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Abstract

High-dimensional financial Extract-Transform-Load (ETL) pipelines often contain heter-
ogeneous variables whose statistical properties may change between recurring data de-
liveries, affecting feature reliability before downstream machine learning models are
trained. This study extends a previously proposed Canberra-based data drift monitoring
framework by introducing a hypothesis-informed feature stability component for auto-
mated feature assessment and prioritization. Unlike the prior descriptive framework,
which relied on univariate and bivariate exploratory metrics, the proposed extension adds
an inferential layer and evaluates how this layer changes feature ranking relative to the
original score and alternative marginal drift measures. The method combines univariate
deviations in summary statistics, bivariate deviations in dependency-related metrics, and
hypothesis-based evidence from Anderson-Darling, Mann-Whitney U, and Levene tests.
The resulting p-values are aggregated using a Landau-calibrated harmonic mean p-value
formulation and transformed into a bounded hypothesis score, which is integrated into a
composite variable-level stability ranking. The framework operates on precomputed ex-
ploratory data analysis (EDA) outputs, enabling scalable comparison between a validated
reference dataset and a current ETL delivery. The proposed extension provides an inter-
pretable and computationally efficient mechanism for identifying unstable features and
supporting feature review, exclusion, or prioritization in automated machine learning
pipelines.

Keywords: feature stability; feature selection; data drift; hypothesis testing;
harmonic mean p-value; ETL monitoring; Canberra distance; high-dimensional data

1. Introduction

The rapid growth of data storage, computational capacity, and automated analytics
has enabled organizations to process increasingly large and heterogeneous datasets. In
many applied machine learning environments, especially in financial analytics, this
growth has produced high-dimensional data pipelines containing hundreds or thousands
of candidate variables. While such feature-rich datasets can improve predictive modeling,
they also introduce practical challenges related to computational complexity, duplicated
information, unstable variables, and the curse of dimensionality. Feature extraction and
feature selection methods have therefore become essential tools for reducing model
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complexity, improving interpretability, and supporting efficient model development [1-
4]. Recent survey work also confirms that feature selection remains an active topic in ma-
chine learning, with continuing emphasis on reducing dimensionality, addressing redun-
dancy, and selecting methods appropriate to dataset characteristics and modeling objec-
tives [5].

Classical feature selection methods are commonly grouped into filter, wrapper, em-
bedded, and hybrid approaches. These methods typically evaluate features according to
predictive relevance, redundancy, statistical association with a target variable, or contri-
bution to model performance [1-4]. Such approaches are valuable when the training da-
taset is assumed to be representative of future data. However, in recurring production
environments, this assumption may not hold. Features that appear predictive during one
modeling cycle may become unreliable in later cycles because of upstream changes in data
definitions, source systems, transformations, missingness patterns, or population compo-
sition. As a result, feature selection should not only consider predictive utility, but also
the temporal and statistical stability of candidate variables. This view is consistent with
research on feature-selection stability, where instability in selected feature subsets is
treated as an important concern for reproducible and reliable modeling [6].

This issue is particularly important in recurring Extract-Transform-Load (ETL)
workflows used for automated financial modeling. In such systems, new data deliveries
are often received periodically from multiple institutions or operational sources. Even
when schema validation checks pass, the statistical behavior of individual variables may
change substantially between deliveries. A variable may retain the same name and data
type while its distribution, cardinality, missingness structure, or relationship with other
variables changes. These changes can silently affect downstream machine learning mod-
els, leading to unstable feature importance, degraded model reliability, or inconsistent
decision-making. Existing data validation systems are effective for detecting missing col-
umns, invalid types, or rule violations, but they are less suitable for identifying subtle
distributional and relational drift in high-dimensional heterogeneous data [7-9]. Recent
work on data quality requirements for machine learning development pipelines further
shows that data-quality concerns affect multiple lifecycle stages, including data collection,
preprocessing, training, validation, deployment, and monitoring [10]. Related activity-
monitoring research has also emphasized the importance of detecting meaningful changes
in evolving populations before they become visible through downstream outcomes [11].

A related body of research addresses concept drift, dataset shift, and production ma-
chine learning monitoring. Concept drift studies generally focus on changes in the rela-
tionship between input variables and target outcomes over time [12-14]. Dataset shift
methods focus on changes in the input or joint data distribution [15-17]. Recent bench-
mark and survey work on fully unsupervised concept drift detection also highlights the
practical importance of detecting distributional changes when labels are delayed, unavail-
able, or expensive to obtain [18]. Distributional drift detection methods often rely on sta-
tistical distances or divergence measures such as Kullback-Leibler divergence and Jen-
sen—-Shannon divergence [19,20], Wasserstein distance [21,22], Kolmogorov-Smirnov sta-
tistics [23], or Population Stability Index. These approaches are useful but can be difficult
to apply uniformly in operational ETL settings involving mixed numerical, categorical,
and ordinal variables. Some methods require full empirical distributions, density estima-
tion, binning decisions, or raw-data access, which may increase computational cost and
reduce interpretability in large recurring pipelines.

In previous work, a Canberra-based ETL drift monitoring framework was proposed
to address this gap by comparing a validated reference dataset with a current ETL deliv-
ery using precomputed exploratory data analysis (EDA) metrics [24]. The framework ag-
gregated univariate and bivariate summary-statistic deviations into bounded variable-
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level stability scores, allowing variables to be ranked by drift severity without requiring
trained model artifacts or full probability density reconstruction. The original study
demonstrated that the score responded monotonically to controlled noise and could iden-
tify schema evolution, shifts in missingness, and disruptions in dependency structures.
The method used a hierarchical aggregation strategy in which univariate and bivariate
sub-scores contributed equally to the final variable-level score, preserving interpretability
and reducing the risk that one statistical dimension would dominate the ranking.

Despite these advantages, the original framework was primarily descriptive. It quan-
tified the magnitude of statistical and relational deviations but did not incorporate formal
inferential evidence into the final scoring logic. Therefore, the previous score could rank
variables according to observed EDA-based deviations, but it could not indicate whether
these deviations were supported by hypothesis-test evidence. The present study ad-
dresses this limitation by adding a hypothesis-informed component, evaluating alterna-
tive p-value aggregation methods, and examining how the resulting inferential signal
changes feature prioritization relative to the original Canberra-based score. Hypothesis-
based validation, including distributional, location, and dispersion tests, was identified as
a future extension that would help distinguish random deviations from systematic drift
[24]. Similarly, comparison with alternative drift measures such as Jensen-Shannon diver-
gence and Wasserstein distance was left for future work as a way to provide a more com-
plete characterization of distributional change [24]. These open directions motivate the
present study.

This perspective is also consistent with recent data-centric artificial intelligence re-
search, which emphasizes that reliable machine learning systems require systematic at-
tention to data development, inference data monitoring, and data maintenance, rather
than model optimization alone [25].

The present work extends the Canberra-based framework by introducing a hypoth-
esis-informed feature stability component. For each aligned numerical variable, the pro-
posed extension computes complementary two-sample statistical tests: the Anderson-
Darling test to assess distributional shape differences, the Mann-Whitney U test to detect
rank-based location shifts, and Levene’s test to evaluate changes in dispersion. The result-
ing p-values are combined using alternative p-value aggregation strategies, with particu-
lar attention to the harmonic mean p-value (HMP), which has been proposed as a method
for combining dependent statistical evidence while maintaining useful power properties
in large-scale testing settings [26]. The combined p-value is then transformed into a
bounded hypothesis evidence score and integrated with the existing univariate and biva-
riate Canberra-based scores.

The aim of this study is therefore to develop and evaluate a hypothesis-informed
feature stability ranking method for high-dimensional ETL-based machine learning pipe-
lines. Specifically, the study pursues four objectives: first, to extend the existing Canberra-
based stability score with inferential evidence from statistical hypothesis tests; second, to
compare alternative p-value combination methods and justify the use of the harmonic
mean p-value in this context; third, to compare the resulting composite score with estab-
lished distributional drift measures, including Jensen-Shannon and Wasserstein-based al-
ternatives; and fourth, to interpret feature stability ranking as a pre-modeling feature as-
sessment mechanism that can support feature review, exclusion, or prioritization.

The novelty of the present work lies in transforming the original descriptive Can-
berra-based drift score into a hypothesis-informed stability score by integrating test-based
inferential evidence, p-value aggregation, and comparative rank evaluation against both
the original baseline and established marginal drift measures. The main contribution of
this work is the treatment of feature stability as a complementary dimension of feature
selection in automated machine learning pipelines. Unlike conventional feature selection,
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which primarily evaluates predictive relevance or redundancy, the proposed approach
evaluates whether candidate variables remain statistically reliable across recurring data
deliveries. By combining descriptive deviation, dependency change, and hypothesis-
based evidence, the framework provides an interpretable and computationally efficient
mechanism for identifying unstable features before model training. In this way, the pro-
posed method contributes to machine learning-based feature assessment by linking data
drift monitoring with feature selection support in high-dimensional, production-oriented
environments.

2. Materials and Methods

This study extends the previously proposed Canberra-based ETL drift monitoring
framework by introducing an inferential feature stability component and evaluating its
behavior against alternative p-value aggregation and distributional drift measures. The
original framework compared a validated reference dataset with a current ETL delivery
using precomputed exploratory data analysis (EDA) metrics and produced variable-level
stability scores based on univariate and bivariate deviations. In the present work, this
baseline formulation is retained and expanded in three directions: first, by incorporating
hypothesis-based evidence derived from statistical tests; second, by comparing alternative
methods for combining p-values into a single variable-level inferential signal; and third,
by evaluating the resulting composite score against established distributional drift
measures, including Jensen—-Shannon divergence and Wasserstein distance.

Let D,.r denote the validated reference dataset and D, denote the current ETL de-
livery at time t. For each aligned feature v, the framework computes three complemen-
tary stability components that are combined into a final feature stability ranking. Higher
scores indicate stronger evidence of feature instability and therefore higher priority for
review before downstream machine learning model training.

The proposed methodology is intended as a pre-modeling feature assessment layer.
It does not replace conventional feature selection methods based on predictive relevance,
redundancy, or model performance. Instead, it provides a complementary stability-ori-
ented ranking for identifying variables that may be unreliable across recurring data deliv-
eries. Such variables may require exclusion, transformation, additional validation, or re-
duced modeling priority.

