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Abstract—Intervention evaluation frequently relies on fixed
analytical workflows that provide limited support for methodolog-
ical adaptability, reproducibility, and systematic management of
analytical variability. This study proposes a Feature Model-based
configurable framework that represents data preparation, feature
construction, statistical inference, robustness validation, and
decision-support generation as interdependent analytical features.
Mandatory, optional, alternative, and dependency-constrained
decisions are modeled explicitly, enabling the systematic generation,
validation, and diagnosis of reproducible analytical configurations.
The framework was instantiated in a managerial capability
development intervention involving micro-enterprises. Across the
strategic, financial, and operational capability dimensions, the
generated pipelines identified statistically significant improvements
with Cohen’s d values ranging from 0.48 to 0.65. The direction
and inferential interpretation of the intervention effects remained
stable across the admissible preprocessing, imputation, and
testing configurations evaluated in the case study. Because the
empirical assessment uses a single dataset from one application
domain, the findings establish technical feasibility and within-
case robustness rather than cross-domain generalizability. The
study contributes a variability-aware analytical architecture and
an open-source Python-based engine integrating Feature Model
reasoning, configuration validation, and Parallel FastDiag-based
conflict diagnosis, thereby supporting transparent, inspectable,
and adaptable intervention-evaluation workflows.

Keywords—Feature models; variability management; config-
urable systems; reproducible analytics; decision support systems;
intervention evaluation

I. INTRODUCTION

Intervention evaluation has become an essential activity in
domains such as education, healthcare, organizational devel-
opment, public policy, and sustainability management, where
evidence-based decision making increasingly depends on the
systematic analysis of complex and heterogeneous datasets [1]–
[3]. As organizations generate larger volumes of information
and rely more heavily on analytical evidence to support
strategic and operational decisions, evaluation processes have
evolved from isolated statistical procedures toward integrated
computational environments that combine data preparation,
analytical reasoning, validation, and decision support [4], [5].

Recent advances in data analytics, machine learning
pipelines, and scientific workflow technologies have signifi-
cantly improved the automation and reproducibility of analytical
processes [6]–[9]. Modern analytical environments increasingly
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rely on structured pipelines capable of organizing data acquisi-
tion, preprocessing, feature engineering, statistical inference,
visualization, and reporting into repeatable execution stages.
Such approaches contribute to transparency, traceability, and
reproducibility while reducing manual effort and facilitating the
replication of empirical studies [10]–[12]. Nevertheless, many
existing pipeline-based solutions remain centered on predefined
analytical workflows and provide limited support for repre-
senting alternative methodological strategies or systematically
managing dependencies among analytical decisions [13].

This limitation is particularly relevant in intervention
evaluation scenarios. Analysts frequently face alternative de-
cisions regarding data preprocessing strategies, missing-value
treatment, feature construction procedures, statistical testing
methods, robustness assessment techniques, and reporting
mechanisms. These methodological choices can significantly
influence analytical outcomes and subsequent recommendations
for decision makers [14]–[16]. In practice, many of these
decisions remain embedded within scripts, spreadsheets, or
procedural artifacts rather than being represented explicitly as
configurable elements. Consequently, analytical reproducibility,
methodological traceability, and systematic comparison of
alternative evaluation strategies become difficult to achieve
[13], [17].

Research in configurable systems engineering provides
promising mechanisms for addressing these challenges. Vari-
ability management has been extensively adopted in software-
intensive systems to represent optional functionalities, alter-
native configurations, dependency constraints, and adapta-
tion mechanisms [18]–[20]. Among the available variability-
modeling approaches, Feature Models have emerged as one
of the most widely used mechanisms for representing and
reasoning about configuration spaces through mandatory, op-
tional, alternative, and dependency-aware features [18], [20]–
[22]. Their successful application has been reported in software
product lines, adaptive systems, configurable services, testing
environments, and machine learning ecosystems [23]–[26].

Feature Models provide not only a compact representation of
configuration alternatives but also a formal basis for validating
consistency constraints and automatically generating valid con-
figurations. Recent studies have demonstrated their effectiveness
for supporting automated reasoning, configuration validation,
performance assessment, and variability-aware system design
[24], [27], [28]. Furthermore, advances in automated analysis
techniques have considerably expanded the practical applicabil-
ity of Feature Models in complex decision-support scenarios
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[18], [20]. Despite these developments, their application within
analytical evaluation environments remains limited.

Existing research primarily focuses on software prod-
uct lines, configurable platforms, adaptive systems, testing
strategies, and machine learning configuration problems [19],
[23], [24]. Comparatively little attention has been devoted
to representing methodological variability within intervention
evaluation processes. As a result, alternative analytical strategies
are rarely modeled explicitly, analytical dependencies are
seldom validated automatically, and reproducible generation
of alternative evaluation configurations remains largely unsup-
ported.

