering problem in the context of
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data lake ingestion. The problem is not limited to the absence of a formalized ingestion
process but also involves the need to represent, organize, and manage the variability in
ingestion solutions across heterogeneous scenarios. In this sense, the research is oriented
toward the design and evaluation of an artifact intended to support engineering practice in
a real organizational setting.

The methodology follows the Design Science perspective described by [38], which is
widely applied in information systems and software engineering research. This approach
emphasizes the creation and validation of artifacts as a means of solving relevant real-world
problems. In particular, it structures the research process through the regulative cycle,
composed of four main activities: conceptual analysis, solution design, design validation,
and implementation. In the present work, these activities are used to organize both the con-
struction of the proposed artifact and the evaluation of its utility in the enterprise context.

This methodological approach is appropriate because the objective of the study is
not only to describe or explain a phenomenon but to produce an actionable solution in
the form of a reference architecture and its associated variability support. Accordingly,
the work combines problem investigation through literature analysis, artifact construction
grounded in theory and practice, and empirical validation with stakeholders involved in
the target context.

Following [38], the methodological process is structured into four complementary
stages, as illustrated in Figure 3. First, conceptual analysis is used to understand the
problem domain, identify its main challenges, and establish the theoretical basis for the
artifact. Second, solution design focuses on the construction of the proposed artifact,
grounded in both the literature and the enterprise needs identified during the study. Third,
design validation evaluates the proposed artifact before full-scale deployment, with an
emphasis on stakeholder perceptions regarding its usefulness, usability, and quality. Finally,
implementation addresses the introduction of the artifact into the organizational context as
a support mechanism for engineering practice, supported by the VariaMos tool.

Investigation of the
problem

‘ Solution Design J—»{ Design Validation J

Figure 3. Representation of the Design Science cycle [39].

‘ Implementation }

For the purposes of this work, the four DSR stages are operationalized through
two major research streams. The first stream corresponds to the investigation of the state of
the art and is mainly developed during conceptual analysis through a systematic mapping
study and the exploratory use of Al tools to assist the research process. The second stream
corresponds to the development and evaluation of the proposal, covering solution design,
validation, and its initial organizational adoption.

3.1. Conceptual Analysis

The conceptual analysis stage seeks to understand the problem of data lake ingestion
formalization and its associated variability from both a theoretical and practical perspec-
tive. At this stage, the research focuses on identifying how data ingestion is described
in the literature, which architectural elements are recurrently reported, which challenges
remain insufficiently addressed, and which concepts can support the formal represen-
tation of ingestion variability. To achieve this, the conceptual analysis is divided into
three main sections:

https:/ /doi.org/10.3390/app16188945


https://doi.org/10.3390/app16188945

Appl. Sci. 2026, 16, 8945

12 of 48

1.  Consolidating information obtained through systematic mapping [40], partially pre-
sented in [28], which establishes the conceptual and theoretical basis of the project,
since it allows the domain to be explored in a structured way, the available evidence
to be categorized, and research gaps to be identified;

2. Abrief systematic review based on the systematic mapping methodology [40] to assess
the state of the art regarding alternatives to the present proposal;

3. Conducting an exploratory study of Al-based research support tools to identify how
variability is being addressed in the data domain.

3.1.1. Conceptual and Theoretical Basis

The systematic mapping study partially published in [28] is developed through the
following activities according to [40].

Definition of Research Questions

The first step consists of defining the research questions that guide the mapping. These
questions establish the scope of the review and determine the relevance criteria for selecting
studies. Their role is to orient the identification of knowledge related to data ingestion in
data lakes, its architectural characteristics, and the open space for new contributions.

Research Questions (RQs)

RQ1. What is the most commonly used ingestion method in big data implementations?

RQ2.  What are the challenges encountered when executing a big data ingestion process?

RQ3.  What kinds of contributions (methodology, techniques, approach) are found in the
selected papers?

RQ4.  Which tools or technologies are used in the ingestion process?

RQ5. What are the characteristics of the architectures identified?

RQ6.  What challenges and gaps remain for future work?

Search Query Design

Once the scope is established, search queries are defined in order to retrieve an initial
corpus of potentially relevant studies. These queries are constructed using key terms
associated with data ingestion, data lakes, and big data and may be adapted to different
digital libraries while preserving the same search intent.

The search query is defined by the terms ‘ingest” and ‘big data’, which must appear in
any of the search fields. This broad search is justified primarily by the following:

*  The specific domain is still novel, so a refined search yields few or no results;
e The intention is to view the broader context of the domain and then ‘zoom in” on what
is of greatest interest.

Taking into consideration the search engines used, the specific search terms for each
are as follows in Table 2. In the case of DBLP, given its limited filtering options and the small
number of results retrieved, the inclusion and exclusion criteria were applied manually to
each result.

Inclusion and Exclusion Criteria

The retrieved studies are filtered by applying explicit inclusion and exclusion criteria.
Some of these criteria can be incorporated directly into the search strings, while others
must be applied manually after retrieval. Typical criteria include the publication period,
language, document type, topical relevance, and availability of the full text.
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Table 2. Specification of search queries by search engine for systematic mapping.

Search Engine Search Query

ALL (“ingest” AND “big data”)
AND
(LIMIT-TO (PUBYEAR, 2021) OR LIMIT-TO (PUBYEAR, 2020)
Scopus OR LIMIT-TO (PUBYEAR , 2019) OR LIMIT-TO (PUBYEAR , 2018)
OR LIMIT-TO (PUBYEAR, 2017) OR LIMIT-TO (PUBYEAR , 2016))
AND
(LIMIT-TO (SRCTYPE, “p”) OR LIMIT-TO (SRCTYPE, “j"))

ALL = (“ingest” AND “big data”)

WOS and English (Languages)
and 2016 or 2017 or 2018 or 2019 or 2020 or 2021 (Publication Years)
DBLP “ingest” and “big data”

The inclusion and exclusion criteria are as follows:

¢ Language—include only documents in English;

¢ Date—include documents from January 2016 to August 2021;

*  Relevance—exclude documents that do not pertain to the field or address the re-
search questions;

¢ Sources—include only scientific journal articles and conference papers;

¢ Availability—exclude articles that cannot be obtained or downloaded;

*  Duplicates—review and retain only one of the repeated documents in the event
of duplicates.

Classification Scheme

After study selection, a classification scheme is defined to organize the extracted
information. This scheme structures the evidence in a way that provides support in
answering the research questions and identifying both expected and emerging categories.
In this work, the classification scheme is especially relevant in characterizing ingestion
components, distinguishing common and variable elements, and identifying architectural
patterns reported in the literature.

1.  RQI: Types of Ingestion

e  Batch
U Streaming

2. RQ2: Challenges in Big Data Ingestion

¢  Compliance with the 5 Vs of big data
¢ Synchronization of multiple sources
¢  Component selection

e Commercial off-the-shelf (COTS)

¢ Vendor lock-in

e  Data not supported by ingestion

3. RQ3: Contribution of the Document

¢ Methodology

e Technique

¢ Approach

e  Framework/architecture

https:/ /doi.org/10.3390/app16188945


https://doi.org/10.3390/app16188945

Appl. Sci. 2026, 16, 8945

14 of 48

4. RQ4: Tools or Technologies for Ingestion

e  Spark, Kafka, Hadoop, AWS, SQL, among others
5.  RQ5: Characteristics of the Architecture Found

®  Architectural components described in the paper
6. RQ6: Challenges or Future Work

e  Heterogeneous data sources
e Data structuring level

e  Data changes over time

e Data quality

e Ingestion frequency

Data Extraction and Mapping

Finally, the selected studies are analyzed, and their data are extracted and synthesized.
The resulting information is represented using tables and graphical mechanisms that
facilitate the interpretation of the state of the art. This stage provides the conceptual basis
for identifying the constitutive features of data ingestion and supports the transition toward
artifact design.

3.1.2. Alternatives to the Present Proposal

Using the principles of systematic mapping [40], a brief review has been con-
ducted to identify which alternatives exist to the specific proposal in this study with
the following stages.

Definition of Research Questions

This step consists of defining the research questions that guide the review. These ques-
tions establish the scope of the review and determine which studies about data ingestion
architectures and their characteristics have been published.

Research Questions (RQs)

RQ7.  Are there any formal architectures for data ingestion into a data lake?
RQ8. What are the characteristics of these architectures?

Search Query Design

The search query is defined by the terms ‘data ingestion” and ‘architecture’, which
must appear in the title of the document, as shown in Table 3.

Table 3. Specification of search queries by search engine for brief review.

Search Engine Search Query

ALL (“data ingestion” AND “architecture”)
AND
(LIMIT-TO (PUBYEAR, 2021) OR LIMIT-TO (PUBYEAR , 2022)
Scopus OR LIMIT-TO (PUBYEAR, 2023) OR LIMIT-TO (PUBYEAR, 2024)
OR LIMIT-TO (PUBYEAR, 2025) OR LIMIT-TO (PUBYEAR, 2026))
AND
(LIMIT-TO (SRCTYPE, “p”) OR LIMIT-TO (SRCTYPE, “j”))

LA = (English) AND DOP = (2021-01-01/2026-04-30) AND TI = (data

WOS ingestion architecture)

DBLP “data ingestion” and “architecture”
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The inclusion and exclusion criteria are as follows:

* Language—include only documents in English;

e Date—include documents from January 2021 to April 2026;

*  Relevance—exclude documents that do not pertain to the field or address the re-
search questions;

*  Sources—include only scientific journal articles and conference papers.

*  Availability—exclude articles that cannot be obtained or downloaded;

*  Duplicates—review and retain only one of the repeated documents in the event
of duplicates.

Data Extraction and Mapping

Finally, the selected studies are analyzed, and their data are extracted and synthesized
to answer the RQs.