Due to confidentiality restrictions, raw observations, institution-specific information,
and original feature names are not disclosed. All variables are anonymized using generic
identifiers before reporting. The anonymization preserves feature type, score values,
ranks, and comparative evaluation outputs, but removes semantic labels and business-
specific information. Section 3 therefore reports score distributions, anonymized feature
rankings, and rank-agreement statistics rather than raw feature distributions or identifia-
ble variable names.

2.1. Study Design and Framework Overview

The study is designed as a methodological extension and comparative evaluation of
a previously developed feature drift monitoring framework. The workflow consists of five
stages: reference-current data alignment, baseline Canberra-based scoring, hypothesis-
based testing, p-value aggregation, and comparison with alternative drift measures.

Figure 1 summarizes the proposed methodology. The workflow begins with align-
ment between the validated reference dataset and the current ETL delivery. Aligned fea-
tures are then evaluated using two complementary branches: the baseline Canberra-based
branch, which computes univariate and bivariate stability components from EDA sum-
mary metrics, and the hypothesis-based branch, which applies two-sample tests to stored
feature samples and aggregates the resulting p-values using the HMP procedure. The
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resulting components are combined into the final composite feature stability score used

for ranking and pre-modeling review.

Validated reference dataset Current ETL delivery
Digt Dy
Feature alignment
and shared-variable selection
Precomputed EDA outputs
and stored feature samples

Branch A: Descriptive monitoring Branch B: Inferential monitoring
Canberra-based scoring from EDA summaries Hypothesis-informed extension

" - Two-sample hypothesis tests
" Univariate metrics Bivariate metrics Anderson- Darling: Distribution
ean, Median, Standard Deviation, Correlations, Gini, KS, Mann-Whitney U: Location
Quantiles, Missingness, Unique Values Diversity Levene: Dispersion
p-value aggregation
Landau-calibrated HMP

Hypothesis sub-score
Shyp

Univariate sub-score Bivariate sub-score
Suni Shiy

( Final composite stability score j

Siotal = (Suni * Spiv + Shyp)”3

Feature stability output
Ranked feature list
Stability bands

Pre-modeling review actions

Figure 1. Workflow of the proposed hypothesis-informed feature stability scoring framework. The

retained Canberra-based branch computes S,,,; and Sj;;, from EDA summary metrics, while the

proposed hypothesis-informed branch computes S},,,, from Anderson-Darling, Mann-Whitney U,

and Levene tests followed by harmonic mean p-value aggregation. The three components are com-

bined into S;,¢q;, which supports feature ranking, stability-band assignment, and pre-modeling re-

view. Source: Authors’ own elaboration.

First, schema alignment is performed between D,.r and D,. Variables present in

both datasets are retained as the aligned feature set for feature stability scoring, while

added or removed variables are reported separately as schema differences. This ensures
that the composite score is computed only for comparable features, while structural

changes in the dataset are still made visible in diagnostic output.

Before scoring, the reference dataset was treated as the validated baseline ETL out-

put. Data reliability and validity were assessed through schema alignment, type con-

sistency checks, missingness profiling, uniqueness and cardinality checks, range and dis-

tributional summaries, and dependency-related exploratory data analysis metrics. Fea-

tures not present in both the reference and current datasets were recorded as schema dif-

ferences and excluded from composite scoring. This procedure ensured that the stability

score was computed only for comparable variables, while structural ETL changes were

preserved as separate diagnostic information.

Second, the retained variables are evaluated using the baseline Canberra-based

framework. This component produces two scores for each feature: a univariate score, Sy,

based on deviations in marginal summary statistics, and a bivariate score, Sp;,, based on
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deviations in dependency-related metrics. These scores quantify descriptive and rela-
tional feature instability.

Third, a hypothesis-based component is introduced. For each eligible numerical fea-
ture, statistical tests are applied to compare the reference and current samples. The tests
are selected to capture complementary types of change: distributional shape differences,
location shifts, and dispersion changes.

Fourth, the resulting p-values are aggregated into a single feature-level inferential
signal. Several p-value combination methods are compared, with the harmonic mean p-
value used as the primary aggregation strategy.

Finally, the proposed composite score is compared with established distributional
drift measures. This comparison evaluates whether the proposed score produces stable
and interpretable feature rankings while remaining compatible with high-dimensional

ETL outputs.
The overall workflow is summarized as follows:
Somni» Shi
D ) D { uni» Ybiv S ) 1
refrPe 7 Pap) Puws PLEV — Shyp > Stotal 0

where D,.r denotes the validated reference dataset; D, denotes the current ETL delivery
attime t; Sy,; and Sp;, are the univariate and bivariate Canberra-based stability compo-
nents inherited from the baseline framework; p,p, pyw and pygy are the p-values pro-
duced by the Anderson-Darling, Mann-Whitney U, and Levene tests, respectively; Sy,
is the newly introduced hypothesis-informed score obtained from p-value aggregation;
and S;tq is the final composite feature stability score.

2.2. Baseline Canberra-Based Feature Stability Score

The baseline component of the proposed method follows the Canberra-based scoring
framework introduced in [24]. The original framework was designed to compare recur-
ring ETL outputs using summary statistics rather than full raw-data distributions. This
design allows the monitoring layer to operate on precomputed exploratory data analysis
outputs, reducing computational overhead while preserving interpretability.

For each monitored feature v, the associated metrics are divided into two groups:
univariate metrics M,,,;; and bivariate metrics M,;,,. Univariate metrics include the num-
ber of unique values, missing-value proportion, mean, median, standard deviation, and
selected quantiles. Bivariate metrics include correlation and dependency- or distribution-
related indicators.

For a given metric m, let x” and x¢ denote the metric values computed from the
reference dataset D,.r and the current dataset D;, respectively. Selected metrics are nor-
malized before aggregation to ensure comparability across heterogeneous scales. In par-
ticular, the number of unique values is normalized using the joint reference-current mass,
and percentage-based bivariate metrics such as Gini, Diversity, and Kolmogorov-
Smirnov statistics are divided by 100 before aggregation.

The component-wise Canberra distance is defined as:

d,, (&7, % N Gl
me |Z7| + |x€| + €

)

where d,,(X",%¢) denotes the Canberra deviations for metric m; X" and x¢ are the nor-
malized reference and current metric values, respectively; and € = 10712 is a numerical
stabilization constant used to avoid division by zero.

The univariate and bivariate scores are computed as the average Canberra deviations
over their respective metric groups:

https://doi.org/10.3390/app16136445
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1 1
Suni = Z Ay, Spiv = T Z dp. (3)
|Muni| MEMyni |Mbiv| mEMpiy
In the original framework, the baseline variable-level stability score was computed
as:
Suni t Spi
Sbase = = > bw' “4)

where Sp4se denotes the original two-component Canberra-based feature stability score,
computed as the average of the univariate S,,; and the bivariate component S;,,. This
score represents the baseline formulation from the previous framework before adding the
hypothesis-informed component.

This hierarchical aggregation ensures that marginal statistical properties and de-
pendency-related structure contribute equally to the baseline feature stability score. The
present study retains S,,; and Sp;, as the descriptive foundation of the framework and
extends the scoring logic by introducing the hypothesis-based component Sj,,,,.

2.3. Hypothesis-Based Feature Stability Component

The baseline Canberra-based score quantifies descriptive deviations between refer-
ence and current exploratory data analysis metrics. However, descriptive differences
alone do not indicate whether the observed changes are statistically supported or may
plausibly arise from random sampling variation. To address this limitation, the present
study introduces a hypothesis-based feature stability component, denoted as S,,,.

For each aligned numerical feature v, let X denote the sample of observed values
in the reference dataset D,.r, and let X; denote the corresponding sample in the current
dataset D.. The tests are interpreted as population-level comparisons between ETL deliv-
eries rather than as paired record-level tests, because individual entities may partially
overlap between the reference and current datasets. Before testing, missing values, posi-
tive infinity, and negative infinity are removed. Features with no valid observations after
filtering are excluded from hypothesis testing. When a test cannot be computed because
of constant values or insufficient variability, its p-value is recorded as missing and ex-
cluded from p-value aggregation.

The hypothesis component uses three complementary two-sample tests. The Ander-
son-Darling k-sample test is used to detect differences in distributional shape and tail
behavior [27]. The Mann-Whitney U test is used to detect rank-based location shifts with-
out assuming normality [28]. Levene’s test with median centering is used to detect
changes in dispersion and is more robust to non-normality than classical variance tests
based on deviations from the mean [29,30].

These three tests were selected because they provide complementary and interpreta-
ble evidence of feature-level instability: Anderson-Darling captures distributional shape
and tail differences, Mann-Whitney U captures rank-based location shifts, and Levene’s
test captures dispersion changes. The selected tests therefore cover three common forms
of numerical feature instability while keeping the hypothesis component compact and in-
terpretable.

For diagnostic interpretation, the main hypothesis signal was assigned according to
the valid test with the smallest p-value for each feature. Anderson-Darling was labeled as
“Distribution”, Mann-Whitney U as “Location”, and Levene’s test as “Dispersion”. This
label was used only to support the interpretation of the dominant hypothesis-test evi-
dence and did not affect the harmonic mean p-value aggregation, Sy,,, or the final com-
posite score Sioeq;-

For each feature, the available p-values are denoted as:

https://doi.org/10.3390/app16136445
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B, = {Pap) Puw, PLEv ) ®)

where missing or non-applicable p-values are excluded before aggregation. These p-val-
ues should not be treated as fully independent because all tests are applied to the same
pair of samples and may respond to related forms of distributional change. Therefore, the
individual p-values are combined into a single inferential signal using p-value aggregation
methods.

The hypothesis score is interpreted as evidence of instability rather than as a measure
of drift magnitude. This distinction is important because p-values are sensitive to sample
size: small effects may become statistically significant in large datasets, while larger de-
scriptive changes may not be significant in smaller or sparse samples. For this reason, Sy,
is used as a complementary component rather than as a replacement for the Canberra-
based descriptive scores.

Because the hypothesis component is computed from stored feature samples gener-
ated during the exploratory data analysis stage, sampling variability may affect individual
p-values and therefore the resulting S, ranking, especially for features with similar
scores. To reduce uncontrolled variability and ensure reproducibility, sampling was per-
formed using a fixed random state. In addition, missing and non-finite values were re-
moved before testing, and unequal sample sizes were allowed for the Anderson-Darling,
Mann-Whitney U, and Levene tests. Accordingly, Sj,,, should be interpreted as a repro-
ducible sample-based inferential indicator rather than an exact full-population hypothe-
sis-test result.