To address this research gap, this study proposes a Fea-
ture Model-based configurable framework for reproducible
intervention evaluation. The proposed approach conceptualizes
evaluation as a configurable analytical system composed of
interconnected components responsible for data preparation,
feature construction, statistical inference, robustness validation,
and decision-support generation. Analytical variability is repre-
sented explicitly through Feature Models, enabling systematic
generation and validation of alternative evaluation config-
urations while preserving methodological consistency. The
proposed architecture integrates principles from configurable
systems engineering, variability management, and reproducible
analytical pipelines into a unified evaluation framework [12],
[18], [20], [23].

The framework is evaluated through a real intervention
scenario focused on managerial capability development among
micro-enterprises. Different analytical configurations are instan-
tiated and executed under alternative methodological assump-
tions to examine reproducibility, robustness, and consistency
within the selected case. The obtained results show that the
proposed framework can generate valid analytical pipelines,
support reproducible execution, and maintain stable conclusions
across the analytical configurations considered. Cross-domain
generalizability is not claimed from this single-case validation
and requires independent replication in additional settings.

In addition, a Python-based analysis engine was developed
to operationalize the proposed framework. The engine imple-
ments Feature Model reasoning services, analytical configura-
tion validation, and conflict diagnosis through an integration
with a Parallel FastDiag-based diagnosis mechanism [29],
[30]. This implementation provides a reproducible software
infrastructure that can be reused for variability- aware analytical
evaluation scenarios.

The main contributions of this work are summarized as
follows:

• A configurable analytical architecture that reformulates
intervention evaluation as a variability-aware systems-
engineering problem.

• A Feature Model-based mechanism for representing
analytical variability, methodological dependencies, and
valid evaluation configurations.

• An empirical validation demonstrating the applicability
of the proposed framework for reproducible and robust
intervention assessment.

• An open-source software prototype that provides repro-
ducible infrastructure for Feature Model reasoning, con-
figuration validation, and conflict diagnosis in variability-
aware analytical environments.

The remainder of this study is organized as follows.
Section II reviews the literature on reproducible analytics,
configurable systems, and Feature Model-based variability
management. Section III presents the proposed configurable
evaluation framework, including its architecture, analytical
pipeline, and variability representation mechanisms. Section IV
describes the experimental validation and reports the empiri-
cal results obtained under different analytical configurations.
Section V discusses the implications of the proposed approach
for reproducibility, robustness, scalability, and decision-support
systems. Finally, Section VI concludes the study and outlines
future research directions.

II. RELATED WORK

Research related to the proposed framework can be grouped
into three main areas: reproducible analytics, configurable
systems, and Feature Model-based variability management.

A. Reproducible Analytics and Analytical Pipelines

The increasing importance of evidence-based decision
making has motivated the development of analytical envi-
ronments capable of supporting transparent and reproducible
workflows. Modern data pipelines organize activities such as
preprocessing, feature engineering, statistical analysis, and
reporting into structured and repeatable execution stages [6],
[10], [12]. These approaches improve consistency and facilitate
the replication of empirical studies while reducing manual
intervention throughout the analytical process.

Recent research has also emphasized the importance of
workflow automation and configurable analytical infrastructures.
Hasan and Tausif [7] propose automated machine-learning
pipelines for enhanced data analytics, while Pulivarthy et al.
[11] discuss scalable data-pipeline architectures for real-time
analytical environments. Similarly, emerging scientific workflow
platforms increasingly support automated execution and repro-
ducible experimentation across heterogeneous computational
environments [8].

Despite these advances, most analytical pipelines remain im-
plemented through predefined execution sequences. Alternative
preprocessing strategies, statistical procedures, and validation
mechanisms are typically embedded within scripts or imple-
mentation artifacts rather than being represented explicitly as
configurable analytical decisions. Consequently, methodological
variability remains difficult to manage systematically [13].

B. Configurable Systems and Variability Management

Variability management constitutes a central research topic
in software engineering because it enables the systematic
representation and control of alternative system configurations.
Configurable systems have been successfully applied in software
product lines, adaptive applications, testing environments, and
configurable services [19], [31].

Several studies have demonstrated that variability-aware
approaches improve maintainability, adaptability, and reuse by

www.ijacsa.thesai.org 730 | P a g e



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 17, No. 8, 2026

car

cartype fuel pdc color skibag

s c p d y n b r g

Mandatory

Optional

Alternative

Or

Requires

Excludes

Non-selected Selected

Fig. 1. Feature model illustrating mandatory, optional, alternative (XOR),
OR-group, and dependency-based relationships in configurable systems.

Reproduced from [32].

explicitly capturing configuration alternatives and dependency
constraints [23], [25]. More recently, variability concepts have
been extended beyond traditional software products toward
machine-learning environments and configurable analytical plat-
forms. For example, Tavares et al. [24] employ Feature Models
to support machine-learning model selection, illustrating how
variability management can facilitate systematic exploration of
alternative analytical solutions.

Although configurable-system research provides mature
mechanisms for representing alternatives and validating con-
straints, relatively few studies have explored their application
within intervention evaluation processes. Most existing ap-
proaches focus on software configuration rather than method-
ological variability in analytical workflows.