3.1.3. Data Domain and Variability Management

This subsection reports an exploratory study conducted as a secondary methodological
contribution, documenting the use of Al-powered research support tools as instruments
for academic literature exploration. The study addresses RQ9: "How is software variability
addressed in the data domain?’.

The research question was submitted to four Al-based tools: Asta (web-based scientific
research assistant; version Olmo 2 1B, accessed on 29 May 2026), Anara (version 3.0, ac-
cessed on 29 May 2026), Consensus (web application; version 2.0, accessed on 29 May 2026),
and Elicit (web application; accessed on 29 May 2026). For each tool, the steps reported
by the tool itself, the references retrieved, and the key ideas produced were recorded
and analyzed.

The goal is twofold: to obtain a conceptual overview of how variability is treated in
the data domain and to document the behavior and limitations of Al-assisted research tools
in an academic context.

This study is exploratory in nature and does not constitute a systematic review. Its
results are not treated as primary evidence for the architectural proposal but are included
as contextual support.

3.2. Solution Design

The solution design stage corresponds to the construction of the artifact intended to
address the identified problem. In this work, the artifact consists of a reference architecture
for data lake ingestion, complemented by a variability-oriented representation that makes it
possible to distinguish mandatory, optional, and alternative elements of ingestion solutions.

The design of the artifact is grounded on two inputs. The conceptual analysis provides
a view of the architectural elements that are frequently reported in the literature. The
second is the practical knowledge derived from the enterprise context, where ingestion
processes are developed under technical, organizational, and governance constraints.

Based on these inputs, the proposal is structured as a reusable engineering support
artifact aimed at improving communication, documentation, onboarding, and solution defi-
nition. In methodological terms, this stage corresponds to the transformation of conceptual
findings into an explicit and usable design proposal.

3.3. Design Validation

The design validation stage evaluates whether the proposed artifact is perceived as
useful and appropriate for addressing the identified problem before considering broader
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implementation. In this work, validation is performed through an evaluation plan based
on a structured survey administered to stakeholders from the enterprise context.

The survey instrument is built from prior validated experiences reported in the litera-
ture, particularly drawing on [41—44]. The instrument is organized into several sections.

3.3.1. Profiling

Basic characterization of the respondents is conducted in order to identify their or-
ganizational roles and their experience in the enterprise context. This information sup-
ports the interpretation of the responses according to the participants’ proximity to the
ingestion process.

3.3.2. Usability

For this criterion, we adopt Brooke’s ‘System Usability Scale’ (SUS) [42], which consists
of 10 Likert-scale statements rated from 1 to 5. In our instrument, these values correspond
to ‘strongly disagree’ and ‘strongly agree’, respectively. The statements evaluate the use of
the proposed architecture after it has been introduced.

The items in this questionnaire section are as follows:

1. Iwould like to use the architecture frequently to verify the elements of a data lake
ingestion process.

I think the architecture is unnecessarily complex.

I think the architecture is easy to apply.

I think I need technical support to use the architecture.

I found the various elements of the architecture to be well integrated.

I think the architecture presents too many inconsistencies.

I think most people could learn to apply the architecture quickly.

I found the architecture very complex to apply.

0 X NG PN

I would feel confident using the architecture.

—_
e

I need extensive technical knowledge to be able to apply the architecture.

To score usability, Equation (1) is used, where U denotes the usability score of one
respondent and Sy € {1,...,5} denotes the Likert score given by the respondent to item
k of the list above (k = 1,...,10), so that the item indices in the equation are mapped
one-to-one to the ten SUS statements enumerated in this section.

Following the standard SUS procedure [42], odd-numbered items (k € {1,3,5,7,9})
are positively oriented and contribute Sy — 1 points, whereas even-numbered items
(k € {2,4,6,8,10}) are negatively oriented and contribute 5 — Sy points. The final sum is
multiplied by 2.5, yielding a minimum score of 0 and a maximum score of 100.

The survey is conducted via an anonymous digital form that does not allow responses
outside the Likert scale or the omission of any item.

U=25x Yo S+ ), (5-5) (1)
ke{1,3,57,9} ke{2,46,8,10}

3.3.3. Quality

For the quality criterion, we adopt the validation survey presented by Nadal in [44].
The instrument consists of 7 Likert-scale statements rated from 1 to 5 ('strongly disagree’
to ’strongly agree’). In this evaluation section, the statements are linked to quality criteria
from ISO/IEC 25010 [45].

The items in this questionnaire section are as follows:

1.  The presented architecture is useful for my work.
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Overall, I am satisfied with the proposed architecture.
I'would trust the proposed architecture to design a data ingestion process.
Overall, the proposed architecture covers my needs for designing a data ingestion process.

AR I

The proposed architecture helps to improve metrics (design time, analysis, under-
standing, learning, etc.).
I'would like to adopt this architecture in my next ingestion process.

N

Using the proposed architecture, I would improve how I analyze data ingestion processes.

For scoring, since all questions are positively oriented, Equation (2) is used, where Q
denotes the quality score of one respondent and S; € {1,...,5} denotes the Likert score
given by the respondent to item i of the list above (i = 1,...,7).

The sum of each item’s score minus 1 is expressed as a percentage with respect to a
real maximum of 28 points. This ensures that the instrument yields a minimum of 0 and a
maximum of 100 (comparable to the usability score). Notably, this adjustment makes the
quality criterion more stringent than a direct percentage calculation.

The survey is conducted via an anonymous digital form that does not allow responses
outside the Likert scale or the omission of any item.

100
inxx(si—l) (2)

i=1

3.3.4. Qualitative Evaluation Scale

To conclude the evaluation of the architectural proposal, the scores for both criteria
are independently analyzed using Bangor’s adjective rating scale [41]—see Table 4—which
provides a qualitative perspective on the quantitative results.

Table 4. Mapping of SUS scores to Bangor’s adjective rating scale.

SUS Range Grade Adjective Acceptability
0-25 F Worst Imaginable/ Awful Not Acceptable
25-39 F Poor Not Acceptable
39-52 F OK Not Acceptable
52-63 F - Marginal (low)
63-70 D - Marginal (high)
70-73 C Good Acceptable
73-85 B Good/Excellent Acceptable
85-100 A Excellent/Best Imaginable Acceptable

Using this scale provides a perspective on the degree of ‘approval” achieved by the
proposal under the two criteria described above. We consider a minimum acceptability
level of ‘marginal high” (or grade D) desirable under our self-demanding benchmark, with
‘acceptable’ as the ideal outcome.

3.3.5. Feedback Meeting

Following the analysis of the survey results, a complementary qualitative data collec-
tion activity was conducted in the form of a focused group discussion. After the quantitative
results were processed, an open call was communicated to all survey respondents, inviting
voluntary participation in a discussion session oriented around responses near the scale
midpoint—specifically those related to the need for technical support and prior technical
knowledge to apply the architecture (items 4 and 10 in Section 3.3.2).

Participation was voluntary and self-selected as respondents who agreed to lose
their anonymity and attend the session were included, resulting in seven participants.
This format was chosen to allow open elaboration on quantitative responses that were
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ambiguous in isolation and to collect perspectives on the operationalization and future use
of the architecture that the closed-ended instrument could not capture.

3.3.6. Engineering Metric Evaluation

To complement the perception-based instruments, a ‘before/after’ comparison was
applied, in which each participant took part in a data ingestion design scenario with-
out the proposed architecture (considered the ‘before’ condition) and, subsequently, an
equivalent data ingestion design scenario with the proposed architecture implemented in
VariaMos (considered the “after” condition). The results are presented in aggregated and
segmented form.

For both conditions, the same set of indicators was recorded, as shown in Table 5,
which defines each indicator, the dimension that it captures, and its unit of measurement.

Table 5. Engineering metrics recorded in the before/after study.

Code Dimension Question/Operational Definition Unit
M1 Design time Time required to design the architecture Minutes
based on the requirements
M2 Documentation workload Time reqmred to create, TEVIEW, and update Minutes
the architectural documentation.
Of the applicable architectural elements,
M3 Description completeness how many were explicitly documented as  (Documented/Applicable) x 100

a percentage.

This design was applied to two participant cohorts, which are reported separately in

Section 4 because they differed in nature.

¢  Cohort 1: Enterprise Practitioners. A group of 15 practitioners who answered the
usability and quality survey, after which the information for the indicators of Table 5
was collected retrospectively.

¢  Cohort 2: Enterprise Interns. A second, independent group of 14 computer engi-
neering interns carried out the same paired before/after protocol prospectively: each
intern first completed an ingestion design case without the architecture and then an
equivalent case with the architecture in VariaMos, with the indicators recorded at the
moment of execution. This cohort provides prospective evidence.

3.4. Implementation

The implementation stage corresponds to the initial introduction of the artifact into
the organizational environment. In this work, implementation is understood as an early ap-
plication of the proposal in the enterprise context, where the architecture and its variability-
oriented support can begin to inform communication, training, and solution definition
practices. VariaMos was used as the variability management environment supporting the
implementation of the architecture [34].

4. Results
4.1. Conceptual Analysis Results

This section presents the results in direct response to the points presented in the
previous section on the methodology.
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4.1.1. Conceptual and Theoretical Basis: Systematic Mapping Results

This section presents the analysis and visualization of the systematic mapping results
for the stated research questions. The total number of documents found was as follows
in Table 6.

Table 6. Number of documents by search engine after filtering stages.

Search Engine Search Inclusion and Exclusion = Documents
8 Query Results Criteria Results to Analyze
Scopus 176 95 4
WOS 35 27 3
DBLP 10 7 0
Total 221 129 7

RQ1: What Is the Most Commonly Used Ingestion Method in Big Data Implementations?

Across the documents reviewed during the filtering stage (broadly addressing big
data), streaming was the most frequent ingestion type, with 67 documents, compared to
20 for batch. When narrowing the analysis to the seven documents focused exclusively
on data lakes, the conclusion remained the same, albeit with a smaller margin, as shown
in Table 7.