2.4. p-Value Combination Methods

The hypothesis-based component produces up to three p-values for each monitored
numerical feature. Because each test captures a different form of instability, a single com-
bined inferential signal is required for feature-level ranking.

B, = {p1,p2s s Pichs (6)

Tthe set of valid p-values available for each feature is denoted as v, where 1 <k < 3.
Invalid or missing p-values are excluded, and valid p-values are constrained to the interval
(0,1] using a small numerical constant to avoid numerical instability. In this study, the
full planned test family size is L = 3, corresponding to the Anderson-Darling, Mann-
Whitney U, and Levene tests.

Several p-value combination methods were evaluated. Their roles in the study are
summarized in Table 1.

Table 1. p-value combination methods used for comparison. Source: Authors” own elaboration.

Method

Expected Behavior in Feature Stabil-

Aggregation Principle ity Ranking

Fisher’s method [31]

Combines logarithmic evidence across Sensitive to several moderately small

p-values p-values
i 1- £ -val- ful f i -
Stouffer’s method [32] Combines normal-transformed p-val- Useful for av.eraged.ewc.lence and pos
ues sible weighting
Tippett’s method [33] Uses the smallest p-value Sensitive to one strong test signal

Bonferroni-type minimum-p adjust- Applies conservative correction to the Reduces false positives but may reduce

ment [34]

Harmonic mean p-value [26]

smallest p-value sensitivity
Combines p-values through their har- Balances sensitivity to small p-values
monic mean with information from all tests
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The primary aggregation strategy used in the proposed framework is based on the
harmonic mean p-value [26]. For the valid p-values B,, the raw harmonic mean p-value
statistic is computed as:

P 11/pi @)

The harmonic mean formulation is sensitive to small p-values while still incorporat-
ing information from all available tests. This is appropriate in the present setting because
distributional, location, and dispersion tests provide related but non-identical evidence of
feature instability.

Because the p-values are obtained from tests applied to the same pair of samples, they
should not be assumed to be fully independent. Therefore, a Landau-calibrated HMP-
style procedure is used as an inferential evidence score for feature ranking, not as a
standalone formal multiple-testing decision rule. The Landau-calibrated HMP-style score
was selected because the individual p-values are produced from tests applied to the same
reference-current feature samples and may therefore represent dependent evidence. In
this setting, Fisher’s and Stouffer’s methods are useful comparators, but their classical in-
terpretations are more naturally associated with independence or explicit weighting as-
sumptions. Tippett’s and Bonferroni-type procedures emphasize the smallest p-value,
which is useful when one test provides a strong signal but may underuse supporting ev-
idence from the remaining tests. The HMP formulation provides a compromise: it remains
sensitive to small p-values while incorporating all available valid tests. For this reason, the
Landau-calibrated HMP-style score is used as the primary inferential ranking component,
while Fisher’s, Stouffer’s, Tippett’s, and Bonferroni-type aggregation are retained for com-
parative analysis. Let py denote the raw harmonic mean p-value statistic. The calibration
is computed using:

! 8
x=—.
o ®)
p. = P (Landau(log(L) + 0.874,1/2) = x), 9)

where p, is the Landau-calibrated tail probability. To avoid overstating evidence from
the raw harmonic mean statistic, the combined p-value is defined conservatively as:

Pcombinea = Max(Py, pr)- (10)

The combined p-value is then transformed into a bounded evidence score:
Shyp =1 — Pcombined- (11)

Higher values of S, therefore indicate stronger inferential evidence of feature in-
stability. The HMP-based score is used for feature ranking and diagnostic prioritization
rather than as a standalone formal multiple-testing decision rule.

The p-value combination methods are compared in Section 3 using rank-based crite-
ria, including Spearman rank correlation [35], Kendall rank correlation [36], and top-k
overlap among the highest-ranked unstable features.

2.5. Composite Feature Stability Score

After computing the baseline Canberra-based components and the hypothesis-based
component, the three signals are integrated into a single composite feature stability score.
For each aligned feature v, the available component scores are:
®  Suni(v), capturing marginal or univariate deviation;
e  Spiy(v), capturing dependency-related or bivariate deviation;

https://doi.org/10.3390/app16136445
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®  Spyp(v), capturing inferential evidence of distributional, location, or dispersion
change.

When all three components are available, the final composite score is defined as:

Suni(V) + Spin (V) + Shyp (v)

3 (12)

Stotar(V) =

where S;,:0(v) denotes the final hypothesis-informed composite feature stability score
for feature v, and Sy,;(v), Spi,(v) and Sp,,(v) denote univariate, bivariate, and hypoth-
esis-informed score components for the same feature, respectively.

Higher values indicate stronger instability. Features with low S;,;,; are interpreted
as stable relative to the reference dataset, while features with high S;,.,, are prioritized
for review before downstream model training.

If the hypothesis component is unavailable for a feature, for example because the
variable is non-numeric or because no valid hypothesis-test p-values can be computed,
the composite score is calculated as the mean of the available components:

quQv Sq(v)
Q.1

where @, denotes the set of score components available for feature v. S,(v) is the value

Stotat (U) = (13)

of component q for that feature, and |Q,| is the number of available components. In the
complete case, Q, = {Suni, Spiv» Shyp}- If the hypothesis component is unavailable, for ex-
ample because no valid hypothesis-test p-value can be computed, the score is calculated
as the average of the remaining available components. This formulation preserves com-
parability while retaining information about component availability in the diagnostic out-
put.

Equal weighting is used deliberately. The goal is not to optimize feature selection for
a specific predictive model, but to provide a transparent, model-agnostic stability ranking.
Assigning equal weight to the univariate, bivariate, and hypothesis components ensures
that marginal distributional changes, dependency-structure changes, and inferential evi-
dence each contribute to the final ranking.

For interpretation, the dominant instability signal is assigned according to the largest
available component score:

Signal(v) = argmaxe(yni,biv,hyp} Sq (), (14)

where Signal(v) denotes the dominant instability signal assigned to feature v, and
argmax returns the available component q with the largest score S,(v). The resulting
label is used only as a diagnostic aid and does not modify the final composite score. It
indicates whether the feature was prioritized mainly because of marginal change, depend-
ency-structure change, or hypothesis-supported evidence of instability.

The resulting S;o¢q; values are used to produce a ranked list of the features. This
ranking supports pre-modeling feature assessment by identifying variables that may re-
quire validation, transformation, exclusion, or monitoring before being used in down-
stream machine learning algorithms.

2.6. Alternative Distributional Drift Measures for Comparison

To evaluate the behavior of the proposed composite feature stability score, two es-
tablished distributional drift measures are used as comparative baselines: Jensen—Shan-
non divergence [20] and Wasserstein distance [21,22]. These measures are selected be-
cause they are widely used for comparing empirical distributions and represent different
perspectives on distributional change.

The purpose of this comparison is not to replace the proposed composite score, but
to assess whether the ranking produced by S;,, is consistent with conventional
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distributional drift indicators. Unlike the proposed score, which integrates univariate de-
viations, bivariate deviations, and hypothesis-based evidence, Jensen-Shannon diver-
gence and Wasserstein distance primarily compare marginal feature distributions.

The Canberra-based S,,,; and Sp;, components are computed from full EDA sum-
mary metrics. In contrast, Sy, Jensen-Shannon divergence, and Wasserstein distance are
computed from stored feature samples generated during the exploratory data analysis
stage. Therefore, the alternative distributional measures are interpreted as sample-based
marginal drift indicators used for rank-based comparison rather than exact full-dataset
divergence estimates. Consequently, ranking differences involving Sy, Jensen-Shannon
divergence, and Wasserstein distance may partly reflect sampling variability, particularly
when feature scores are close.

For Jensen-Shannon divergence, the empirical reference and current distributions of
feature v are denoted as B, and @Q,. The midpoint distribution is:

1
M, = 2 (B + Qu). (15)
The Jensen—-Shannon divergence is computed as:
1 1
JSD(Py, Qv) =5 KL(B, | My) + 5 KL(Qy Il M), (16)

where JSD(P,,Q,) denotes the Jensen—Shannon divergence between the empirical refer-
ence distribution P, and the empirical current distribution @, of feature v, M, is the
midpoint distribution defined in Equation (15), and KL(:ll-) denotes the Kullback-Leibler
divergence. For numerical variables, empirical distributions are obtained using a common
binning scheme applied to both reference and current samples. For categorical and ordinal
variables, normalized frequency tables are used. A small smoothing constant is applied to
avoid undefined logarithmic terms caused by zero probabilities.

Wasserstein distance is used as a geometry-based measure of distributional displace-
ment. For numerical variables, the first Wasserstein distance compares the empirical ref-
erence sample X, and the current sample X;. Because Wasserstein distance is expressed
in the units of the feature, it is normalized to support comparison across heterogeneous
variables:

WI(XIT;ﬁXif)
IQR(XT UXS) + €

Whorm (w) = (17)

where W,,,,m(v) denotes the normalized Wasserstein distance for feature v, W, (X7, X%)
is the first Wasserstein distance between the reference sample X and current sample X,
IQR(X}, U X;) is the interquartile range of the combined reference-current sample, and
€ = 107'2 is a numerical stabilization constant used to avoid division by zero. Wasser-
stein distance is applied only to numerical and meaningfully ordered ordinal variables. It
is not used as a primary comparator for purely nominal categorical variables because cat-
egory codes do not necessarily represent meaningful geometric distance.

The alternative drift measures are compared with S;,., using rank-based criteria ra-
ther than direct score equality, because the methods operate on different mathematical
scales and capture different aspects of feature instability. The comparison uses Spearman
rank correlation, Kendall rank correlation, and top-k overlap:

|Top,(A) N Top,(B)|
k )

Overlap,(A,B) = (18)

where Top,(A) and Top,(B) are the sets of the k highest-ranked features according to
two different scoring methods.

Disagreement between S;,., and alternative measures is not necessarily considered
an error. Jensen—-Shannon divergence and Wasserstein distance focus mainly on marginal
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distributional change, whereas the proposed score also incorporates dependency-struc-
ture deviations and hypothesis-based evidence. Therefore, component-level diagnostics
are used to interpret cases where the composite ranking differs from the marginal distri-
butional measures.