C. Feature Models and Automated Analysis

Feature Models represent one of the most widely adopted
formalisms for variability representation. They provide mech-
anisms for describing mandatory, optional, alternative, and
dependency-related features within a configuration space [18],
[20]. In addition to compact variability representation, Feature
Models support automated reasoning tasks such as consistency
verification, valid configuration generation, dependency analy-
sis, and optimization [20], [27].

Fig. 1 illustrates a simplified Feature Model. The root feature
represents the configurable system, while child features describe
variability through mandatory, optional, alternative, and OR-
group relations. Cross-tree constraints such as requires and
excludes capture dependencies among features and support
automated reasoning during configuration generation.

The importance of Feature Model analysis has been demon-
strated in multiple application domains. Galindo et al. [18]
review automated Feature Model analysis techniques, while
Vidal-Silva et al. [21], [22] analyze product configuration
mechanisms and automated reasoning approaches for variability-
intensive systems. Recent work continues extending Feature
Model applications toward adaptive systems, machine-learning
configuration, and performance assessment [24], [28].

Despite the maturity of Feature Model research, their

application to evaluation frameworks remains largely unex-
plored. Existing studies primarily address software products,
configurable platforms, and engineering systems, leaving a gap
regarding the representation and management of methodological
variability in intervention evaluation environments.

D. Research Gap

The literature demonstrates substantial progress in repro-
ducible analytics, configurable systems, and Feature Model-
based variability management. However, these research streams
remain largely isolated. Analytical evaluation frameworks
typically provide reproducible execution but limited support for
formal variability management, whereas configurable-system
approaches focus on software products rather than analytical
workflows.

Based on the reviewed literature, no integrated framework
was identified that represents intervention evaluation as a
configurable analytical system whose preprocessing strategies,
analytical methods, robustness procedures, and decision-support
mechanisms can be modeled, validated, and instantiated through
Feature Models. This gap motivates the configurable evaluation
framework proposed in this work.

III. PROPOSED CONFIGURABLE EVALUATION
FRAMEWORK

This section presents the proposed Feature Model-based
configurable framework for reproducible intervention eval-
uation. The framework conceptualizes analytical evaluation
as a configurable system whose components, methodological
decisions, and validation mechanisms can be represented
explicitly through variability models. Rather than relying on
fixed analytical workflows, the proposed approach enables the
systematic generation and validation of alternative analytical
configurations while preserving methodological consistency and
reproducibility.

The framework integrates concepts from configurable sys-
tems engineering, variability management, and reproducible
analytics [18]–[20]. Analytical decisions are modeled as con-
figurable features connected through dependency constraints,
allowing valid evaluation pipelines to be generated automati-
cally from a shared variability representation.

A. System Architecture

The proposed architecture is organized into five intercon-
nected layers, as illustrated in Fig. 2. The first layer is respon-
sible for data acquisition and integration from heterogeneous
sources. The second layer performs preprocessing activities such
as data cleaning, normalization, transformation, and missing-
value handling. The third layer executes analytical procedures
including feature construction, statistical analysis, and inter-
vention assessment. The fourth layer performs robustness and
validation activities, while the fifth layer generates decision-
support outputs for analysts and stakeholders.

This layered architecture separates analytical concerns while
allowing different methodological alternatives to be instantiated
according to specific evaluation requirements. As a result,
evaluation workflows can be adapted without modifying the
underlying system structure.
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Layer 1: Data acquisition and integration
Heterogeneous intervention and contextual data sources

Layer 2: Data preparation
Cleaning, normalization, transformation, and missing-value handling

Layer 3: Analytical processing
Feature construction, statistical inference, and intervention assessment

Layer 4: Robustness and validation
Sensitivity analysis, alternative assumptions, and stability assessment

Layer 5: Decision support
Monitoring, adaptive intervention, reporting, and policy-oriented outputs

Fig. 2. Layered architecture of the proposed configurable evaluation
framework.

B. Configurable Analytical Pipeline

The analytical process is represented as a configurable
pipeline composed of sequential but variable stages. Each stage
may contain multiple implementation alternatives that can be
selected according to evaluation objectives, data characteristics,
or methodological preferences.

The pipeline includes five principal activities:

• Data preparation.

• Feature construction.

• Statistical analysis.

• Robustness validation.

• Decision-support generation.

Data preparation includes activities such as cleaning,
normalization, and treatment of missing values [14], [16].
Feature construction transforms raw variables into analytical
representations suitable for evaluation tasks. Statistical analysis
executes the selected analytical procedures, while robustness
validation evaluates the stability of obtained results under
alternative assumptions. Finally, decision-support generation
produces interpretable outputs that facilitate evidence-based
decision making.

Representing these activities as configurable elements allows
multiple evaluation strategies to be instantiated while preserving
analytical traceability and reproducibility.

C. Feature Model Representation

Variability within the evaluation process is represented
through a Feature Model. Feature Models provide a compact
mechanism for describing mandatory, optional, alternative, and
dependency-related features within a configuration space [18],
[20].