Table 7. Ingestion types reported in the analyzed documents.

Ingestion Type Count in Big Data Count in Data Lakes
Batch 20 4
Streaming 67 5

RQ2: What Are the Challenges Encountered When Executing a Big Data Ingestion Process?

The main issues identified by the authors are listed in Table 8. Notably, the five Vs
appear frequently, as they represent inherent challenges of the domain.

Table 8. Issues identified in the literature.

Document Issues

Villanustre [46] Achieving data synchronization across heterogeneous sources.

Governance is required to prevent a DL from becoming a

Derakhshannia [47] data swamp

Selecting components versus developing a custom solution ver-
sus adopting commercial off-the-shelf (COTS) products.

Nadal [44] Ensuring compliance with the 5 Vs.
Rapidly ingesting multiple sources.
Addressing vendor lock-in, i.e., dependency on a provider or
. the inability to switch due to administrative, political, economic,
Sellami [48]

technical, or other reasons.
Ensuring compliance with the 3 Vs.

Mohemmed Sha [49]  Selecting technologies and services to implement ingestion tasks.

Overload when querying RDBMSs.
Tunji¢ [29] Presence of terms/words/strings in the source that are not sup-
ported in the target.
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RQ3: Which Types of Contributions Are Found in the Selected Papers?

As shown in Table 9, notably, none of the selected documents proposes or contributes
a methodology. Most propose big data frameworks or architectures that, with varying
degrees of refinement, provide elements related to data ingestion.

Table 9. Contribution types of the analyzed documents. v specifies which papers each type of
contribution appears in.

Document/Contribution ~ Methodology =~ Framework/  Technique Approach

Architecture

Villanustre [46] v
Derakhshannia [47] v
Nadal [44] v

Sellami [48] v

Mohemmed Sha [49] v

Tunjié¢ [29] v

Waullink [50] v

RQ4: Which Tools or Technologies Are Used in the Data Ingestion Process Within
a Data Lake?

As indicated in Figure 4, the selected documents reveal that AWS, as an ecosystem,
provides the largest number of tools/technologies used for ingestion. Contrary to the initial
expectation, there is no explicit mention of SQL in relation to data ingestion.
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Figure 4. Count of tools/technologies for data ingestion.

RQ5: Which Characteristics Are Reported for the Identified Architectures?

Among the seven analyzed documents, one did not explicitly consider elements
of a possible architecture. For the remaining six, all identified elements that could be
considered mandatory for data ingestion, while others could be considered optional, as
shown in Figure 5.

RQ6: What Challenges and Gaps Are Identified for Future Work?

The main challenges proposed by the authors are shown in Table 10. Notably, none of
the documents reports challenges directly related to the ingestion process itself.
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4.1.2. A View on Data Ingestion Architectures

In this analysis, several documents were found based on the search queries entered
into the search engines, as shown in Table 11.
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Figure 5. Mapping of data ingestion components.

Table 10. Challenges and future work reported by the authors.

Document Challenges

Villanustre [46] Strengthening the prediction model.

Derakhshannia [47] Optimizing DL performance.

Nadal [44] Designing tools to work with metadata.

Sellami [48] Integrating SSO into the proposal.

Mohemmed Sha [49] Improving interoperability across technologies.

Tunjié¢ [29] Strengthening the proposal.

Wallink [50] Continuing the proposal and developing derived work.

Table 11. Number of documents by search engine.

]S;aglicnt Search Query Inclusion and Exclusion Criteria Documents to Analyze
Scopus 4 3 3
WOS 3 3 0
DBLP 5 3 !
Total 12 9 4

The reviewed documents provide complementary perspectives on data ingestion
architectures for data lake implementations. Abirami and Punitha [13] propose a hybrid
ETL framework for data lakehouse architectures, emphasizing the combination of batch
and real-time processing through Al-driven orchestration and contextual data partitioning.
The proposal outlines key elements such as data sources, types of data ingestion, and ETL
as a central process, which are relevant in generalizing these processes. In this regard, their
work differs from an architectural perspective focused specifically on data ingestion, as
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it emphasizes the orchestration process for data transformation and utilization from an
organizational standpoint.

Li et al. [14] present Karst, a scalable architecture for transactional data ingestion in
analytical systems. Rather than addressing the full data lake lifecycle, this work focuses on
the ingestion problem from the perspectives of correctness, serializability, and scalability.
The proposal includes elements of interest in its description that allow for the generalization
of processes, such as data sources, data ingestion methods, persistent and final data storage,
and metadata management. In this regard, their work differs from the perspective of our
study, as Karst adopts a finer technical granularity, going so far as to address elements such
as worker nodes and partitions associated with specific technologies, thereby sacrificing its
potential for generalization.

Rucco et al. [15] propose a cloud-based data ingestion design pattern for big data
and lakehouse contexts. Their contribution is centered on a metadata-driven framework
that supports both full refresh and incremental ingestion, enabling dynamic adaptation to
heterogeneous data sources, schema changes, and different ingestion requirements across
cloud platforms. The proposal presents a pipeline flow or design aimed at illustrating the
components involved in a data ingestion process—from the source to storage—including
metadata management and key features of our proposal, such as connectors and ingestion
types, focusing not on the batch-versus-streaming dichotomy but rather on the distinction
between incremental and full ingestion.

Finally, Lagos [28] presents a reference architecture for data ingestion into a data lake,
derived from a systematic mapping study and represented through feature models. The
work explicitly identifies mandatory and optional components of the ingestion process,
such as the ingestion type, source, collector, integrator, ETL, processing, intermediate
storage, and final storage, and evaluates the proposal in an industrial context. As the
foundation of this study’s proposal, its structure at the feature model level translates
into enhanced graphical representation as a model for managing variability using a tool
designed for such as purpose, e.g., VariaMos.

Since [28] is the present authors” own prior work and the direct antecedent of this
manuscript, it is worth stating explicitly what is new in the present study with respect
to it. The earlier work contributed the initial reference architecture and its feature model
representation; the present manuscript extends this by (i) implementing the architecture
in VariaMos, thereby adding an operational variability management mechanism that the
earlier work did not provide, and (ii) broadening the validation scope, which now combines
the usability and quality survey with open-ended feedback and a focused discussion
session, together with an updated review of alternative ingestion architectures and an
exploratory study of variability in the data domain.

RQ7: Are There Any Formal Architectures for Data Ingestion into a Data Lake?

Regarding RQ7, the reviewed literature indicates that formal or semi-formal archi-
tectures for data ingestion into data lakes do exist, although they vary in their levels of
abstraction and formalization.

The reference architecture proposed by Lagos [28] represents the ingestion process using
feature models and distinguishes between mandatory and optional architectural features.

In addition, the cloud-based design pattern proposed by Rucco [15] formalizes inges-
tion through a metadata-driven configuration model, while the hybrid ETL framework
structures ingestion as an adaptive lakehouse pipeline combining orchestration, partition-
ing, and real-time processing.
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Karst [14], although not designed specifically as a data lake reference architecture,
contributes a formal architectural and protocol-level solution for transactional ingestion in
partitioned analytical systems.

Therefore, the evidence suggests that the field contains formal architectural proposals,
design patterns, and framework-based solutions, but there is still no single consolidated
standard architecture that is universally adopted for data lake ingestion.

RQ8: What Are the Characteristics of These Architectures?

Regarding RQ8, the main characteristics of these architectures are flexibility, scalability,
metadata orientation, support for heterogeneous sources, and the ability to combine batch
and real-time ingestion.

The architectures commonly include components for identifying the ingestion type,
connecting to the source, collecting or accessing data, integrating data into the target
platform, optionally transforming or processing the data, and storing them in intermediate
or final repositories, usually in a raw or foundational data lake layer.

Recent proposals also emphasize metadata-driven configuration, allowing ingestion
strategies, schemas, and source-specific parameters to be modified without redesigning
the complete pipeline. Scalability is addressed through cloud-native services, distributed
processing, partitioning strategies, and optimized transaction protocols.

In lakehouse-oriented approaches, additional characteristics include ACID compli-
ance, schema management, query optimization, contextual partitioning, and orchestration
mechanisms capable of dynamically switching between batch and real-time modes.

Opverall, these architectures seek to reduce manual effort, standardize ingestion design,
improve data availability, and support the increasing volume, variety, and velocity of
modern data ecosystems.

4.1.3. An Approach to Software Variability in the Data Domain

As mentioned previously, this section is the result of an exploratory study, seeking
not only to analyze the answer to RQ9—"How is software variability addressed in the data
domain?’—itself but also to document the performance of Al-based research support tools.

Given its exploratory nature and its role as contextual support rather than primary
evidence, only a summary of this study is provided here; the detailed per-tool outputs
(steps, search traces, and key idea tables for Asta, Anara, Consensus, and Elicit), together
with the reproducibility details of the exploration, are provided in Appendix A. In summary,
the four tools were used in their free versions and all retrieved, academically relevant
material and produced structured answers to RQ9, although with different search strategies
and depths. Regarding the research question, the results consistently indicate that software
variability in the data domain is a recognized concern, addressed through techniques
derived from software product line engineering, with feature modeling emerging as the
most widely reported representational mechanism for capturing mandatory, optional, and
alternative elements of data schemas, warehouse structures, and pipelines. This aligns with
the architectural foundation adopted in the present work. At the same time, the integration
of formal variability management tools, such as VariaMos, in data-intensive engineering
contexts remains largely underexplored in the reviewed material, indicating the gap that
the present proposal contributes to addressing. Regarding the tools themselves, they
accelerated the initial literature exploration and offered useful transparency mechanisms,
but they do not guarantee coverage of paywalled literature, are exposed to hallucinated
or misattributed references, and do not replace the methodological rigor of a formal
systematic review.
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4.2. Architecture Proposal Using Feature Models

As an architectural proposal, we use a feature model (FM) to appropriately represent
the relationships among the components involved in data lake (DL) data ingestion.