All computations were implemented in Python 3.11.15 (Python Software Foundation,
Wilmington, DE, USA) using NumPy 2.0.2, pandas 2.3.1, and SciPy 1.15.0. The same
aligned feature set was used across the Canberra-based score, hypothesis component, and
comparative distributional measures where methodologically applicable. Numerical sta-
bilization constants were applied consistently to avoid division-by-zero, logarithmic, and
p-value boundary artifacts. When Landau-calibrated HMP-style scoring was used, the
SciPy environment was required to support the corresponding Landau distribution im-
plementation.

3. Results

The proposed scoring framework was applied to the aligned feature set obtained af-
ter matching the validated reference dataset D,.r and the current ETL delivery D,. After
schema alignment, 326 variables were retained for composite feature stability scoring.
Due to confidentiality restrictions, all feature names are anonymized and reported using
generic identifiers. The results therefore focus on score distributions, component-level
contributions, feature ranking, and rank-agreement statistics rather than raw observations
or institution-specific feature semantics. This section first summarizes the distribution of
feature stability scores across all aligned variables, then examines the highest- and lowest-
ranked features, evaluates the hypothesis-based component and p-value aggregation
methods, compares the composite score with baseline and alternative drift measures, and
finally discusses implications for pre-modeling feature selection.

3.1. Distribution of Feature Stability Scores

Table 2 summarizes the distribution of the three component scores and the final com-
posite score across the 326 aligned variables. The univariate component S,,,; has a low
mean value of 0.0391 and a median of 0.0161, indicating that most aligned variables show
limited marginal deviation in summary statistics. However, the maximum value of 0.8551
shows that a small subset of variables exhibits substantial univariate instability.

The bivariate component S,;,, is more dispersed, with a mean of 0.2203 and a median
of 0.1559. This indicates that dependency-related changes are more pronounced than mar-
ginal summary-statistic changes for a larger proportion of variables. The maximum value
of 1.0000 shows that at least one feature exhibited the strongest possible bivariate instabil-
ity under the scoring formulation.

The hypothesis component Sy,,, has the highest overall values, with a mean of
0.8262 and a median of 0.9972. This suggests that many variables show strong inferential
evidence of change between the reference and current samples. This result should be in-
terpreted together with the descriptive components because Sy,,, reflects statistical evi-
dence rather than drift magnitude. In large datasets, even relatively small distributional,
location, or dispersion changes can produce strong hypothesis-test evidence.

The final composite score S;y;, has a mean of 0.3613 and a median of 0.3670, indi-
cating moderate overall feature instability across the aligned feature set. The interquartile
range, from 0.3172 to 0.4201, shows that most variables are concentrated within a rela-
tively narrow middle band, while the maximum value of 0.9514 indicates that a limited
number of variables are strongly prioritized for review.
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Table 2. Summary statistics of feature stability scores across aligned anonymized variables. Source:

Authors’” own elaboration.

Score Mean Median Std. Dev. Min Q1 Q3 Max
Suni 0.0391 0.0161 0.0958 0.0000 0.0049 0.0266  0.8551
Spiv 0.2203 0.1559 0.2189 0.0000 0.0467 0.3202  1.0000
Shyp 0.8262 0.9972 0.2691 0.0000 0.6737 0.9999  1.0000

Stotal 0.3613 0.3670 0.1313 0.0000 0.3172 0.4201 0.9514

Figure 2 presents the distribution of the final composite feature stability score S,y
The score distribution provides an overview of instability across the aligned anonymized
variables and identifies whether instability is concentrated in a small subset of features or
distributed more broadly across the feature space.

Distribution of S¢ota) Across Aligned Anonymized Variables
50
40
30

20

Number of variables

10

L __ .

0.2 0.4 0.6 0.8
Final composite feature stability score, Stotal

Figure 2. Distribution of the final composite feature stability score S;y.q; across aligned anony-

mized variables. Source: Authors’ own elaboration.

Figure 3 compares the distributions of Sy, Spiv, Shyp and Sipeq- The component-
wise comparison shows that the hypothesis component contributes the strongest evidence
across the feature set, while the univariate component remains low for most variables.
This indicates that many detected changes are statistically supported but not necessarily
large in marginal magnitude. The bivariate component provides an intermediate signal,
capturing relational changes that are not fully represented by univariate summary statis-
tics.

Overall, the score distributions indicate that the proposed framework separates three
complementary dimensions of feature instability: limited marginal deviation for most var-
iables, more visible dependency-related variation, and strong hypothesis-supported evi-
dence of change. The composite score moderates these signals into a single ranking suita-
ble for prioritizing variables for further review before downstream model training.
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Component-Wise Distribution of Feature Stability Scores
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Figure 3. Component-wise distribution of Sy, Spiys Spyp, and Siore; across aligned anonymized
variables. Boxplot elements follow standard conventions: boxes indicate interquartile range, whisk-
ers indicate the non-outlier range, red horizontal lines indicate medians, yellow triangles indicate

means, and black circles indicate outliers. Source: Authors” own elaboration.

3.2. Highest- and Lowest-Ranked Anonymized Features

The final composite score S;,¢,; Was used to rank the aligned variables according to
overall feature stability. Tables 3 and 4 report the ten highest- and lowest-ranked varia-
bles, respectively. To preserve confidentiality, variables are reported using anonymized
identifiers. The component scores are shown to indicate whether each feature was priori-
tized mainly because of marginal statistical deviation, dependency-structure deviation, or
hypothesis-supported evidence of change.

Table 3 presents the ten highest-ranked variables. The two most unstable features
achieved final scores above 0.95, with both showing very high univariate, bivariate, and
hypothesis-based components. Their dominant signal was bivariate, indicating that
changes in dependency-related behavior were the largest contributors to their final rank-
ing. The third-ranked feature also showed high overall instability, but its dominant signal
was hypothesis-based, with S, = 1.0000, suggesting strong inferential evidence of
change between the reference and current samples.

A common pattern among the highest-ranked variables is the simultaneous presence
of high §p;;, and Sp,,. Features ranked fourth and fifth, for example, had S,;,, = 1.0000,
while their hypothesis score also remained high. This indicates that the composite score
is not driven solely by marginal summary-statistic changes; it also captures dependency
disruption and statistically supported distributional, location, or dispersion changes. Sev-
eral features in the lower part of the top ten list had relatively modest univariate scores
but very high hypothesis scores, demonstrating the added value of the hypothesis com-
ponent in elevating variables whose descriptive marginal deviations alone would not
fully explain their instability.

Table 3. Ten highest-ranked anonymized features according to the final composite stability score.

Source: Authors’ own elaboration.

Rank Feature ID Suni Spiv Shyp Stotar  Dominant Signal
1 V_001 0.8551 1.0000 0.9990 0.9514 Bivariate
2 V_002 0.8548 1.0000 0.9990 0.9513 Bivariate
3 V_003 0.8208 0.6558 1.0000 0.8255 Hypothesis
4 V_004 0.3075 1.0000 0.9964 0.7680 Bivariate
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5 V_005 0.0828 1.0000 09750  0.6859 Bivariate

6 V_006 0.0436 0.9485 1.0000 0.6640 Hypothesis
7 V_007 0.0329 0.9482 1.0000  0.6603 Hypothesis
8 V_008 0.0433 0.9265 1.0000  0.6566 Hypothesis
9 V_009 0.4125 0.5415 0.9998 0.6513 Hypothesis
10 V_010 0.4125 0.5415 0.9998  0.6513 Hypothesis

Table 4 reports the ten lowest-ranked variables. The lowest-ranked feature obtained
a score of 0 across all components, indicating complete stability under the proposed scor-
ing formulation. Several additional low-ranked variables had very small univariate and
bivariate scores and a hypothesis score of 0, producing final scores close to zero. These
features remained close to the reference state and would not be prioritized for manual
review under the proposed framework.

The last three variables in Table 4 show a different pattern. Although their univariate
and bivariate scores remained low, their hypothesis scores were higher, resulting in mod-
erate but still low final scores relative to the highest-ranked variables. This illustrates the
balancing effect of the composite score: statistically supported changes can increase a fea-
ture’s rank, but the final score remains moderated when descriptive and dependency-re-
lated deviations are small.

Table 4. Ten lowest-ranked anonymized features according to the final composite stability score.

Source: Authors’ own elaboration.

Rank Feature ID Suni Sbiv Shyp Sitotar Dominant Signal

1 V_326 0.0000 0.0000 0.0000  0.0000 Stable

2 V_325 0.0068 0.0248 0.0000  0.0105 Bivariate
3 V_324 0.0068 0.0248 0.0000  0.0105 Bivariate
4 V_323 0.0068 0.0248 0.0000  0.0105 Bivariate
5 V_322 0.0068 0.0248 0.0000  0.0105 Bivariate
6 V_321 0.0068 0.0248 0.0000  0.0105 Bivariate
7 V_320 0.0068 0.0248 0.0000  0.0105 Bivariate
8 V_319 0.0078 0.0215 0.3056  0.1116 Hypothesis
9 V_318 0.0000 0.0090 0.3496  0.1195 Hypothesis
10 V_317 0.0216 0.0316 0.3097  0.1210 Hypothesis

The contrast between Tables 3 and 4 demonstrates the diagnostic value of the com-
ponent-based formulation. The highest-ranked variables are characterized by strong evi-
dence from at least one major instability dimension, most often bivariate- or hypothesis-
based. In contrast, the lowest-ranked variables remain close to the reference state across
most or all components. This ranking structure supports pre-modeling feature assessment
by separating variables that require further review from those that remain comparatively
stable across ETL deliveries.

3.3. Hypothesis Component and p-Value Aggregation Results

The hypothesis-based component was examined to determine whether the highest-
ranked features were supported by formal evidence of distributional, location, or disper-
sion change. Table 5 reports the Anderson-Darling, Mann-Whitney U, and Levene p-val-
ues for the ten highest-ranked variables, together with the HMP-based combined p-value
and the transformed hypothesis score Sy,,,,. The hypothesis score is interpreted as infer-
ential evidence of instability, where values closer to 1 indicate stronger evidence that the
current feature sample differs from the reference sample.
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Very small p-values are reported using threshold notation to avoid displaying nu-
merical underflow as exact zero. In addition, Anderson-Darling p-values equal to 0.0010
indicate the lower reporting bound of the default test approximation rather than exact p-
values. Therefore, the values in Table 5 are interpreted as evidence of statistically detect-
able feature-level differences rather than as measures of practical drift magnitude.