Fig. 3 illustrates the conceptual Feature Model adopted in
this work. The root feature represents the configurable evalu-
ation framework. From this root, variability is organized into
four major groups corresponding to preprocessing, analytical
methods, validation procedures, and reporting mechanisms.

TABLE I. FEATURE RELATIONSHIPS USED IN THE CONFIGURABLE
FRAMEWORK

Relationship Description

Mandatory Required in all configurations
Optional Included when necessary
Alternative Exactly one feature selected
Or-group One or more features selected
Requires Dependency constraint
Excludes Mutual exclusion constraint

Mandatory features define components that must appear
in every valid configuration, whereas optional features allow
adaptation to specific evaluation requirements. Alternative
groups represent mutually exclusive methodological choices,
while cross-tree constraints ensure that incompatible analytical
decisions cannot coexist within the same configuration.

Table I summarizes the principal variability relationships
used within the framework.

The resulting variability representation enables systematic
exploration of valid analytical configurations while ensuring
consistency among methodological decisions.

D. Configuration Reasoning

Once variability is represented through the Feature Model,
automated reasoning mechanisms can be applied to validate
configurations and generate admissible analytical pipelines [18],
[20].

Configuration reasoning begins by selecting the desired
analytical features. Dependency constraints are subsequently
evaluated to verify consistency. Invalid configurations are auto-
matically rejected, while valid configurations are transformed
into executable analytical pipelines.

Algorithm 1 summarizes the configuration generation pro-
cess.

Algorithm 1 Generation of Valid Analytical Configurations

1: Select candidate features
2: Validate mandatory features
3: Evaluate dependency constraints
4: Remove inconsistent selections
5: Generate valid configuration
6: Instantiate analytical pipeline
7: Execute evaluation workflow

The automated generation of valid configurations provides
three important advantages. First, it guarantees methodological
consistency through constraint validation. Second, it facilitates
reproducibility by explicitly documenting analytical decisions.
Third, it enables the systematic exploration of alternative
evaluation strategies without requiring manual reimplementation
of analytical workflows.

The resulting framework therefore combines variability-
aware system design with reproducible analytical execution,
providing a foundation for configurable intervention evaluation
environments.

www.ijacsa.thesai.org 732 | P a g e



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 17, No. 8, 2026

Configurable Eval.
Framework (Part 1)

Feature
Constr.

Stat.
Inference

Item
Scores

Capab.
Dims.

Comp.
Index

Pre–Post
Comp.

Param.
Tests

Non-param.
Tests

Effect
Size

Mult. Test
Corr.

Mandatory

Optional

Alternative (XOR)

Or

Requires

Excludes

Non-selected Selected

(a) Feature construction and statistical inference.

Configurable Eval.
Framework (Part 2)

Data
Prep.

Robust.
Validation

Decision
Support

Data
Acq.

Entity
Match.

Missing
Data

Case
Excl.

Neutral
Imput.

Sensitivity
Anal.

Alt.
Assump.

Stability
Assess.

Monitor.
Adaptive
Interv.

Policy
Optim.

Mandatory

Optional

Alternative (XOR)

Or

Requires

Excludes

Non-selected Selected
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Fig. 3. Feature Model representation of analytical variability in the proposed configurable evaluation framework. Vector PDF sources are used to preserve
legibility at publication scale.
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Fig. 4. Architecture of the automated variability-analysis engine integrating
Feature Model reasoning, configuration validation, and Parallel

FastDiag-based conflict diagnosis.

E. Automated Variability Analysis Engine

To operationalize the proposed configurable evaluation
framework, an automated variability-analysis engine was devel-
oped. The engine combines Feature Model reasoning, constraint
validation, configuration generation, and conflict diagnosis
services within a unified software architecture. Inspired by
the reasoning capabilities commonly available in Feature
Model analysis frameworks [18], [20], the proposed solution
implements equivalent services in Python and extends them
with diagnosis mechanisms based on Parallel FastDiag.

The objective of the engine is to transform variability models
into executable analytical pipelines while ensuring that all
generated configurations satisfy the dependency constraints
defined within the Feature Model. In addition, the engine
supports automated diagnosis of inconsistent configurations,
providing analysts with explanations and minimal corrective
actions whenever constraint violations are detected.

1) Engine architecture: Fig. 4 presents the architecture of
the proposed automated variability-analysis engine.

The architecture is organized into four principal compo-
nents. The first component corresponds to the Feature Model
repository, which stores the variability structure representing
analytical decisions and their relationships. The second compo-
nent implements reasoning services responsible for consistency
verification, constraint validation, and generation of valid config-
urations. The third component incorporates a Parallel FastDiag-
based diagnosis module capable of identifying minimal sets
of conflicting analytical decisions whenever inconsistencies
are detected. Finally, the fourth component transforms valid
configurations into executable analytical pipelines that can be
used during intervention evaluation.

This modular organization separates variability represen-
tation from execution logic, facilitating future extensions
and incorporation of additional analytical services without
modifying the underlying framework.