To make the contribution explicit, the elements shown in Figures 6—11 should be read
as follows: the identification of the architectural elements themselves (type, source, collector,
integrator, ETL, data processing, intermediate storage, and final storage) originates from the
systematic mapping and the authors’ prior work [28]; the novel contribution of the present
study is their formalization as an operational feature model in VariaMos, including the
mandatory /optional classification and group relationships that enable automated analysis
and the derivation of valid configurations, as illustrated in Figure 12.

4.2.1. Architectural Elements
Data Ingestion

The focus of the proposed solution is data ingestion, i.e., how data are acquired from
a source and stored in the raw zone of the previously described data lake. To better
understand the elements of a data ingestion process, Figure 6 shows a diagram of the model
in VariaMos, which indicates mandatory and optional components for data ingestion.

Legend

Data Ingestion

Feature without a
specified status in
the variant

Type

-~

Source

&

Collector

Integrator

Data Processing |

Intermediate
Storage

Final Storage |

Figure 6. FM for data ingestion (proposed model, built in VariaMos as part of this work).

Next, we review each element indicated above to describe them and clarify potential
questions. Each data ingestion process is considered an atomic process that transfers data
from a single source A to a single destination B. In our context, there is no ‘composite’ in-
gestion with, for example, two sources; such a case corresponds to two separate ingestions.

This assumption of atomicity is considered in the context of scenarios involving multi-
ple sources, fan-in/fan-out pipelines, and reprocessing and is based on two approaches.

First, it reflects the unit of work actually assigned, implemented, and maintained
in the industrial context studied: as described in Section 2.2.5, the execution interval,
triggering, and repetition of an ingestion are handled by a higher-level macrostructure
(e.g., scheduling or triggers) that is external to the ingestion itself, so the atomic one-
source-to-one-destination process is the natural granularity at which variability decisions
are made.

Second, it keeps the feature model compositional: a multi-source or fan-in scenario is
represented as a set of atomic ingestions converging on a common destination, a fan-out
scenario as a set of atomic ingestions sharing a source, and reprocessing as the re-execution
of an atomic ingestion under the control of the external orchestration layer.

The main implication is that cross-ingestion concerns, such as ordering, synchroniza-
tion among converging flows, and end-to-end orchestration, are outside the scope of the
current model and must be addressed at that higher level. Extending the model toward
these composite ingestion workflows—a direction also raised by the practitioners in the
open-ended feedback (Section 4.3.4)—is identified as future work.
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The features shown in Figure 6 are described in greater detail in the following sections.
For clarity, each of these features is illustrated in the following Figures 7-11 with examples
of values for the attributes that they represent. The cropped images are based on an
extended version of Figure 6, partially shown in Figure 12, which cannot be fully presented
due to its size and level of detail.

Type

Each ingestion process has a type associated with how data are moved from the source
to the destination.

Batch ingestion refers to cases in which data are ‘accumulated” at the source and are
moved together according to some periodicity. It is important to note that the execution
interval is external to the ingestion itself. The ingestion process is unitary; other components
in a higher-level macrostructure (e.g., scheduling or triggers) define and repeatedly execute
it. Streaming ingestion refers to cases in which data are generated and moved in real time,
or near-real time, through constant micro-batches that are independent of the data volume.

Both types of ingestion are shown in Figure 7.

/

—

Type |

g N

Batch | Streaming |

Figure 7. FM for ingestion type (XOR group of the proposed model; detail of Figure 6).

Source

Each data ingestion process has exactly one data source. The sources vary by case and are
largely classified into the categories proposed in Figure 8 based on the reviewed documents.

.

Source
& \\
File ‘ | File System | | (o]} | ‘ Database | ‘ Cloud

Figure 8. FM examples of ingestion sources, categorized from the reviewed documents and instanti-
ated in the proposed VariaMos model (detail of Figure 6).
Collector

To address how data are accessed from the listed sources, the collector is defined
as the tool or technology that allows us to ‘connect’ to a data source in order to access
data. Figure 9 shows a set of collectors identified in the literature and industry; clearly,

https:/ /doi.org/10.3390/app16188945


https://doi.org/10.3390/app16188945

Appl. Sci. 2026, 16, 8945 26 of 48

additional collectors may exist. Importantly, the collector enables access to data but does
not necessarily move them.

Collector

Xor

o 1 5a
\

Sqoop Kafka | ‘ Spark

Nifi | Drivers

Figure 9. FM examples of ingestion collectors.

Integrator

Once data are accessed, they must be transferred to the destination, either final or
intermediate. For this purpose, a set of tools/technologies may be employed, which are
presented in Figure 10. It is not uncommon for some technologies to appear as both
collectors and integrators, as several are robust enough to fulfill both roles.

Integrator |

py
Sqoop ‘ Flume Spark

Figure 10. FM examples of ingestion integrators.

Final Storage

Completing the chain of mandatory ingestion elements, we reach final storage, i.e.,
how information is maintained in the raw zone of the data lake. This is often associated
with high-capacity storage such as HDFS; however, depending on the specific needs, a
range of data destinations may be appropriate as is shown in Figure 11.

Final Storage

D

HDFS ADLS ‘ Mongo DB | Databricks ‘ AWS S3

Figure 11. FM examples of final storage options in data ingestion.
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Vv MOS

With the elements described above, it is possible to describe, plan, analyze, and
implement an ingestion process for virtually any case, using the mapped tools/technologies
or others that fit the context and client constraints and, most importantly, the architectural
role that they represent. Additionally, optional elements may be considered, such as those
described below Figure 12, which shows an example of the architecture.

Home Languages Wiki

N (=]
A = (99 4 CH <
BmBELSD saen=yeca DA
Data Ingestion |—
Type
Batch Streaming ‘ Data Processing
Legend
Feature with
“Selected”
status
Feature with
“Not Selected"”
status Source
. Mandatory
Feature
~
)
Optional °
Alternative: indicate &
selection of only one . :
subfeature associated File | ‘ File System ‘ ‘ 0T ‘ Database l ‘ Cloud
with the feature

Figure 12. Example architecture for data ingestion using an FM and VariaMos.

ETL

It is essential to clarify that ingestion is not ETL; rather, ETL may be embedded within
an ingestion process. This occurs when source data, in their original form, are not fully
satisfactory. In such cases, a valid strategy is to access the data (collector), modify them as
needed (transform), and transfer them to the destination. This is common when data can
be collected under specific business rules.

Data Processing

In scenarios where the data lake does not include a transient loading zone but critical
manipulation is required (e.g., anonymization of sensitive data), ingestion-level processing
can be applied to ensure that the data reach the destination with the required transforma-
tions already applied.
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Intermediate Storage

Some ingestion processes temporarily store data in an intermediate system that en-
ables manipulation or processing prior to transfer to the final destination. For example,
certain technologies allow working with data in a DataFrame between the collector and
the integrator.

Feature Model Configuration Semantics

To complement the graphical presentation, Table 12 summarizes the configuration
semantics of the proposed feature model, making explicit the decomposition of the root
feature, i.e., data ingestion, the mandatory or optional nature of each first-level feature,
and the group relationships that constrain valid configurations. A configuration is valid
when it includes all mandatory features, satisfies every group cardinality, and complies
with the cross-tree constraints of the model. The complete, machine-readable model is
maintained in VariaMos, which is also the engine used to verify configuration validity and
to automatically derive the solution variants illustrated in Figure 12.

Table 12. Configuration semantics of the proposed feature model.

Feature Type Decomposition/Group Semantics
Type Mandatory  XOR group (1..1): Exactly one of {Batch, Streaming} must be selected.
XOR group (1..1): Each ingestion has exactly one data source, selected from the

Source Mandatory source categories of Figure 8.
Collector Mandatory ;(gi{r egl;oup (1..1): One collector technology is selected from the options of
Integrator Mandatory ;(igfregrl%up (1..1): One integrator technology is selected from the options of
Final Storage Mandatory i)(fOFlngiioeulpl (1..1): The destination in the raw zone is selected from the options
ETL Optional Included when source data must be transformed within the ingestion.

. . Included when critical manipulation (e.g., anonymization) must be applied
Data Processing Optional before data reach the destination.
Intermediate Storage  Optional Included when data are temporarily stored (e.g., as a DataFrame) between the

collector and integrator.

Traceability of Architectural Features

To make explicit the connection between the methodological streams described in
Section 3 and the final architectural elements, Table 13 links each feature of the proposed
model to the literature evidence, the industrial requirement, and, where applicable, the
validation feedback that justifies its inclusion.

Architecture Example and Variations in VariaMos

Based on the elements described above, a concrete example of an ingestion architecture
can be constructed. Thanks to VariaMos’s feature combination functionality, Figure 12
shows an example of one of many variants automatically generated according to the
rules graphically described in the FM. This specific example of variability management
is important because an architecture enriched with context-specific information yields
concrete implementation variants that can then be evaluated for adoption.

In this example, one can see some of the features described in Figure 6 and specified
as subfeatures in Figures 7-11, represented as a variant in VariaMos with the graphical
feature labeling either selected or unselected. One can see that mandatory features are
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always selected, while optional features may not be. One can also see that, within a group

of alternatives (XOR), only one of the options is selected, while the others are not.

Table 13. Traceability of the features of the proposed model to their originating evidence.

Feature Literature Evidence Industrial Requirement
Tvpe E’?;Chi/r?tn(eﬁgllr;i gécfftgg]lycfrﬁoiieﬁtie Batch and streaming ingestion stages practiced
yp mappmg L p y by the firm (Sections 2.2.4 and 2.2.5).

incremental /full view in [15].

Source Ingestion components mapped under RQ5 Capture of data from transactional systems
and [28]; heterogeneous sources in [14,15]. and files (Section 2.2.5).