Table 5. Hypothesis-test evidence for the ten highest-ranked anonymized features. The main hy-
pothesis signal corresponds to the valid test with the smallest p-value: Anderson-Darling (AD) =
Distribution, Mann-Whitney U (MW) = Location, and Levene = Dispersion. Source: Authors’ own

elaboration.

HMP Combined Main Hypothesis Sig-

Rank  Feature ID AD p-Value MW p-Value Levene p-Value p-Value nal
1 V_001 0.0010 <1 x 10715 <1 =105 0.0010 Location
2 V_002 0.0010 <1 x 1075 <1 =105 0.0010 Location
3 V_003 0.0010 <1 x10715 <1 x1015 <1 x10715 Location
4 V_004 0.0013 0.0168 0.0345 0.0036 Distribution
5 V_005 0.0093 0.0475 0.1503 0.0250 Distribution
6 V_006 0.0010 <1 x101 <1 x 1015 <1 x101 Dispersion
7 V_007 0.0010 <1 x 1075 <1 x 1075 <1 x 10715 Dispersion
8 V_008 0.0010 <1 x10715 <1 x10715 <1 x10715 Dispersion
9 V_009 0.0010 7.10 x 10 0.3323 0.0002 Location
10 V_010 0.0010 7.10 x 105 0.3323 0.0002 Location

The results show that all ten highest-ranked variables have Sj,,, values above 0.975,
indicating strong inferential evidence of instability. Several Mann-Whitney U and Levene
p-values are reported as below 1.0 x 107%, while Anderson-Darling values of 0.0010 in-
dicate the lower reporting bound of the test implementation. The dominant hypothesis
signal is associated mainly with location and dispersion changes, while two variables are
dominated by distributional evidence. This suggests that the highest-ranked features are
not driven by a single statistical pattern; rather, different variables exhibit different forms
of inferential instability.

These results also illustrate why the hypothesis component should be interpreted
jointly with the descriptive Canberra-based components. Some variables in the top-ten
ranking have relatively modest univariate scores but very high S, indicating statisti-
cally supported changes that may not be fully represented by marginal summary-statistic
deviation alone. Conversely, variables with high S,;, and high S, indicate both de-
pendency-structure instability and formal evidence of distributional, location, or disper-
sion change. Because the reference and current ETL deliveries may partially overlap at the
customer level, these p-values are interpreted as evidence of detectable differences be-
tween population snapshots rather than as paired individual-level changes.

To evaluate the choice of HMP aggregation, the HMP-based score was compared
with Fisher’s, Stouffer’s, Tippett’s, and Bonferroni-type aggregation. Table 6 reports rank
agreement using Spearman correlation, Kendall correlation, and top-k overlap among the
highest-ranked variables. Rank-agreement metrics were computed using unrounded
method scores; values in the table are rounded only for reporting.

Table 6. Rank-agreement comparison between HMP and alternative p-value aggregation methods.

Source: Authors’ own elaboration.

Comparison Spearman p Kendall Tt  Top-10 Overlap  Top-20 Overlap
HMP vs. Fisher 0.9884 0.9258 0.30 0.40
HMP vs. Stouffer 0.9750 0.8795 0.30 0.40
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HMP vs. Tippett 0.9955 0.9627 0.40 0.60
HMP vs. Bonferroni 0.9955 0.9627 0.40 0.60

The rank correlations are high across all methods, indicating that the alternative p-
value aggregation approaches produce broadly similar global feature prioritizations.
HMP shows the strongest agreement with Tippett and Bonferroni-type aggregation, with
Spearman correlation of 0.9955 and Kendall correlation of 0.9627. This indicates that HMP,
Tippett, and Bonferroni similarly prioritize features with at least one strong hypothesis-
test signal.

However, the top-k overlap values are substantially lower than the global rank cor-
relations. For example, HMP shares only 30% of the top 10 features with Fisher and
Stouffer, and 40% with Tippett and Bonferroni. This indicates that small differences in
aggregation behavior can affect which variables appear in the highest-priority review list,
even when the overall rankings remain highly correlated. This finding supports the com-
parison of multiple p-value aggregation methods rather than relying only on global rank
correlation.

Figure 4 visually confirms the strong global agreement among the p-value aggrega-
tion methods. The strongest agreement is observed among HMP, Tippett, and Bonferroni,
while Fisher and Stouffer also remain highly correlated with HMP. Overall, the compari-
son supports the use of the HMP-based score as the primary hypothesis component. HMP
produces ranking behavior close to minimum-p-value-based methods while still incorpo-
rating information from all available tests through the harmonic mean formulation. The
high global rank agreement but incomplete top-k overlap indicates that the choice of p-
value aggregation method mainly affects the highest-priority review list; HMP was re-
tained because it provides a balance between evidence accumulation and sensitivity to
strong individual test signals. Therefore, HMP is retained in the final composite score
Stotar, While the alternative methods are used as comparative evidence for robustness and

interpretation.
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Figure 4. Spearman rank-correlation heatmap among p-value aggregation methods used to con-

struct the hypothesis-based feature stability component. Source: Authors” own elaboration.

3.4. Composite Score Compared with Baseline and Alternative Drift Measures

The proposed composite score S;,r,; Was compared with the original two-compo-
nent Canberra baseline score S,45., Jensen-Shannon divergence, and normalized Wasser-
stein distance. The purpose of this comparison was to evaluate whether the proposed
three-component score remains consistent with the original Canberra-based framework
while introducing additional ranking information through the hypothesis-based compo-
nent. Because these measures operate on different mathematical scales, the comparison
was performed using rank-based criteria: Spearman rank correlation, Kendall rank corre-
lation, and top-k overlap. A supervised drift-detection accuracy was not performed be-
cause the confidential ETL deliveries do not include independent ground-truth labels in-
dicating which features should be classified as drifted or non-drifted. Therefore, the com-
parison focuses on ranking agreement and top-k overlap, which are aligned with the ob-
jective of prioritizing features for pre-modeling review. Accuracy-oriented validation
would require labeled drift scenarios, controlled perturbation experiments, or down-
stream performance labels.

The baseline score was obtained from the univariate and bivariate Canberra compo-
nents defined in Section 2, while S;4¢,; corresponds to the final three-component formu-
lation in Equation (12).

Jensen—Shannon divergence and normalized Wasserstein distance were computed
from stored feature samples and are therefore interpreted as sample-based marginal dis-
tributional drift indicators. In contrast, S;,;q; combines full EDA summary-based univari-
ate and bivariate Canberra components with sample-based inferential evidence from the
hypothesis component. The resulting rank-agreement comparison between S;o¢q1, Spases
Jensen-Shannon divergence, and normalized Wasserstein distance is summarized in Ta-
ble 7.

Table 7. Rank-agreement comparison between the proposed composite score, the baseline Canberra

score, and alternative distributional drift measures. Source: Authors” own elaboration.

Comparison Spearman p Kendall < Top-10 Overlap Top-20 Overlap
Stotat VS- Shase 0.6756 0.5744 1.00 0.80
Stotar VS. Jensen-Shannon 0.4664 0.3311 0.30 0.40
Stotar VS. Wasserstein 0.6195 0.4577 0.50 0.55

The comparison with Sy,5. shows that the proposed score remains aligned with the
original Canberra-based framework while adding new ranking information. The Spear-
man correlation of 0.6756 and Kendall correlation of 0.5744 indicate moderate global
agreement between the two rankings. The top-k results show even stronger agreement
among the highest-priority variables: the Top-10 overlap is 1.00, and the Top-20 overlap
is 0.80. This means that the most critical review set is preserved after adding the hypoth-
esis component, while the broader ranking is adjusted by inferential evidence.

The comparison with Jensen-Shannon divergence shows weaker agreement, with
Spearman correlation of 0.4664, Kendall correlation of 0.3311, Top-10 overlap of 0.30, and
Top-20 overlap of 0.40. This is expected because Jensen-Shannon divergence focuses on
marginal distributional differences, whereas S;,:4; also incorporates dependency-related
deviations and hypothesis-based evidence. Therefore, lower agreement does not neces-
sarily indicate inconsistency; rather, it shows that the proposed score captures additional
dimensions of instability beyond marginal distributional divergence alone.
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The normalized Wasserstein comparison shows stronger agreement with S;4¢,; than
Jensen—-Shannon divergence, with Spearman correlation of 0.6195, Kendall correlation of
0.4577, Top-10 overlap of 0.50, and Top-20 overlap of 0.55. This suggests that the compo-
site score shares some prioritization behavior with a distributional displacement measure,
particularly for features where shifts in numerical values are pronounced. However, the
incomplete top-k overlap again indicates that Wasserstein distance does not fully repro-
duce the ranking generated by the proposed three-component framework.

To examine how the hypothesis component changed the original Canberra-based
ranking, Table 8 reports the features with the largest upward and downward rank
changes after adding Sj,,,. Positive rank change indicates that the feature moved upward
in priority after adding the hypothesis component, while negative rank change indicates
that the feature moved downward.

Table 8. Features with the largest upward and downward rank changes after adding the hypothesis-

based component. Source: Authors” own elaboration.

Feature Baseline Composite  Rank

ID Rank Rank Change Suni Shiv Shyp  Sbase  Stotal Interpretation
V_228 322 228 94 0.0000 0.0038 1.0000 0.0019 0.3346 Increased by Sy,
V_229 323 229 94 0.0000 0.0034 1.0000 0.0017 0.3345 Increased by Sy,
V_232 324 231 93 0.0000 0.0023 0.9999 0.0012 0.3341 Increased by Sy,
V_224 314 224 90 0.0000 0.0130 1.0000 0.0065 0.3377 Increased by S,
V_223 313 223 90 0.0000 0.0136 1.0000 0.0068 0.3379 Increased by Sy,
V_255 30 255 —225  0.0000 0.5711 0.3289 0.2856 0.3000 Reduced by lower Sy,
V_256 37 256 -219  0.1545 0.3938 0.3410 0.2742 0.2964 Reduced by lower Sy,
V_244 27 244 217 0.0045 0.6049 0.3433 0.3047 0.3176  Reduced by lower Sy,
V_260 47 260 -213  0.0000 0.5000 0.3530 0.2500 0.2843 Reduced by lower Sy,
V_252 40 252 212 0.0084 0.5384 0.3734 0.2734 0.3067 Reduced by lower S,

Table 8 shows that the hypothesis component redistributed feature priorities rather
than uniformly increasing all scores. The first five variables had very low baseline Can-
berra scores, with Sp,s. close to zero, but moved upward substantially because their hy-
pothesis scores were close to 1. These cases represent statistically supported instability
with limited descriptive Canberra deviation. Conversely, the last five variables had rela-
tively high bivariate scores and therefore ranked higher under the original baseline score,
but moved downward after adding Sj,,, because their hypothesis evidence was lower
relative to other features.