Feature Model
Constraints

Selected
Configuration

Consistent?

Valid
Configuration

Parallel
FastDiag

Minimal
Diagnosis

Configuration
Repair

Executable
Pipeline

Yes No

Fig. 5. Automated conflict-diagnosis workflow integrating feature model
validation and parallel fastdiag-based configuration repair.

2) Reasoning services: The reasoning layer provides the
core functionality required for automated analysis of analytical
Feature Models. Its primary responsibility is to determine
whether a selected set of analytical features constitutes a
valid configuration according to the structural and dependency
constraints defined in the variability model.

The implemented reasoning services include consistency
verification, validation of mandatory and optional features,
evaluation of alternative and OR-groups, dependency analysis,
and generation of admissible configurations. These services are
executed before pipeline instantiation to ensure that analytical
workflows satisfy all methodological requirements.

Cross-tree constraints are evaluated automatically through
logical reasoning procedures. Requires relationships guarantee
that dependent analytical components are activated together,
whereas excludes relationships prevent incompatible analytical
procedures from appearing in the same configuration.

The resulting reasoning process produces a set of valid
configurations that can be transformed into executable analytical
workflows while preserving methodological consistency and
reproducibility.

3) Parallel fastdiag-based conflict diagnosis: Although
consistency verification determines whether a configuration
satisfies all Feature Model constraints, it does not explain
the causes of an inconsistency. To address this limitation, the
proposed framework incorporates a Parallel FastDiag-based
diagnosis mechanism capable of identifying minimal sets of
conflicting analytical decisions.

Fig. 5 summarizes the diagnosis process executed when a
selected analytical configuration violates one or more depen-
dency constraints. The workflow combines automated validation,
conflict detection, diagnosis generation, and configuration repair
in order to restore consistency before pipeline execution.
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As illustrated in Fig. 5, every analytical configuration is
first validated against the constraints defined in the Feature
Model. Consistent configurations are transformed directly into
executable analytical pipelines. When a constraint violation is
detected, the configuration is submitted to the Parallel FastDiag
module, which computes a minimal diagnosis identifying
the smallest set of analytical decisions responsible for the
inconsistency.

The resulting diagnosis supports automated configuration
repair by indicating which features should be removed, mod-
ified, or complemented to restore consistency. This capa-
bility improves transparency because invalid configurations
are not merely rejected; instead, analysts receive actionable
explanations and corrective recommendations that facilitate
reproducible analytical evaluation.

4) Implementation availability: The automated variability-
analysis engine was implemented in Python to support Fea-
ture Model reasoning, configuration validation, and conflict
diagnosis. The current implementation extends an existing
open-source Parallel FastDiag framework for model-based
diagnosis [30] and incorporates additional services for an-
alytical configuration management. The current prototype
extends an existing Parallel FastDiag implementation and is
publicly available through the following GitHub repository:
https://github.com/cvidalmsu/A-Python-FD-implementation

The repository currently provides the diagnosis infras-
tructure used by the proposed framework and serves as the
foundation for the integration of Feature Model reasoning,
automated configuration generation, and analytical pipeline
management.

To facilitate reproducibility and future extensions, the
software prototype is publicly available through a GitHub
repository*. The repository currently provides the diagnosis
infrastructure used by the framework and serves as the foun-
dation for integrating Feature Model reasoning, automated
configuration generation, and analytical pipeline execution
capabilities. The repository serves as a living research artifact
that supports inspection of the diagnosis engine, replication
of experimental procedures, and future extensions of the
variability-analysis framework.

The implementation of the automated variability-analysis
engine combines variability modeling, reasoning services, and
diagnosis mechanisms within a unified Python-based software
infrastructure. Table II summarizes the principal implementation
characteristics of the current prototype. The architecture was
designed to facilitate extensibility, allowing future integration
of additional reasoning services, optimization algorithms, and
analytical components while maintaining compatibility with
the existing diagnosis framework.

As shown in Table II, the proposed prototype combines Fea-
ture Models, automated reasoning, configuration generation, and
Parallel FastDiag-based diagnosis within a unified Python-based
architecture. The reasoning layer supports consistency checking,
dependency validation, and automated generation of admissible
configurations, whereas the diagnosis engine identifies minimal
sets of conflicting analytical decisions whenever constraint
violations are detected. Valid configurations are subsequently

*https://github.com/cvidalmsu/A-Python-FD-implementation

TABLE II. IMPLEMENTATION CHARACTERISTICS OF THE AUTOMATED
VARIABILITY-ANALYSIS ENGINE

Component Implementation

Programming
Language

Python 3

Variability
Representation

Feature Models

Configuration
Generation

Automated Feature Model-based
generation

Constraint Validation Logical reasoning
Reasoning Services Consistency checking and dependency

analysis
Conflict Diagnosis Parallel FastDiag
Diagnosis Output Minimal conflict sets
Pipeline Generation Reproducible analytical pipelines
Execution Platform Cross-platform
Repository GitHub
Repository URL https://github.com/cvidalmsu/A-Python-F

D-implementation

transformed into executable analytical pipelines, enabling
reproducible evaluation workflows. The implementation is
publicly available through a GitHub repository, facilitating
inspection, replication, and future extension of the framework
by the research community.