Collector Tools/technologies for ingestion identified Access mechanisms in use (Unix copy, SFTP,
under RQ4 and [28]. Sqoop, connectors; Section 2.2.5).

. Transfer of accessed data to the destination;

Ingestion components mapped under RQ5 ) .

Integrator overlap of technologies acting as collectors
and [28]. . . .

and integrators observed in practice.
ETL ETL as central ingestion-related process Transformations applied within ingestion when

in [13]; contribution types under RQ3.

source data are unsatisfactory (Section 2.2.5).

Data Processing

Zone-based DL architectures in [4].

Critical manipulation (e.g., anonymization of
sensitive data) required under BFSI
governance constraints.

Intermediate Storage

Persistent/intermediate storage elements
in [14,28].

DataFrame-based intermediate manipulation
between collector and integrator (Section 2.2.5).

Final Storage

Raw-zone loading in [4]; components
mapped under RQ5 and [28].

Loading of data into the raw zone as tables
backed by AVRO/ORC/Parquet (Section 2.2.5).

4.3. Validation

This subsection summarizes the survey results. The analysis is organized into (i) respon-
dent profiling, (ii) usability responses, (iii) quality responses, and (iv) open-ended feedback.

The survey was answered by 29 respondents, grouped into two distinct cohorts that
are reported separately throughout this section: an enterprise cohort of 15 practitioners (cor-
responding to 60% of the company’s employees) and a prospective cohort of 14 engineering
interns. The enterprise cohort provides the main evidence for the industrial acceptance of
the proposal, whereas the intern cohort provides complementary, prospective evidence.

Additionally, two distinct populations are considered when comparing the survey
with the complementary activities: the structured survey was answered by the enterprise
cohort (n = 15 practitioners) and intern cohort (n = 14), whereas the complementary
feedback meeting (Section 3.3.5) involved a voluntary, self-selected subgroup of n = 7 of
the same enterprise respondents.

4.3.1. Respondent Profiling

Among the 29 respondents, five profiles can be identified according to the roles
explained in Table 14: four correspond to the enterprise cohort (15 practitioners) and
one corresponds to the prospective cohort (14 interns).

4.3.2. Usability Results

For the usability section, the scores (on a [0, 100] scale) and anonymized individual
results are as follows in Table 15, and they are associated with Bangor’s adjective rating scale
in Table 16. Moreover, Table 15 reports the number of respondents (N) and the standard
deviation (SD) per role. For the enterprise cohort, the overall individual average (M = 76,
SD = 12.09, n = 15) is the value used as evidence for acceptance. The intern cohort
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obtained an individual average of 70.18 (SD = 9.97, n = 14), and the global condensed
view over the 29 respondents is reported in the ‘global” row.

Table 14. Respondent profiles.

Profile Count Years of Experience Description

4 Performs managerial duties, primarily focused on the client
Director 1 (SD=— n=1) relationship. Has been involved since the company was founded,
o understands the business, and is familiar with its technical concepts.

Performs managerial duties related to project management, planning,
4 effort estimation, and quotation. Also performs technical duties by
(SD=—n=1) leading projects, mentoring developers, and supporting goal
achievement.

Big Data—BI Project Lead 1

Mean = 2.8 Performs duties related to managing data analysis processes, with
BI Consultant 5 SD = ; 4é strong client interaction in the design and implementation of decision
T support components.

Mean = 1.37 Performs duties related to the development of components for big
Big Data—BI Consultant 8 sD __0 5'1 data acquisition, processing, and analysis. Develops ingestion
e processes and implements ETL and business rules on data.

Computer engineering interns who, during their industry internships,
perform tasks equivalent to those of the Big Data—BI Consultant role:
Mean = 1.35 . . 2. .
Intern 14 developing components for big data acquisition, processing, and
SD =0.74 : . . . .
analysis and building ingestion processes with ETL and business
rules on data, under supervision.

Table 15. Usability results by role, including the number of respondents (N) and standard deviation

(SD) per role.
Role N Individual Scores Role AVG SD
Director 1 100 100 —n=1)
Big Data—BI Project Lead 1 875 87.5 —(n=1)
Big Data—BI Consultant 8§ 775 775 875 65 675 925 80 60 75.94 11.18
BI Consultant 5 80 625 725 625 675 69 7.42
Enterprise Cohort (subtotal) 15 AVG Enterprise Individual Scores = 76 — 12.09
720 70 75 725 70 60 775 85 675 775

Interns 14 70 775 425 675 70.18 9.97
Global 29 AVG Individual Scores = 73.19 — 11.32

Table 16. Observed group average results for usability associated with Bangor’s adjective rating scale.

SUS Range Grade Adjective Acceptability Group Average
0-25 F Worst Imaginable/ Awful ~ Not Acceptable -
25-39 F Poor Not Acceptable -
39-52 F OK Not Acceptable -
52-63 F - Marginal (low) -
63-70 D - Marginal (high) BI Consultant (69)
70-73 C Good Acceptable Interns (70.18)
73-85 B Good/Excellent Acceptable Global (73.19); BI-BD Consultant (75.94); Enterprise (76)
85 -100 A Excellent/Best Imaginable Acceptable BD-BI Project Lead (87.5); Director (100)
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Table 17 reports the per-item results of the usability (SUS) instrument, combining both

cohorts for a global condensed view (n = 29). For each item, it lists the desired value, the
AVG, and the standard deviation.

Table 17. Per-item usability (SUS) results.

Item Code Statement Desired Value AVG SD
1 Q1 imo:ilellfalil;e( etci)nugseeS tti}:; z;"f(})lé‘tee;gure frequently to verify the elements 5 407 096
2 Q2 I think the architecture is unnecessarily complex. 1 176  0.79
3 Q3 I think the architecture is easy to apply. 5 410 0.86
4 Q4 I think I need technical support to use the architecture. 1 283 1.10
5 Q5 I found the various elements of the architecture to be well integrated. 5 434 0.61
6 Q6 I think the architecture presents too many inconsistencies. 1 148 0.57
7 Q7 I think most people could learn to apply the architecture quickly. 5 3.69 097
8 Q8 I found the architecture very complex to apply. 1 1.86 0.83
9 Q9 I'would feel confident using the architecture. 5 403 082
10 QI0 ih é’l;efi itgz:iilsive technical knowledge to be able to apply 1 303 1.02
4.3.3. Quality Results
For the quality section, the scores (on a [0,100] scale) and anonymized individual
results are as follows in Table 18, and they are associated with Bangor’s adjective rating
scale in Table 19. As with usability, for the enterprise cohort, the overall individual average
(M =85.71, SD = 13.09, n = 15) is the value used as evidence for acceptance. The intern
cohort obtained an individual average of 74.74 (SD = 11.92, n = 14), and the global
condensed view over the 29 respondents is reported in the ‘global” row.
Table 18. Quality results by role, including the number of respondents (N) and standard deviation
(SD) per role.
Role N Individual Scores Role AVG SD
Director 1 100 100 —n=1)
Big Data—BI Project Lead 1 100 100 —n=1)
Big Data—BI Consultant 8 S;%Z 8;17486 96.43 89.29 82.14 89.29 84.82 8.48
BI Consultant 5 100 7143 100 5714 7857 81.43 18.63
Enterprise Cohort (subtotal) 15 AVG Enterprise Individual Scores = 85.71 — 13.09
W SR BN BN OSW S T o
Global 29 AVG Individual Scores = 80.42 — 13.52
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Table 19. Observed group average results for quality associated with Bangor’s adjective rating scale.

SUS Range Grade Adjective Acceptability =~ Group Average

0-25 F Worst Imaginable/ Awful ~ Not Acceptable -

25-39 F Poor Not Acceptable -

39-52 F OK Not Acceptable -

52-63 F - Marginal (low) -

63-70 D - Marginal (high) -

70-73 C Good Acceptable -
Interns (74.74); Global (80.42); BI Consultant

73-85 B Good/Excellent Acceptable (81.43); BI-BD Consultant (34.82)

85-100 A Excellent/Best Imaginable Acceptable Epterprlse (85.71); BD-BI Project Lead (100);

Director (100)

Table 20 reports the per-item results of the quality instrument, combining both cohorts
for a global condensed view (n = 29). For each item, it lists the desired value, the AVG,
and the standard deviation.

Table 20. Per-item quality results.

Item Code Statement Desired Value AVG SD
1 Q1 The presented architecture is useful for my work. 5 424 0.83
2 Q2 Overall, I am satisfied with the proposed architecture. 5 459 0.63
3 Q3 I'would trust the proposed architecture to design a data ingestion process. 5 428 0.70
4 Q4 .Overa'll, the proposed architecture covers my needs for designing a data 5 410 067

ingestion process.
5 5 The p.roposed a.rchitecture helps to improve metrics (design time, analysis, under- 5 400 085
standing, learning, etc.).
6 Q6 I'would like to adopt this architecture in my next ingestion process. 5 434 081
- Q7 Using the proposed architecture, I would improve how I analyze data 5 397 087

ingestion processes.

4.3.4. Open-Ended Feedback

As mentioned above, the survey included an optional open-ended feedback section

where respondents could provide perceptions, questions, or recommendations regarding
the proposed architecture.

The six responses were grouped into the following themes:

Conceptual doubts—Some respondents were unfamiliar with engineering terms that
the authors assumed to be trivial and that were not defined in the document. This
supports the recommendation to define, clarify, or briefly recall key concepts in
the proposal.

Zone usage—Respondents discussed perspectives on data lake zone usage and po-
tential data redundancy across zones and between development and production
environments. These remarks do not directly affect the proposal.

Clarity regarding the work—Respondents reported that the proposal document helped
them to better understand the activities that they currently performed.