Overall, these results indicate that the proposed composite score preserves the main
high-priority signals of the baseline Canberra framework while introducing additional
ranking information through the hypothesis component. Its partial agreement with Jen-
sen-Shannon and Wasserstein confirms that it remains related to established distribu-
tional drift measures, but it is not reducible to marginal distributional comparison. This
supports the interpretation of S;,.; as a broader feature stability score that combines de-
scriptive deviation, dependency-structure change, and inferential evidence.

3.5. Implications for Pre-Modeling Feature Selection

The proposed composite score was interpreted as a pre-modeling feature stability
ranking. Unlike conventional feature selection methods, which usually evaluate predic-
tive relevance, redundancy, or contribution to model performance, the proposed frame-
work evaluates whether candidate features remain statistically stable across recurring
ETL deliveries. This makes the score suitable as a stability-oriented screening layer before
downstream model training and before model-specific feature selection is applied.
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To support practical interpretation, the aligned features were grouped into descrip-
tive stability bands according to S;,.q;. These bands are used for prioritization and report-
ing rather than as universal decision thresholds. The four stability bands account for all
326 aligned variables. Table 9 summarizes the number and proportion of features in each
stability category and provides suggested actions for model-development workflows.

The stability-band thresholds were selected as heuristic operational bands rather
than universal cut-offs. They were chosen to support interpretation of the bounded com-
posite score by separating near-zero instability (Sipq < 0.10), mild instability (0.10 <
Stotar < 0.25), moderate instability (0.25 < S;4¢q; < 0.50), and high-priority instability
(Stotar = 0.50). In the present dataset, these thresholds also align with the observed score
distribution: most features fall within the moderate interval, whereas only a limited subset
reaches or exceeds 0.50 and is therefore prioritized for immediate validation. The thresh-
olds should be interpreted as dataset- and workflow-specific reporting bands and should
be recalibrated when applied to other domains, institutions, or modeling objectives.

Table 9. Feature stability bands based on the final composite score. Source: Authors” own elabora-

tion.
Number of Fea-
Stability Band Score Interval um t::e(; ea Percentage Suggested Action
Retain; i diat -
Stable Seotar < 0.10 7 215 erain, no imimediate re
view
Mild instability 0.10 < Siptar < 0.25 49 15.03 Monitor in next ETL cycle
Moderate instability 0.25 < Siptar < 0.50 243 74.54 Review before modeling
Prioritize for validation,
High instability Stotar = 0.50 27 8.28 transformation, or exclu-
sion

Figure 5 shows the distribution of features across the four stability bands. Most var-
iables fall into the moderate-instability category, with 243 features representing 74.54% of
the aligned feature set. These variables are not necessarily candidates for immediate ex-
clusion, but they should be reviewed before model training because they show non-neg-
ligible composite instability across the monitored dimensions. The high-instability group
contains 27 features, corresponding to 8.28% of the aligned variables. These features rep-
resent the strongest candidates for validation, transformation, or possible exclusion before
downstream modeling.
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Figure 5. Feature stability bands based on S;,¢,;. Source: Authors” own elaboration.

Only 7 features, representing 2.15% of the aligned feature set, fall into the stable cat-
egory. A further 49 features, or 15.03%, fall into the mild-instability category and may be
retained while being monitored in subsequent ETL cycles. Together, the stable and mild-
instability groups account for 17.18% of the variables, while the moderate- and high-in-
stability groups account for 82.82%. This indicates that most variables exhibit some degree
of instability under the proposed composite scoring framework.

These results should not be interpreted as indicating that all moderate- or high-insta-
bility variables should be removed from downstream models. A stable feature may still
be irrelevant to the modeling target, and an unstable feature may still contain predictive
information. Instead, the proposed ranking provides a complementary feature assessment
layer that identifies variables requiring additional review before predictive feature selec-
tion is performed. For example, high-ranked variables may require investigation of up-
stream transformations, source-system changes, missingness patterns, population shifts,
or altered dependency relationships.

In this way, the proposed framework supports feature selection workflows by intro-
ducing stability as an additional pre-modeling criterion. The score can be used to priori-
tize feature review, guide transformation or exclusion decisions, and reduce the risk that
unstable variables are selected solely because of temporary predictive relevance in one
ETL cycle.

3.6. Ablation and Weight-Sensitivity Analysis

To examine the rationale of the equal-weighted fusion strategy, an ablation and
weight-sensitivity analysis was performed. The ablation analysis evaluated whether the
final composite score could be reproduced by individual components or by two-compo-
nent variants. This analysis was motivated by the need to assess whether the three com-
ponents provide complementary ranking information or whether the final score is mainly
driven by one dominant component.

The single-component variants were Sy,;, Spiy, and Sy,,,. The two-component vari-
ants were defined as Synisbiv = (Suni + Seiv) / 2, Suni+hyp = Suni + Snyp) /2 and
Spivinyp = (Spiv + Snyp) / 2. Each variant was compared with the proposed full score
Stotar Using Spearman rank correlation, Kendall rank correlation, and top-k overlap.
Spearman and Kendall correlations evaluate global agreement across the full ranked fea-
ture list, while top-k overlap evaluates whether the same variables are selected for the
highest-priority group.

Table 10 reports the component-ablation results. The single-component variants
show only moderate agreement with the final S;,.,; ranking. The univariate-only S,,;
has a Spearman correlation of 0.5221 and a Kendall correlation of 0.3677 with S;,;4;, while
the bivariate-only score Sp;, shows slightly stronger agreement, with Spearman and Ken-
dall correlations of 0.6145 and 0.4914, respectively. These results indicate that marginal
and dependency-related deviations each contribute to the final ranking, but neither com-
ponent alone fully reproduces the proposed composite score.

The hypothesis-only score Sp,,, shows moderate global rank agreement with S;4¢q,
with Spearman correlation of 0.5867 and Kendall correlation of 0.4359. However, its Top-
10 and Top-20 overlap values are both 0.00. This result is important because it shows that
the final Sy, ranking is not determined by hypothesis-test evidence alone, despite the
generally high values of Sj,,, observed across the feature set. In other words, the equal-
weighted formulation prevents statistically significant but descriptively weaker changes
from automatically dominating the highest-priority review list.
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The two-component variants provide stronger evidence for the complementarity of
the score components. The original descriptive baseline S,;,;.p;, preserves the full Top-
10 review set and 80% of the Top-20 list, confirming continuity with the previous Can-
berra-based framework. However, its global agreement with S;,,,; remains moderate,
with Spearman correlation of 0.6756 and Kendall correlation of 0.5744, showing that the
addition of Sy, changes the broader ranking.

Table 10. Component-ablation comparison with the proposed full score S;,¢q;. Source: Authors’

own elaboration.

Comparison with S, Spearman p Kendall < Top-10 Overlap Top-20 Overlap
Suni 0.5221 0.3677 0.60 0.60
Spiv 0.6145 0.4914 0.70 0.65
Shyp 0.5867 0.4359 0.00 0.00
Suni+biv 0.6756 0.5744 1.00 0.80
Suni+hyp 0.7448 0.5705 0.60 0.60
Shivinyp 0.9842 0.9282 0.70 0.80

The Syni+nyp variant shows higher global agreement than S,,;,p:, but its Top-10
and Top-20 overlap values remain 0.60. This indicates that excluding the bivariate com-
ponent changes the highest-priority review set. The Sy;,4ny, Vvariant shows the strongest
global agreement with S;,:4;, with Spearman correlation of 0.9842 and Kendall correlation
of 0.9282. This suggests that dependency-related deviations and hypothesis-informed ev-
idence are the main drivers of the broader composite ranking in this dataset. Nevertheless,
its Top-10 overlap is 0.70, which means that omitting S,,,; still changes 30% of the highest-
priority feature list.

Overall, the ablation analysis supports the use of the full three-component formula-
tion. No single component fully reproduces the final ranking, and even the strongest two-
component variant does not completely preserve the Top-10 review list. Therefore, com-
bining Syni, Spiv, and Sy, provides a more complete and diagnostically balanced feature
stability ranking than relying on any individual component or two-component subset.

A separate weight-sensitivity analysis was then conducted to evaluate whether the
proposed equal-weighted ranking is sensitive to plausible changes in component weights.
Four alternative weighting schemes were considered: descriptive-prioritized weighting
(0.4Sy5; + 0.4Sp;,, + 0.25p,,,) , hypothesis-prioritized weighting (0.255,,; + 0.255,;, +
0.50S},y,), bivariate-prioritized weighting (0.25S,,,; + 0.5Sp;;, + 0.255},,,), and univariate-
prioritized weighting (O.SSum- + 0.255;, + 0.255hyp). The purpose of this analysis was
not to optimize weights for a specific predictive model, but to assess whether the equal-
weighted formulation provides a stable and transparent baseline for model-agnostic fea-
ture stability ranking.

Table 11 reports the weight-sensitivity results. All four alternative weighting
schemes show high global rank agreement with the proposed equal-weighted S;,.4;, with
Spearman correlations ranging from 0.9332 to 0.9929 and Kendall correlations ranging
from 0.8455 to 0.9501. This indicates that the overall feature ranking is relatively robust to
reasonable changes in component weighting. The descriptive-prioritized and hypothesis-
prioritized variants both preserve the complete Top-10 review list, while the hypothesis-
prioritized variant also preserves the full Top-20 list. This suggests that increasing or de-
creasing the influence of Sj,,, within the tested range does not disrupt the highest-prior-
ity review set.

https://doi.org/10.3390/app16136445



Appl. Sci. 2026, 16, 6445

23 of 33

Table 11. Weight-sensitivity comparison with the proposed equal-weighted score S;,4;. Source:

Authors’” own elaboration.