IV. EXPERIMENTAL VALIDATION

The objective of the experimental validation is to assess the
applicability of the proposed configurable evaluation framework
in a real intervention scenario and to determine whether the
generated analytical configurations preserve methodological
consistency, reproducibility, and robustness. Following common
validation strategies adopted in configurable analytical systems
and reproducible computational workflows [6], [7], [12], the
framework was instantiated using a real intervention dataset
and evaluated under multiple valid analytical configurations.

The validation focuses on three complementary aspects:

• Generation of valid analytical configurations from the
Feature Model.

• Execution of reproducible analytical pipelines under
different methodological assumptions.

• Stability of intervention conclusions across alternative
configurations.

A. Intervention Dataset

The empirical validation was conducted using a dataset
obtained from a managerial capability development intervention
involving micro-enterprises. The intervention followed a pre–
post evaluation design in which participants were assessed
before and after the training process.

The dataset contains variables associated with managerial ca-
pability development and organizational performance indicators.
The evaluation framework processes these variables through
configurable analytical pipelines that include data preparation,
feature construction, statistical analysis, robustness validation,
and reporting activities.
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The selected dataset is particularly suitable for validation
because it contains heterogeneous variables, multiple capability
dimensions, and several analytical alternatives that can be
represented through Feature Models. Similar intervention-
oriented evaluation approaches have been widely adopted in
education, healthcare, and organizational development research
[1], [2].

Table III summarizes the principal characteristics of the
dataset.

TABLE III. CHARACTERISTICS OF THE INTERVENTION DATASET

Characteristic Description

Evaluation design Pre–post intervention
Data type Numerical and ordinal
Capability dimensions Multiple managerial capabilities
Analytical variables Performance indicators
Pipeline stages Five configurable stages
Validation approach Multiple configurations

B. Configuration Space Analysis

Analytical variability is represented through the Feature
Model introduced in Section III. The model captures alterna-
tive preprocessing strategies, analytical procedures, robustness
mechanisms, and reporting options.

During validation, configuration reasoning automatically
evaluates dependency constraints and excludes inconsistent
selections before pipeline execution. This guarantees that only
valid analytical configurations are instantiated.

Examples of configurable decisions include:

• Data preprocessing alternatives.

• Missing-value treatment strategies.

• Statistical analysis procedures.

• Robustness assessment mechanisms.

• Reporting and visualization options.

Fig. 6 illustrates the reasoning process responsible for
validating dependencies and generating admissible analytical
configurations.

The explicit representation of variability enables systematic
exploration of alternative analytical strategies while preserving
consistency constraints defined within the Feature Model [18],
[20].

C. Experimental Results

Multiple valid analytical configurations were generated
automatically through the variability-analysis engine described
in Section III-E. Each configuration satisfied all Feature Model
constraints and was transformed into an executable analytical
pipeline through the automated reasoning process.

The generated configurations differed in terms of data
preprocessing procedures, statistical inference methods, and
robustness validation mechanisms. Despite these methodolog-

Feature Selection

Constraint Evaluation

Valid?

Generate Configuration Reject Configuration

Instantiate Pipeline

Yes No

Fig. 6. Configuration reasoning process used to validate constraints and
generate admissible analytical configurations.

TABLE IV. STATISTICAL INFERENCE RESULTS AND EFFECT SIZES ACROSS
MANAGERIAL CAPABILITY DIMENSIONS

Dimension ∆µ p-value Cohen’s
d

Strategic 0.17 < 0.01 0.65
Financial 0.14 < 0.01 0.52
Operational 0.12 < 0.05 0.48

ical variations, all admissible configurations produced con-
sistent intervention conclusions, indicating that the proposed
framework preserves analytical reproducibility while supporting
controlled variability. This result is particularly relevant because
it demonstrates that alternative methodological choices can be
explored without compromising the validity or interpretability
of the evaluation outcomes.

Table IV summarizes the intervention outcomes obtained
from the analytical pipelines generated automatically by the
proposed framework. Improvements were observed across all
evaluated capability dimensions, with statistically significant
differences and moderate effect sizes. The consistency of these
results across multiple valid configurations suggests that the
framework can support reproducible and interpretable inter-
vention assessments while enabling controlled methodological
variability.

In addition to generating valid analytical workflows, the
proposed framework incorporates automated diagnosis services
through the Parallel FastDiag-based analysis module. Whenever
an invalid analytical configuration is detected, the diagnosis
engine identifies minimal sets of conflicting methodological
decisions responsible for the observed inconsistency.

Table V presents representative diagnosis examples pro-
duced by the Parallel FastDiag module. For each invalid
analytical configuration, the engine identifies a minimal correc-
tive action capable of restoring consistency. These examples
illustrate how the framework supports explainable conflict
resolution in addition to conventional configuration validation.