Potential expansion of the architecture—Respondents suggested future work in which
the architecture could be scaled to a ‘broader picture’ that includes orchestration and
ingestion reprocessing.

https:/ /doi.org/10.3390/app16188945


https://doi.org/10.3390/app16188945

Appl. Sci. 2026, 16, 8945

33 0f 48

4.3.5. Feedback Meeting Results

As described in Section 3.3.5, a focused discussion session was held with seven
respondents who voluntarily agreed to participate following an open call issued after the
quantitative results were processed.

The meeting was held to further explore two SUS items that yielded non-ideal results,
with strong concentration around the Likert value 3.

Items 4 and 10 in Section 3.3.2 relate to the need for technical support and technical
knowledge to use the architecture. The conclusions derived from the participant interven-
tions focused on the following:

*  Questions on how to operationally relate the architecture to deliverable products.
The discussion considered an ideal of automatically generating software components
or artifacts from metamodeling and the architectural representation. The meeting
reiterated that the architecture is primarily a representation and a means to standardize
technical ingestion information.

*  Practical questions about how to draw the architecture. The meeting collected the idea
of providing a base template, stored in the cloud and embedded in the architectural
documentation for easy access and reuse.

4.3.6. Engineering Metrics: Before/After Comparison

This subsection reports the results for the indicators defined in Table 5, following
the design described in Section 3.3.6. Results are reported separately for the two cohorts,
the enterprise practitioners (retrospective) and the engineering interns (prospective), as
the AVG per code. The ‘before” and ‘after” values related to time are those reported by
respondents as the effort required to design a data ingestion process. As for ‘description
completeness’, it was assessed by comparing the respondents’ detailed responses against a
reference solution.

Table 21 summarizes, for each indicator, the aggregate value in the ‘before’ (ad
hoc) condition and in the ‘after” (architecture in VariaMos) condition, together with the
observed change.

Table 21. Before/after results for the cohort of enterprise practitioners (retrospective).

No. of

Code Dimension Unit Before AVG  After AVG Change (%) SD Before SD After
Answers
M1 Design time Minutes 15 92.20 43.20 —53.14 121.73 44.41
M2 Documentation workload =~ Minutes 15 92 44 —52.17 85.70 44.56
D
M3 Description completeness  Documented 5 15 92.38 96.19 +4.12 9.14 6.53
Applicable

Table 22 reports the same indicators for the 14 engineering interns, who executed the
paired protocol prospectively (each intern completed one case without the architecture
and an equivalent case with the architecture in VariaMos). Because both conditions were
measured at execution time on the same participant, this cohort provides the prospective,
paired evidence of the study.

Across both cohorts, the three indicators move in the same direction: design time (M1)
and documentation workload (M2) drop by roughly half in the “after’ condition, while
description completeness (M3) increases for practitioners and interns. The consistency of
this pattern across retrospective and prospective cohorts strengthens the plausibility that
the reduction in effort and the improvement in documentation completeness are associated
with the use of the architecture in VariaMos rather than with a single measurement setting.
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Table 22. Before/after results for the cohort of enterprise interns (prospective).
Code Dimension Unit No. of Before AVG  After AVG  Change (%) SD Before SD After
Answers
M1 Design time Minutes 14 75.85 4428 —41.61 86.60 37.66
M2 Documentation workload =~ Minutes 14 79.42 47.92 —39.65 74.68 33.15
D
M3 Description completeness  Documented 5 14 80.61 91.83 +13.92 1545 9.23
Applicable

5. Discussion

This work addresses a recurrent and practical engineering problem: the absence of
a formalized reference architecture—in this case, for data lake ingestion processes in a
consulting firm operating under governance constraints defined by BFSI-sector clients. The
proposal combines a feature model-based reference architecture with a variability manage-
ment mechanism implemented in VariaMos, and it was evaluated through a structured
survey administered to two cohorts (15 enterprise practitioners and 14 engineering interns)
directly or analogously involved in the ingestion processes that the architecture seeks to
formalize, complemented by a before/after task-based comparison.

The systematic mapping provided academic grounding for a domain that, despite its
industrial relevance, has received limited attention in the literature. Only seven papers
focusing specifically on data lake ingestion were identified as architecturally relevant, and
none proposed a variability-oriented representation that explicitly distinguished elements
of the ingestion process. This gap is not trivial: the absence of such a representation means
that commonalities and variabilities across ingestion initiatives remain implicit, which
hinders reuse, documentation, training, and systematic decision-making. The proposed
FM addresses this gap by making the variability space explicit and manageable through a
supporting tool.

For the enterprise cohort, the architecture achieved an individual average usability
score of 76 and an individual average quality score of 85.71; the intern cohort yielded
individual averages of 70.18 for usability and 74.74 for quality; and the global condensed
view over the 29 respondents yielded 73.19 for usability and 80.42 for quality. Under
Bangor’s adjective rating scale, these values position the proposal in the “acceptable’ range
and reach the self-imposed minimum threshold of ‘marginal high’. The quality result in
particular suggests that practitioners perceive the architecture as directly applicable to their
work. Notably, within the enterprise cohort, no role group scored below 69 on usability or
below 81 on quality, indicating consistency across profiles with different levels of technical
exposure; the intern cohort scored somewhat lower, which is consistent with their junior,
supervised profile.

The open-ended feedback and the feedback meeting reinforced these quantitative
signals. Respondents rapidly connected the architectural representation with scenarios
that they had previously addressed in an unstructured manner, and several identified
extension directions that suggested that the proposal was understood not as a closed
artifact but as an evolving framework. The two SUS items whose scores were concen-
trated around the midpoint—those related to the need for technical support and prior
technical knowledge—were clarified in the feedback meeting as concerns about opera-
tionalization rather than comprehension, a distinction that is relevant for the architecture’s
future development.

The evaluation was conducted within the organization where the architecture was
developed, which introduced potential bias because the respondents knew that the archi-
tecture had been developed by a colleague; however, two factors attenuate this concern in
the present case. The survey was anonymous, and the respondents had no prior familiarity
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with the architecture or with the concept of variability management as applied to their
work. The architecture was specifically designed to address a problem that the respondents
experienced but had no formal representation for. The architecture was presented to them
for the first time at the communication session immediately preceding the survey.

Another concern is related to external validity, because the evaluation was conducted
in a single firm, operating in a specific sector and national context. The results are there-
fore valid as evidence of acceptance and perceived utility within this context. This is
an acknowledged limitation of DSR evaluations at this stage of the research cycle, and
external replication with practitioners from comparable firms remains an explicit direction
for future work.

More specifically, the enterprise evaluation was based on 15 questionnaires, corre-
sponding to 60% of the surveyed firm’s staff, complemented by 14 interns, and all responses
originated from a single Chilean consulting firm. No cross-firm, cross-regional, or cross-
industry comparisons are available at this stage, so the conclusions cannot be claimed to
be externally generalizable. To address this, an extended validation plan has been defined
as future work, involving additional enterprises in the same domain and the collection of
cross-organizational comparative data, including a BFSI versus non-BFSI comparison.

Beyond the perception-based instruments, a before/after comparison against the previ-
ous ad hoc workflow was carried out to obtain task-based evidence (Sections 3.3.6 and 4.3.6).
Each participant completed one ingestion case without the architecture and an equiva-
lent case with the architecture in VariaMos, and the indicators in Table 5 were recorded
in both conditions. Two observations temper the analysis. First, the effort indicators
(M1, M2) exhibit large dispersion in the ‘before” condition (e.g., SD = 121.73 for M1 in the
practitioner cohort), consistent with the heterogeneity of ad hoc practice, so the reported
averages should be read as indicative of a trend rather than as precise effect sizes. Second,
the practitioner ‘before” values were recovered and systematized retrospectively, whereas
the intern values were measured prospectively under paired conditions; the agreement
between both cohorts is therefore reassuring. A fully controlled, prospective replication
within the enterprise remains desirable, and the ablation and multi-firm plans described
below are intended to consolidate this evidence.

From a practical standpoint, the proposal demonstrated immediate applicability. After
the evaluation, the architecture began to be used to represent selected ingestion cases
within the organization, suggesting that knowledge transfer occurred at a sufficient level
for independent adoption.

The FM-based representation, implemented in VariaMos, also demonstrated that
variability management tooling can be introduced in an industrial data engineering context
without requiring prior expertise in software product line engineering, provided that the
notation is accompanied by adequate documentation and communication. This connection
between architectural choices and resource efficiency is consistent with recent evidence in
event-driven data orchestration: comparing a parallel-consumer against a unified-consumer
architecture for high-volume real-time ingestion, ref. [51] report substantially lower CPU
and memory consumption for the unified variant at near-equivalent throughput. Such
results reinforce the motivation for making ingestion variability explicit and analyzable, so
that configuration decisions with a measurable operational impact can be reasoned about
systematically rather than left implicit.

From a research standpoint, the work contributes evidence that feature models are a
viable and well-received mechanism for representing variability in data ingestion archi-
tectures, extending prior applications of FM-based representations in adjacent big data
domains. The industrial validation, while limited in scope, provides a grounded starting
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point for more controlled evaluations that could include task-based measures, external
populations, or comparative conditions against alternative representations.

The flexibility of the FM-based approach also supports future evolution as new tech-
nologies emerge or constraints change; the model can be updated incrementally without
redesigning the architecture from scratch. This property, which is inherent to the FM
formalism, is particularly relevant in a domain characterized by rapid technological change
and heterogeneous client requirements.

6. Conclusions

This work proposed and evaluated a feature model-based reference architecture for
data lake ingestion processes, developed in response to a practical and recurrent engineer-
ing problem identified in a consulting firm operating in the BFSI sector. The absence of a
formalized ingestion process, combined with the implicit and unmanaged variability across
ingestion initiatives, motivated the design of an artifact intended to support engineering
teams in communication, documentation, training, and solution definition.