Alternative Spearman Kendall <
Weighting Formula P P . Top-10 Overlap ~ Top-20 Overlap
Scheme with S;o;r  With S;oim
S YSR——
ESC“I;ZZ PO 0,480 + 0.4 + 028y, 0.9394 0.8648 1.00 0.95
Hypothesis-priori-
ypo tfzséz PHOT 0 258 s + 02585, + 0.50S,,,  0.9519 0.8895 1.00 1.00
Bivariate-oriori.
lva“t"fl‘zeegi’“"“ 0.258,m; + 0.5Spi, + 0255,  0.9332 0.8455 0.80 0.90
Umvartli";zecip“o“' 0.5S,m; + 0.258pi + 02584y, 09929 0.9501 0.80 0.90

The bivariate-prioritized and univariate-prioritized variants show slightly lower top-
k overlap than the descriptive- and hypothesis-prioritized variants, with Top-10 overlap
values of 0.80 and Top-20 overlap values of 0.90. This indicates that placing stronger em-
phasis on a single descriptive component can change part of the highest-priority review
list. However, the global rank correlations remain high, especially for the univariate-pri-
oritized variant, which has the strongest global agreement with S,,.,; among the tested
weighting schemes.

Overall, the ablation and weight-sensitivity analyses provide empirical support for
the proposed equal-weighted fusion strategy. The component-ablation results show that
no individual score fully reproduces the final ranking and that omitting any component
changes either the global ranking or the highest-priority feature list. The weight-sensitiv-
ity analysis shows that the proposed ranking remains broadly stable under reasonable
alternative weighting assumptions. Therefore, equal weighting is retained as a transpar-
ent and reproducible default for pre-modeling feature stability assessment, while adap-
tive or task-specific weighting remains a promising direction for future work when down-
stream model-performance objectives or labeled drift outcomes are available.

4. Discussion

This study extended a previously proposed Canberra-based ETL drift monitoring
framework by adding a hypothesis-informed feature stability component and evaluating
the resulting composite score in the context of pre-modeling feature assessment. The orig-
inal framework provided a descriptive ranking of variables using univariate and bivariate
deviations derived from full exploratory data analysis outputs. The present extension pre-
serves this structure but adds inferential evidence from two-sample statistical tests, ag-
gregated through a harmonic-mean-p-value-based procedure. The aim was not to replace
predictive feature selection methods, but to provide an additional stability-oriented
screening layer for high-dimensional automated machine learning pipelines.

The results show that the proposed composite score S,y can separate different
forms of feature instability. Some variables were prioritized because of strong marginal
or dependency-related deviation, whereas others were elevated because of statistically
supported distributional, location, or dispersion changes. This distinction is important in
recurring ETL environments, where a feature may retain the same name and type while
its statistical behavior changes between deliveries. In such cases, conventional schema
validation may not detect the issue, and predictive feature selection may only identify the
problem after model training or validation.

4.1. Main Findings and Contribution
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The main finding of this study is that adding a hypothesis-informed component ex-
tends the original Canberra-based stability framework without replacing its descriptive
foundation. The univariate and bivariate Canberra scores continue to provide interpreta-
ble measures of marginal and dependency-related deviation, while the newly introduced
Shyp component adds inferential evidence of distributional, location, or dispersion
change. As a result, the final composite score Sy, combines three complementary forms
of information: descriptive marginal deviation, relational deviation, and statistically sup-
ported evidence of instability.

The score distributions showed that the univariate component was generally low
across the aligned feature set, whereas the bivariate component was more dispersed. This
indicates that dependency-related changes were more pronounced than simple marginal
summary-statistic changes for a larger group of features. The hypothesis component pro-
duced the highest values overall, suggesting that many variables exhibited statistically
detectable differences between the reference and current ETL samples. This pattern sup-
ports the interpretation that S, captures a different aspect of feature instability from the
descriptive Canberra-based components.

The ranked-feature results further showed that high final instability scores were not
driven by a single source of evidence. Several variables were dominated by bivariate in-
stability, while others were dominated by hypothesis-supported evidence. Conversely,
the lowest-ranked variables showed consistently low component scores, indicating that
the framework can also preserve stable features in the lower part of the ranking. This
component-level structure makes the score diagnostically useful because it identifies not
only which variables are unstable, but also which type of instability contributes most to
their ranking.

The comparisons between the baseline score and alternative drift measures indicate
that the proposed score preserves continuity with the original framework while adding
new ranking information. Complete Top-10 overlap with Sp4s. shows that the most crit-
ical variables remained prioritized, whereas incomplete agreement with Jensen-Shannon
divergence and Wasserstein distance shows that S;,:,; captures information beyond mar-
ginal distributional change.

Overall, the main contribution is the introduction of feature stability as a pre-model-
ing assessment criterion. The proposed framework does not replace predictive feature se-
lection but provides a stability-oriented screening layer that can help identify variables
requiring review before model-specific feature selection or training.

This interpretation is consistent with recent data-centric artificial intelligence and ma-
chine-learning data-quality studies, which emphasize that reliable model development
depends on systematic evaluation, improvement, and maintenance of data quality
throughout the machine learning lifecycle [10,25,37].

4.2. Interpretation of the Hypothesis-Informed Extension

The hypothesis-informed extension addresses one of the main limitations of the orig-
inal Canberra-based framework: its primarily descriptive nature. The original score quan-
tified how much a feature’s summary statistics or dependency-related metrics changed
between a reference dataset and current ETL delivery. However, it did not indicate
whether the observed deviations were statistically supported. By adding Sy, the present
framework introduces an inferential layer that helps distinguish between descriptive
changes and changes supported by hypothesis-test evidence.

The three tests used in the hypothesis component capture complementary forms of
instability. The Anderson-Darling test contributes evidence about changes in distribu-
tional shape and tail behavior, the Mann-Whitney U test contributes evidence about rank-
based location shifts, and Levene’s test contributes evidence about changes in dispersion.
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This combination is useful in financial ETL data because variables may change in different
ways. A feature may preserve its approximate central tendency while its spread changes,
or it may show a shift in rank distribution without a large change in standard summary
statistics. The hypothesis component therefore broadens the diagnostic scope of the
framework.

The results from the top-ranked features show that S, can reinforce or modify the
interpretation of Canberra-based components. In several cases, variables with high biva-
riate instability also had high hypothesis evidence, suggesting that dependency disrup-
tion was accompanied by statistically detectable distributional, location, or dispersion
changes. In other cases, variables with low descriptive Canberra deviation moved upward
in the ranking because their hypothesis scores were close to 1. These cases are particularly
important because they demonstrate that statistically supported instability can exist even
when marginal summary deviations appear limited.

At the same time, Sp,,, should not be interpreted as a drift magnitude. Very small p-
values may occur when sample sizes are large, even when the practical size of the change
is modest. This was visible in the present results, where the hypothesis component pro-
duced high values for many variables. For this reason, the hypothesis score was not used
as a standalone ranking criterion. Instead, it was integrated with S,,,; and S;,, allowing
statistically detectable differences to be moderated by descriptive and dependency-based
evidence. This design prevents the final ranking from being driven entirely by p-values.

The use of HMP aggregation also supports the diagnostic purpose of the extension.
The individual tests are applied to the same reference-current samples and therefore can-
not be assumed to provide fully independent evidence. The HMP-based procedure pro-
vides a single combined evidence score while retaining sensitivity to strong test signals.
The comparison with Fisher, Stouffer, Tippett, and Bonferroni-type aggregation showed
high global rank agreement, but incomplete top-k overlap. This indicates that the choice
of p-value aggregation method can affect the highest-priority review list, even when over-
all rankings are similar. HMP was retained because it provides balanced aggregation be-
havior: it is sensitive to small p-values while still incorporating information from all avail-
able tests.

The deterministic treatment of degenerate features also contributes to operational ro-
bustness. Some ETL variables may be constant in one delivery and variable in another, or
constant with different values across deliveries. In such cases, formal hypothesis tests may
not be applicable, but the change is still meaningful for feature stability monitoring. As-
signing a deterministic score of 0 for identical constant values and 1 for constant-to-vari-
able or different-constant transitions ensures that structurally important changes are not
lost simply because a statistical test cannot be computed.

Overall, the hypothesis-informed extension should be viewed as an augmentation of
the original Canberra framework rather than a replacement. The Canberra components
provide interpretable measures of descriptive and relational deviation, while S, adds
inferential evidence. Together, the three components create a more complete feature sta-
bility ranking that is better suited for recurring ETL environments, where both magnitude
of change and statistical evidence of change are relevant for pre-modeling feature review.

4.3. Comparison with Baseline and Alternative Drift Measures

The comparison with the original Canberra-based baseline score shows that the pro-
posed extension preserves continuity with the original framework while adding new in-
formation. The complete overlap in the top ten features indicates that the most unstable
variables identified by the original two-component score remained highly prioritized after
the hypothesis component was added. This is important because it shows that the
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extension does not disrupt the main operational signal of the baseline framework. Instead,
it refines the broader ranking by incorporating inferential evidence.

The moderate global rank agreement between S;,¢,; and Spqs. also indicates that
the hypothesis component is not redundant. If the proposed score had been almost iden-
tical to the baseline ranking, the added hypothesis layer would provide limited practical
value. Conversely, if the rankings were completely different, the extension could be con-
sidered unstable or disconnected from the original scoring logic. The observed pattern is
therefore desirable: the most critical features remain preserved, while the ordering of the
wider feature set is adjusted by the additional evidence.

The rank-change analysis further supports this interpretation. Features with very low
baseline Canberra scores but high hypothesis scores moved upward in the composite
ranking. These features represent cases where descriptive summary-statistic and bivariate
deviations were limited, but statistical testing indicated strong evidence of change. Con-
versely, features with relatively high bivariate scores but lower hypothesis scores moved
downward. This demonstrates that the hypothesis component does not simply inflate all
scores; rather, it redistributes priority according to the strength of inferential evidence.

The comparison with Jensen-Shannon divergence and normalized Wasserstein dis-
tance provides a second perspective on the behavior of S;,¢,;. These measures are com-
monly used to compare empirical distributions, but they primarily describe marginal dis-
tributional differences. The proposed composite score is broader because it incorporates
univariate summary-statistic deviation, bivariate dependency-related deviation, and hy-
pothesis-based evidence. For this reason, perfect agreement with Jensen-Shannon or Was-
serstein distance should not be expected.