These diagnosis examples were generated automatically
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TABLE V. EXAMPLES OF ANALYTICAL CONFIGURATION DIAGNOSES

Invalid Configuration Minimal Diagnosis

Parametric Tests + Non-
parametric Tests

Remove one test

Neutral Imputation with-
out Sensitivity Analysis

Add Sensitivity
Analysis

Adaptive Intervention
without Stability
Assessment

Add Stability As-
sessment

Multiple Test Correction
without Statistical Infer-
ence

Add Statistical Infer-
ence

by the Parallel FastDiag module integrated into the Python-
based variability-analysis engine. For each invalid configuration,
the diagnosis process identified a minimal set of conflicting
analytical decisions whose correction was sufficient to restore
consistency. This capability demonstrates that the framework
supports not only configuration validation but also explainable
conflict resolution.

The consistency of intervention outcomes across multiple
analytical configurations, together with the successful identifica-
tion of minimal diagnoses for invalid configurations, indicates
that the proposed framework effectively combines reproducible
analytics, automated reasoning, and conflict diagnosis within
a unified evaluation environment. Furthermore, all analytical
configurations contributing to the reported results were vali-
dated before execution, ensuring methodological consistency
throughout the evaluation process.

D. Robustness Assessment

A robustness analysis was performed to determine whether
analytical conclusions remained stable under alternative method-
ological assumptions. Different valid configurations were exe-
cuted using distinct combinations of preprocessing procedures,
analytical strategies, and validation mechanisms.

The resulting outputs exhibited a high degree of agreement
across all evaluated configurations. No configuration generated
contradictory conclusions regarding intervention effectiveness.
This stability indicates that the framework is capable of
preserving reproducibility while allowing analytical variability.

To make the qualitative labels reproducible, stability was
assessed relative to the baseline pipeline. For configuration c and
capability dimension j, let dc,j denote the corresponding effect
size and define the maximum absolute effect-size deviation as:

Dc = max
j

|dc,j − d0,j | , (1)

where, d0,j is the baseline effect size. Stability is classified
as High when all effect directions and significance decisions
are preserved and Dc ≤ 0.10; as Moderate when all effect
directions are preserved and 0.10 < Dc ≤ 0.20; and as Low
when an effect direction reverses, a substantive inferential
conclusion changes, or Dc > 0.20. These study-specific opera-
tional thresholds distinguish negligible, limited, and potentially
consequential changes in standardized effect magnitude and

should be reported together with the configuration-specific Dc

values in the final experimental record. Table VI reports the
classification obtained for each analytical configuration.

Furthermore, the explicit representation of methodological
decisions provides full traceability of analytical choices, facili-
tating audit, replication, and comparison of evaluation processes.
Such characteristics are particularly relevant in decision-support
environments where transparency and reproducibility are es-
sential requirements [12], [13].

Overall, the experimental validation demonstrates that the
proposed framework successfully integrates variability manage-
ment and reproducible analytics within a unified evaluation
architecture. The obtained results confirm that Feature Model-
based configuration can be used to generate valid analytical
pipelines while maintaining consistent conclusions across
heterogeneous methodological configurations.

V. DISCUSSION

The principal implication of the case study is not merely that
several pipelines reproduced a similar intervention conclusion,
but that the analytical design space itself became explicit
and machine-checkable. Conventional reproducibility practices
typically preserve code, data, and execution environments
while leaving the rationale and admissibility of methodological
alternatives implicit. By representing those alternatives as
features and constraints, the proposed framework extends re-
producibility from re-executing one fixed pipeline to inspecting
and validating a family of methodologically coherent pipelines.
This distinction is important in intervention evaluation because
apparently minor choices concerning missing data, statistical
tests, or robustness procedures can otherwise remain hidden
inside scripts or analyst-specific routines.

The integration of conflict diagnosis adds a second in-
terpretive contribution. A conventional validator can reject
an inconsistent analytical configuration, but rejection alone
provides limited support for correction or audit. Parallel
FastDiag identifies minimal sets of selected decisions that
must be reconsidered to restore consistency. In practical terms,
this converts configuration failure into an explainable method-
ological event: analysts can determine whether a problem
originates from mutually exclusive tests, an unmet sensitivity-
analysis requirement, or a missing prerequisite for an adaptive
intervention. Such explanations may improve governance and
reviewability in settings where analytical decisions must be
justified to researchers, managers, or external auditors.