The systematic mapping established that data ingestion in the data lake context has
received limited academic attention relative to its industrial relevance and that no prior
work has proposed a variability-oriented representation explicitly distinguishing between
mandatory, optional, and alternative elements at the level of granularity required for
practical configuration. This gap provided the scientific motivation for the proposed FM,
whose elements (type, source, collector, integrator, ETL, data processing, intermediate
storage, and final storage) were derived from and traceable to the reviewed literature and
validated against industrial practice.

The evaluation produced usability and quality scores that exceeded the self-imposed
acceptance threshold under Bangor’s adjective rating scale, with consistency across re-
spondent profiles ranging from management to junior developers. The immediate post-
evaluation adoption of the architecture for representing active ingestion cases within the
organization provides additional evidence of practical utility beyond the survey responses.

Four directions are identified for future work: (i) external replication with practitioners
from comparable firms is required to assess the generalizability of the results beyond the
current organizational context; (ii) the formalization of cross-tree constraints within the
FM, particularly those derived from governance and BFSI-sector regulatory requirements,
would strengthen the model’s analytical capabilities and allow the automatic detection of
invalid configurations; (iii) the integration of the FM with code generation or documentation
automation mechanisms, building on VariaMos’s modeling capabilities, represents a natural
extension toward reducing the manual effort currently required to translate architectural
decisions into implementation artifacts; and (iv) an ablation study is planned to isolate the
contributions of each component of the proposal by comparing three groups: (1) plain-text
documentation without FM modeling, (2) FM modeling without automated tooling support,
and (3) the complete integrated solution combining FM modeling with VariaMos tool
support, analyzing differences in questionnaire feedback and engineering metrics across
the three groups.

The proposal demonstrates that feature model-based variability management—a
technique established in software product line engineering—can be successfully transferred
to the data engineering domain with measurable acceptance and immediate practical
uptake, even in the absence of prior familiarity with the underlying formalism among the
target practitioners.
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OVM Orthogonal Variability Model

RDBMS  Relational Database Management System
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Appendix A. Detailed Outputs of the AI-Assisted Literature Exploration

This appendix reports the detailed outputs of the exploratory study on Al-based
research support tools summarized in Section 4.1.3. For reproducibility, the exploration was
conducted as follows: the prompt submitted to every tool was exactly the research question
RQ9, "How is software variability addressed in the data domain?’, with no additional in-
structions; all four tools (Asta, Anara, Consensus, and Elicit) were used in their free versions
through their public web interfaces; the steps reported by each tool, the references retrieved,
and the key ideas produced were recorded and analyzed as presented below; and the
references cited by the tools were manually verified by the authors before being considered
in the analysis. To minimize redundancy, the main text reports only the cross-tool synthesis
pertinent to RQ9. This appendix preserves tool-specific search traces, intermediate outputs,
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and extracted key ideas exclusively to ensure methodological transparency, reproducibility,
and auditability. These materials are provided for documentation purposes and are not
construed as independent evidentiary support for the architectural claims.

Appendix A.1. Asta

On its landing page, Asta offers three options: ‘Find papers’, for conducting a broader
search for documents; ‘Analyze data’, for uploading datasets and querying them; and,
finally, the ‘Generate a report’ section, which we used because it is based on submitting a
research question.

The application describes several steps, with the tasks detailed in Table A1.

Table A1l. Steps performed by Asta.

Step

Tasks Reported by the Tool

Understanding
the request

Reformulated query: ‘Software variability in the data domain’
Keyword search query: ‘Software variability data domain’
Search filters applied: fieldsOfStudy: Computer Science

Searching the scientific
literature at scale

Retrieving relevant passages from a corpus of 12 M+ open-access papers
Retrieved 249 highly relevant passages

Retrieved 14 more papers from Semantic Scholar abstracts using keyword search
Further rerank and aggregate passages to focus on up to top 50 papers

Found 36 highly relevant papers after reranking and aggregating

Synthesizing an answer outline based on extracted quotes

Extracting salient key statements from papers

Synthesizing a
structured answer

Start generating each section in the answer outline:

- Background: software variability and SPL concepts in the data domain

Variability modeling techniques used for data artifacts

— Database schema and data warehouse realization of variability

- Lifecycle support, tooling, and benefits/challenges

Iteratively generating section 1 of 4: background

Iteratively generating section 2 of 4: variability modeling techniques

Iteratively generating section 3 of 4: database schema and data warehouse realization
Iteratively generating section 4 of 4: lifecycle support, tooling, and benefits/challenges
Generating comparison tables

The tool then generates a report that can be viewed online and downloaded as a PDF,
containing structured text that addresses the research question. After review, the following
key ideas are identified, as presented in Table A2.

Table A2. Key ideas on how software variability is addressed in the data domain according to Asta.

Key Idea

Description

Data as a first-class
variability artifact

The domain model must address three aspects of the product domain: the software
itself, the data, and the users. Data artifacts such as schemas, warehouses, and
transformations are explicit targets of variability management, rather than fixed
inputs to the system [52,53].

Feature modeling as the
primary technique

The predominant technique for representing variability in data artifacts is feature
modeling. Schema options, warehouse structures, and user-specific data requirements
are captured as selectable features classified as mandatory, optional, or alternative,
instead of being hard-coded into a single fixed design. Feature models also support
scoping, planning, variant derivation, configuration, and maintenance [54-57].
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Table A2. Cont.

Key Idea

Description

Orthogonal variability model
(OVM)

When variability information must be related to multiple artifacts simultaneously,
such as conceptual models, schemas, mappings, and generated views, it can be
maintained in a separate orthogonal variability model rather than integrated directly
into each individual artifact [58,59].

Presence conditions for
fine-grained control

Inputs, outputs, and intermediate values can be annotated with propositional
formulas over features, known as presence conditions. In the data domain, this
mechanism specifies precisely when a given table, attribute, transformation, or
derived result is present in a particular product variant [60].

Multi-level schema
realization via MDE

Variability is implemented across schema levels in a staged fashion:

e  First modeled in the conceptual schema during domain engineering

®  Then transformed into a logical relational schema

¢  Finally reflected in the physical database through configuration
Model-driven engineering (MDE) enables automation of transformations between
levels [61,62].

Varial BD: parameterization
and control tables

VariaLBD introduces class stereotypes to distinguish variability in classes

and attributes:

e «normaly: standard classes

®  <type»: generate parameterization tables that drive which schema parts are
active for a given variant

® <«administrators: coordinate parameterization tables [63].

Metadata-driven derivation
and code generation

Relational databases maintain meta-tables describing their stored structures. These
meta-tables can be queried automatically to define SPL variability, while
domain-specific languages capture the remaining variation. Code generators then
analyze both the metadata and the specifications to configure the target product
without manual editing of each variant [64].

Three-level
variability coverage

Existing approaches have been criticized for addressing variability only at the logical
level. A more complete treatment requires coverage across three meta-levels:

*  Business domain (conceptual model)

e Application family (logical model)

e  Specific application (physical level)

It is also necessary to enrich feature modeling formalisms with notions such as
versions, revisions, and integrity constraints [65].

Lifecycle support: tooling
and organizational
infrastructure

Effective management of variability in the data domain requires a supporting

environment beyond the technical models:

®  Storage module for variability assets and import/export functions

¢  Middleware integration with domain analysis and requirement tools

¢ Organizational processes to maintain quality and enable communication across
analysts, developers, and business-facing stakeholders [66].

Extension to data
visualization and
computational notebooks

The principles of SPL variability management are sufficiently general to apply beyond
database schemas:
*  Data visualization: feature models guide the selection of visual
configurations [67]
¢  Computational notebooks: capturing multiple dimensions of variation to
support reuse and customization [68]

Appendix A.2. Anara

On its landing page, the Anara tool prominently features elements related to working

with and interacting with files, such as a file management library and a chat feature for

interacting with them. Using the ‘Create Agent’ option, the research question is submitted.

The tool then states that it performs the following steps described in Table A3.
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Table A3. Steps performed by Anara.

Step Reasoning Stated by the Tool
The user is asking about how software variability is addressed in the data domain. This is a
Thought research /academic question about software variability management, specifically in the data

domain. Let me search the web and academic papers for relevant information.

Iterations of searching
web—read—thought

The tool repeatedly searches for documents online, reads them, and determines whether
they provide a sufficient answer. This is particularly notable because, starting with an initial
search that yielded only two papers from open repositories, it began to expand and refine
the search to include more documents from formal academic sources such as journals.

Thought The tool states that it has the elements necessary to answer the research question.

The tool then generates a report that can be viewed online and downloaded as a LaTeX
document, containing structured text that addresses the research question. After review,
the following key ideas are identified, as presented in Table A4.

Table A4. Key ideas in software variability for data management according to Anara.
Key Idea Description
Schema elements and tuples are annotated with feature expressions acting as presence
) conditions, so that attributes and relations are only instantiated in configurations where the
Annotative Approach  orresponding feature is active. Queries are expressed in Variational Relational Algebra
(VDBMS) (VRA), which includes a static type system to prevent ill-formed queries across
variants [69,70].
Schema elements are stored in separate modules per feature and composed at derivation
time. Delta modeling extends this by defining a core data model shared across all products
Compositional and a set of delta modules that specify
Approach (Physical e Additions conditioned on feature selections
Decomposition and *  Removals conditioned on feature selections
Delta Modeling) e Modifications conditioned on feature selections

In multi-product line (MPL) settings, delta-oriented integration resolves structural and
naming conflicts during schema merge [70,71].

Model-Driven
Engineering
(VariaLBD)

Variability is propagated across all abstraction levels of the database:

*  Conceptual: UML class diagrams with variability stereotypes

* Logical: parameterized relational schemas

®  Physical: DDL script generation per variant

The primary advantage is continuous evolution: changes at the conceptual level are
systematically propagated downward, keeping the schema and code artifacts
synchronized [62,63].