The results also reveal an important boundary condition.
Stability across the configurations evaluated in one dataset does
not imply that every admissible configuration is statistically
equivalent, nor does it establish that the same Feature Model
will transfer unchanged to another domain. Feature selection
and cross-tree constraints encode methodological knowledge;
therefore, model quality depends on the completeness and
correctness of that knowledge. As the configuration space
grows, additional challenges may emerge concerning constraint
maintenance, computational cost, and the risk of representing
procedurally valid but substantively inappropriate combinations.
Domain expert review remains necessary even when logical
consistency is automated.
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TABLE VI. ROBUSTNESS ANALYSIS ACROSS ANALYTICAL CONFIGURATIONS. STABILITY LABELS FOLLOW THE QUANTITATIVE THRESHOLDS DEFINED IN
EQ. 1

Configuration Significance
preserved

Stability Interpretation

Baseline Pipeline Yes High Reference configuration (Dc = 0).
Case Exclusion Yes Moderate Effect directions were preserved, but

the reduced analytical sample
produced a larger deviation from the
baseline effect magnitudes.

Neutral Imputation Yes High The conservative preprocessing
alternative preserved effect directions,
inferential decisions, and effect-size
proximity to the baseline.

Non-parametric Testing Yes High The distribution-free alternative
preserved the substantive interpretation
and remained within the high-stability
effect-size threshold.

From an implementation perspective, separating variability
representation from pipeline execution supports controlled
extension. New preprocessing methods, inference procedures,
or reporting mechanisms can be introduced by extending the
Feature Model and the corresponding execution components
rather than by rewriting a monolithic workflow. The public
Python repository strengthens this contribution by exposing the
diagnosis infrastructure for inspection and reuse. Nevertheless,
the current repository should be interpreted as an evolving
research artefact and integration foundation rather than as a
mature, domain-independent evaluation platform.

The empirical scope must also be interpreted conservatively.
Validation was conducted with a single managerial capability
intervention involving micro-enterprises. Consequently, the
evidence supports technical feasibility, configuration-level re-
producibility, and within-case robustness, but not cross-domain
generalizability. Transferability to healthcare, education, public
administration, or industrial analytics requires new Feature
Models, domain-specific constraints, and independent empirical
replications. A stronger validation program should compare
multiple datasets and domains, report the size and structure
of each configuration space, measure reasoning and diagnosis
time, and evaluate whether independent analysts can reproduce
both the selected configurations and the resulting conclusions.

Overall, the framework provides a promising basis for
treating methodological variability as a first-class analytical
concern. Its main value lies in making analytical alternatives
explicit, validating their dependencies before execution, and
providing actionable diagnoses when configurations are incon-
sistent. These capabilities complement, rather than replace,
established statistical validation and domain expertise.

VI. CONCLUSION

This study presented a Feature Model-based configurable
framework for reproducible intervention evaluation. The pro-
posed approach conceptualizes analytical evaluation as a con-
figurable system in which preprocessing strategies, analytical
procedures, robustness mechanisms, and reporting alternatives
are represented explicitly through variability models. By inte-
grating principles from configurable systems engineering and

reproducible analytics, the framework enables the systematic
generation and validation of alternative analytical configurations
while preserving methodological consistency.

The single-case validation demonstrated that the framework
is capable of generating valid analytical pipelines through
automated configuration reasoning and constraint verification.
Across the three managerial capability dimensions, Cohen’s
d values ranged from 0.48 to 0.65, and the substantive
conclusions remained stable across the analytical configurations
considered. Within this case, analytical variability was therefore
managed without compromising the direction or interpretation
of the reported intervention effects. These findings suggest
that Feature Models provide an effective mechanism for
formalizing methodological decisions, improving traceability,
and supporting transparent evaluation processes.

From a broader perspective, the study contributes to
bridging two traditionally independent research areas: variability
management and analytical evaluation. While configurable
systems research has largely focused on software products
and adaptive applications, intervention evaluation has generally
relied on static analytical workflows. The proposed framework
demonstrates how variability-aware approaches can be extended
to analytical environments, enabling flexible yet controlled eval-
uation processes capable of adapting to different methodological
requirements.

The framework also offers practical benefits for organi-
zations and researchers seeking reproducible and auditable
analytical workflows. The explicit representation of analytical
decisions facilitates replication, comparison of alternative strate-
gies, and systematic exploration of methodological assump-
tions. Furthermore, the modular architecture supports future
extensions involving new preprocessing procedures, analytical
methods, validation mechanisms, and reporting components.

Several limitations should be acknowledged. The empirical
validation was conducted using a single intervention scenario
focused on managerial capability development, and additional
studies are required to evaluate generalizability across domains
such as healthcare, education, public administration, and
industrial analytics. Furthermore, the current implementation
concentrates on statistical evaluation workflows and does not yet
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incorporate advanced artificial intelligence or machine-learning
services as configurable analytical components.

Future research will focus on extending the proposed
framework through the integration of predictive analytics,
machine-learning pipelines, automated model selection, and
large-language-model-based decision-support services. Addi-
tional developments will target the Python-based variability-
analysis engine, incorporating advanced Feature Model rea-
soning services, optimization algorithms for configuration
generation, and large-scale benchmarking capabilities. Future
empirical studies involving larger datasets and more complex
analytical environments will enable a deeper assessment of
scalability, robustness, and practical applicability. The public
repository will evolve into a comprehensive experimental
platform supporting reproducible research, automated diagnosis,
and variability-aware analytical systems.
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