Adapter-Based
Approach (ADMYV)

Rather than exposing the full variable data model to all system components, adapters are
generated to hide superfluous data elements from each component. This decoupling is
particularly valuable in SPLs that must integrate with heterogeneous external systems or
devices, each requiring a distinct subset of the data model [72].

Appendix A.3. Consensus

The tool on the landing page of Consensus is immediately visible and features a chat
box for research inquiries. It allows users to specify whether they wish to work with a
general-knowledge base or a medical specialty database. It also allows users to perform an
in-depth search.

The application describes the following steps, with the tasks detailed in Table A5.
These steps focus primarily on research topics and the number of papers identified. At
the start of the search, the tool indicates a pool of 438 million papers, narrowed down to
1500 eligible papers, with 50 of these included in the generation of its response.
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Table A5. Search queries on software variability in the data domain performed by Consensus.

Step Search Search Space
Initial query How is software variability addressed in the data domain? 30.5M
Dlscove.r additional papers .b.y following citation Graph 50 seeds 13K
connections between the initial results
Identify core theories, definitions, and early * Foundational theories of software variability in data modeling 23.4M
frameworks for software variability and its * Core frameworks for managing data variability in software product lines 108 M
relation to data ¢ Definitions and conceptual models of software variability and data 217 M
Focus on approaches, models, and techniques ® Varijability management in data models and data integration 361 M
specifically addressing variability in data models, ~ ® Approaches for handling data variability in software product lines 181M
data integration, and data-intensive systems e Variability in data-intensive systems and data modeling 38.4 M
Explore alternative terms such as ‘data ¢ Data heterogeneity management in software product lines 2 5M
heterogeneity’, ‘schema variability’, ‘datamodel ~ ® Schema variability and evolution in data-intensive software systems 124 M
evolution’, and ‘data integration variability’ e Data integration variability in software engineering 31.5M
* Challenges and limitations of data variability management in software
Seck g o chall product lines 16.2M
l.ee. " Otl.lt papel; l.S’[.CuSSII’Ing iregtg?, roach ¢ Critiques of current approaches to modeling data variability in
imitations, and critiques of current approaches software systems 182 M
to managing software variability in the
data domain * Barriers to effective data variability handling in software engineering 13M
¢ Pitfalls and unresolved issues in data domain variability management 74M
Include interdisciplinary perspectives from * Managing data variability in database engineering 30.6 M
database engineering, information systems, and ~ * Variability handling in information systems and data integration 29.4 M
data science on managing variability * Approaches to data heterogeneity and schema evolution in data science 17.7 M
Investigate empirical studies and tool e Empirical evaluation of tools for data variability management in software
evaluations for managing data product lines 98M
variability in software product lines and * Case studies of data variability tools in data-intensive systems 35M
data-intensive systems ¢ Tool support for managing data model variability in software engineering 153 M

The tool then generates a report that can be viewed online and downloaded as a PDF,
containing structured text that addresses the research question, as well as a variety of
additional resources that enrich the analysis of the response, such as comparative tables,
bibliometric data, and the methodology used, among others.

After the review of the report, the key ideas identified are as presented in Table A6.

Table A6. Key ideas on software variability in data lake ingestion according to Consensus.

Key Idea Description

Data lake ingestion systems must simultaneously address schema changes, source
heterogeneity, diverse ingestion modes, and evolving quality and governance
requirements, constituting an interrelated set of challenges rather than a single
problem [73-76].

Multidimensional variability

Ingestion pipelines are decomposed into pluggable stages:
¢  Connectors
e  Parsers
Modular adaptive architectures : Transformers
Quality checks
e  Storage
This enables reconfiguration for new sources or schemas without rewriting the

core logic [73,75-78].
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Table Aé6. Cont.

Key Idea

Description

Metadata-driven design

Pipeline behavior is governed by the external configuration rather than
hard-coded logic, allowing

¢ Full versus incremental load switching

®  Schema updates

e Source additions with minimal intervention [74,78-81].

Variability-specific mechanisms

Each variability type is addressed by a dedicated mechanism:

*  Unified connectors abstract source and protocol heterogeneity [79,82]

¢  Format-specific parsers handle schema and format diversity [73,83]

¢  Unified frameworks support both batch and streaming modes [74,84]

®  Schema inference, versioning, and validation manage schema evolution [4,85]

Metadata as automation backbone

Pipelines consume physical, domain-independent, and domain-specific metadata
to automatically parse, homogenize, and route data across zones, supporting FAIR
and traceable data management without code modification [4,74,75,79].

Zoned architectures

Layered zone patterns isolate variability at each processing stage:

¢ Raw zone

*  Formatted zone

¢  Exploitation zone

This maintains multiple refined copies tailored to distinct use cases and
downstream needs [4,75].

ML-enhanced adaptivity

Machine learning feedback loops complement static rule-based configurations by
dynamically adapting pipeline behavior to

¢  Shifting data loads

. Emergent data characteristics [73,77,80,84,86].

Externalization of variability

The unifying principle across approaches is the externalization of variability,
encoded in metadata and configuration patterns:
*  Source diversity
Schema evolution
®  Quality rules
®  Orchestration logic
This enables pipelines to be adapted and reused rather than being rebuilt for each
new source or change [74-76,78,81].

Appendix A.4. Elicit

The tool on the landing page of Elicit is immediately visible and features a chat box for

research inquiries. Among the main free options are ‘Find Papers’, ‘Chat with Papers’, ‘Report’,

and ‘Research Agent’, which is the option used to provide the research question to answer.

The tool outlines the steps described in Table A7 for reasoning through the answer.

Table A7. Reasoning steps performed by Elicit.

Step

Reasoning Stated by the Tool

Run analysis

e  Software variability data domain product line engineering variable data model
schemas—Academic - Max 10

*  Data variability in software product line feature model schema
variability—Academic - Max 10

®  Variability management data domain software product line—Academic - Max 10

*  Software data variability clone variability configurable data models—Academic -
Max 10

Sources considered: software variability ~ Searching for papers on how variability is represented and managed in data-centric

in the data domain

software domains, out of 40 papers reviewed
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The tool then generates a report that can be viewed online, saved in a library, or
downloaded in MarkDown. The bibliography used in the analysis can be downloaded in
various formats as well. The analysis performed by Elicit stated the key ideas presented
in Table AS.

Table A8. Key ideas on data variability management in software product lines.

Key Idea

Description

Data variability as a schema
and data model problem

Data variability in software product lines (SPLs) has been addressed primarily as a
problem of schema and data model design, rather than as a unified technique. The
data dimension has received comparatively less attention than requirements,
architecture, or code variability [87].

Explicit linking of feature
variability to data models

Feature models are extended with explicit links to data models—for example,

through persistency features—enabling

*  Derivation of variable data models

e  Traceability between feature variability and data variability via
annotations [88].

Delta-oriented and incremental
schema derivation

A prominent implementation strategy involves applying incremental or delta-based
changes to a core data model in order to generate product-specific schemas for each
variant in the product line [89,90].

Model-driven approaches support the derivation and validation of data models

Model-driven transformations  across multiple views, ensuring consistency between

and consistency checking

*  Variability specifications
¢  Their corresponding data-level representations [88].

Variational database systems

Variational database systems make schema and query variation explicit within a
single unified representation, enabling

*  Multiple database variants to be managed simultaneously

¢  Elimination of redundant artefacts [91].

Adapter generation and

data integration

Some approaches generate adapters to decouple external systems from superfluous
data elements, thereby preserving

*  Maintainability of the product line’s data layer

e  Evolvability of the product line’s data layer [72].

General pattern: explicit
variability, feature linkage,
and schema derivation

The overarching pattern across the literature is to

*  Represent variability explicitly

*  Connect it to feature or configuration choices

*  Derive or adapt the concrete schema or data structure for each product
variant [72,87-91].

Appendix A.5. An Overview of the Use of Al-Based Research Tools

The four Al-based tools used in this section, Asta, Anara, Consensus, and Elicit,
all demonstrated the capacity to retrieve academically relevant material and produce
structured responses to the posed research question. Despite addressing the same query,
the tools exhibited notable differences in their search strategies, the depth of the concepts
identified, and the formats in which the results were delivered.

Asta and Consensus operated primarily through large-scale corpus retrieval and
multi-pass ranking, while Anara adopted an iterative web reading approach, progressively
expanding its source pool. Elicit, in contrast, focused on a smaller curated set of academic
papers and emphasized reasoning transparency.

These differences are not merely procedural; they translate into substantive diver-
gences in the conceptual landscape that each tool constructs. From the perspective of the
research question itself, the results confirm that software variability in the data domain
is a recognized concern, addressed through a range of techniques derived from software
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product line engineering. Feature modeling emerges as the most widely reported represen-
tational mechanism, employed to capture mandatory, optional, and alternative elements of
data schemas, warehouse structures, and ingestion pipelines. This aligns with the archi-
tectural foundation adopted in the present work, where the feature model serves as the
primary notation for representing ingestion variability.

However, the integration of formal variability management tools, such as VariaMos,
within data-intensive engineering contexts remains largely underexplored in the reviewed
material, indicating a gap that the present proposal contributes to addressing.

Regarding the utility of Al-based tools for supporting academic research, the experi-
ence documented here suggests both positive and negative perspectives.

On the positive side, all four tools accelerated the initial literature exploration, surfaced
relevant works beyond the scope of manual database searches, and produced organized
summaries that served as useful starting points for deeper analysis. The transparency
mechanisms offered by most tools, detailing search queries, paper counts, and reasoning
steps, are a notable improvement over opaque retrieval systems and facilitate a critical
assessment of the generated content.

On the other hand, the evaluated tools are not exempt from limitations inherent to
current Al-assisted research systems: the inability to guarantee coverage of paywalled litera-
ture, the risk of hallucinated or misattributed references, and the absence of methodological
rigor comparable to a formal systematic review.
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