The weaker agreement with Jensen—-Shannon divergence suggests that the composite
score identifies forms of instability that are not captured by marginal information-theo-
retic divergence alone. Jensen-Shannon divergence is useful for comparing probability
distributions, but it does not directly account for dependency-structure changes or the
combined inferential evidence produced by distributional, location, and dispersion tests.
Therefore, features can receive a high S;,;,; even when their Jensen-Shannon score is not
among the highest.

The stronger agreement with normalized Wasserstein distance suggests that part of
the composite ranking is aligned with numerical distributional displacement. Wasserstein
distance is sensitive to shifts in the location and spread of numerical values, which over-
laps conceptually with some of the evidence captured by Mann-Whitney U and Levene’s
tests. However, the incomplete top-k overlap shows that Wasserstein distance does not
fully reproduce the proposed ranking. This is expected because Wasserstein distance does
not include bivariate dependency information and does not combine multiple diagnostic
dimensions.

To position the proposed framework relative to existing approaches, Table 12 com-
pares it with major methodological directions from the literature, including classical fea-
ture selection, feature-selection stability analysis, data-validation systems, concept drift
and dataset shift methods, and marginal distributional distance measures. The compari-
son shows that the proposed method is not intended to replace these approaches. Instead,
it addresses a complementary pre-modeling task: ranking candidate features according to
their stability across recurring ETL deliveries before model-specific feature selection or
training is performed.
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Table 12. Comparison of the proposed feature stability framework with related methodological ap-

proaches. Source: Authors” own elaboration.

Approach

Limitations Relative to the Proposed

Main Focus Main Advantages
Framework

Classical feature selection dundancy reduction, and model optimization

methods [1-5]

Predicti 1 - Directl
redictive relevance, re irectly support Usually do not evaluate whether fea-

tures remain statistically stable across

model-specific feature use- and dimensionality recurring ETL deliveries

fulness reduction

Feature selection stability
methods [6]

Reproducibility of selected ~ Highlight the im-
feature subsets across data portance of stable fea-
perturbations or ture subsets for relia-
resampling ble modeling

Focus mainly on the stability of selected
subsets rather than pre-modeling drift
of individual ETL variables

Data-validation and data
quality systems [7-10]

Effective for detecting May not capture subtle marginal, de-

Schema checks, type vali- . .
yP structural errors, inva- pendency-related, or hypothesis-sup-

dation, rule violations, and . . . .
lid values, and lifecy- ported feature instability when schema

data-quality requirements
quattty req cle data-quality issues checks pass

Concept drift and dataset
shift methods [12-18]

Provide strong theo-
Changes in data distribu-  retical and practical
tions, target relationships, foundations for moni-
or production data streams toring changing data
environments

May require labels, model outputs,
stream assumptions, or full raw distri-
butions, and may not produce interpret-
able variable-level stability components

Marginal Distributional
distance measures [19-23]

. L Useful for measuring Primarily focus on marginal distribu-
Quantification of distribu- & y &

tional differences using di-
vergence, distance, or test
statistics

marginal distribu-  tions and do not jointly integrate uni-
tional change and  variate EDA deviations, bivariate de-
supporting drift diag- pendency changes, and aggregated hy-
nostics pothesis-test evidence

Proposed hypothesis-in-
formed stability frame-
work

Combines descriptive,
Pre-modeling feature sta- relational, and infer-
bility ranking across recur- ential evidence into an
ring ETL deliveries  interpretable variable-
level score

Does not replace predictive feature se-
lection and requires further validation
across public datasets, multiple ETL cy-
cles, and downstream modeling tasks

Compared with classical feature selection, the proposed framework evaluates feature
reliability rather than predictive usefulness. Compared with data-validation systems, it
focuses on statistical and relational changes that may remain hidden after schema and
type checks have passed. Compared with concept drift and dataset shift methods, it pro-
vides a variable-level ranking designed for recurring batch ETL outputs rather than a gen-
eral stream-level drift decision. Finally, compared with Jensen—Shannon divergence, Was-
serstein distance, and related marginal distributional measures, the proposed score inte-
grates additional evidence from bivariate EDA deviations and hypothesis-test aggrega-
tion. These differences support the interpretation of S;,:q; as a complementary stability-
oriented feature assessment score rather than as a substitute for existing feature-selection,
data-validation, or drift-detection methods.

Overall, the comparison indicates that S;,.,; behaves as a broader feature stability
measure rather than as a direct substitute for any single distributional distance. Jensen—
Shannon divergence and Wasserstein distance remain useful reference measures, but they
answer a narrower question: how much the marginal empirical distribution of a feature
has changed. The proposed score addresses a wider operational question: whether a fea-
ture remains stable enough across ETL deliveries to be trusted as an input to downstream
machine learning workflows.

4.4. Implications for Feature Selection
https://doi.org/10.3390/app16136445
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The proposed framework positions feature stability as a complementary criterion for
feature selection in automated machine learning pipelines. Conventional feature selection
methods usually focus on predictive relevance, redundancy, or model-specific contribu-
tion. These criteria are essential, but they do not necessarily indicate whether a feature
remains reliable across recurring ETL deliveries. A variable may be highly predictive in
one training cycle while being unstable because of changes in source systems, missingness
patterns, transformations, or population composition. For this reason, stability assessment
should be performed before or alongside predictive feature selection.

The results of the stability-band analysis show the practical relevance of this addi-
tional screening layer. Only a small proportion of variables fell into the stable band, while
most variables were assigned to the moderate-instability category. This does not imply
that most variables should be removed from modeling. Rather, it indicates that a large
part of the feature space requires some degree of review before automated model training.
The high-instability group represents the clearest set of candidates for immediate valida-
tion, transformation, or exclusion, whereas the moderate-instability group may require
targeted review, monitoring, or domain-specific assessment.

This interpretation is especially important in high-dimensional financial ETL envi-
ronments. When hundreds of variables are available, manual inspection of every feature
is impractical. A ranked stability score provides a way to prioritize review effort. Features
with high S, can be examined first, while features with low scores can be retained with
lower immediate concern from a stability perspective. This supports a more efficient fea-
ture governance process, particularly when new ETL deliveries are received periodically
and model-development teams must decide quickly whether the data are suitable for
training or scoring.

The proposed score also supports feature selection by reducing the risk that unstable
variables are selected because of temporary or delivery-specific predictive relevance. In
automated modeling workflows, unstable variables may appear useful during one train-
ing cycle but later degrade model reliability when their distribution or dependency struc-
ture changes. By flagging such variables before model-specific feature selection is per-
formed, the framework can help reduce the likelihood that downstream algorithms select
features that are statistically unreliable across deliveries.

At the same time, the proposed stability ranking should not be interpreted as a re-
placement for predictive feature selection. A stable feature may still have little or no rela-
tionship with the modeling target, and an unstable feature may still contain valuable pre-
dictive information. Therefore, the framework is best understood as a pre-modeling as-
sessment layer. It identifies features that require review from a stability perspective, after
which domain experts or automated model-selection procedures can decide whether to
retain, transform, monitor, or exclude them.

In this way, the proposed method connects data drift monitoring with feature selec-
tion support. It shifts part of the feature-selection process upstream, before model train-
ing, by asking whether candidate variables are statistically reliable enough to be consid-
ered for modeling. This is particularly relevant for automated machine learning pipelines,
where feature selection and model training may proceed with limited manual interven-
tion. By providing a transparent and interpretable stability ranking, the framework con-
tributes to more robust feature assessment in high-dimensional, production-oriented en-
vironments.

4.5. Limitations and Future Work

Several limitations should be considered when interpreting the results. First, the
study was conducted on confidential financial ETL data, and the original feature names,
raw observations, and business semantics could not be disclosed. Although anonymized
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feature identifiers and aggregate score distributions allow the methodological behavior of
the framework to be reported, they limit the extent to which individual feature-level find-
ings can be externally interpreted. Although the anonymized reporting preserves feature
types, score values, ranks, component contributions, and comparative evaluation outputs,
the use of a single confidential financial ETL dataset limits external generalization. The
present study therefore evaluates the proposed framework in the operational setting for
which the baseline Canberra-based monitoring approach was originally developed, but it
does not claim domain-independent validation. Future work should evaluate the method
on public high-dimensional datasets or simulated recurring ETL scenarios with controlled
drift mechanisms. Such evaluation would allow the framework to be tested across differ-
ent domains, feature types, drift magnitudes, and data-generation settings. This limitation
is common in applied financial-data studies, but future work should evaluate the method
on additional datasets where more detailed feature semantics can be reported.

Second, the hypothesis component and the alternative distributional drift measures
were computed from stored feature samples rather than complete raw feature distribu-
tions. This design preserves the computational efficiency and compact-output philosophy
of the original EDA-based framework, but it means that Sj,,, Jensen-Shannon diver-
gence, and Wasserstein distance should be interpreted as sample-based indicators. This
trade-off is consistent with recent work emphasizing that unsupervised drift-monitoring
methods in operational machine learning settings must balance statistical sensitivity, in-
terpretability, and computational cost [18,38]. The Canberra-based univariate and bivari-
ate scores remain based on full EDA summary metrics, whereas the inferential and distri-
butional comparison components provide approximate evidence from sampled values.
Sampling variability therefore remains a limitation of the hypothesis component because
different samples could still produce small changes in individual p-values and in the or-
dering of features with similar S, values. However, this effect was reduced in the pre-
sent implementation by using a fixed random state during sample extraction. Future stud-
ies could compare sample-based and full-data implementations and evaluate repeated
sampling, bootstrap confidence intervals, and ranking sensitivity to sample size, sampling
strategy, and rare-level preservation.

Third, the statistical tests were applied as two-sample population-level comparisons
between the reference and current ETL deliveries. In recurring financial datasets, some
customers or contracts may appear in both deliveries, while others enter or leave the pop-
ulation. Therefore, the tests should be interpreted as indicators of feature-level instability
across population snapshots rather than as paired record-level tests. If stable identifiers
and sufficient overlap are available, future versions of the framework could incorporate
paired or longitudinal tests to distinguish within-entity change from population-compo-
sition change.

Fourth, the hypothesis score reflects inferential evidence rather than drift magnitude.
Large samples can produce very small p-values even when the practical size of the differ-
ence is modest. This was one reason for integrating Sj,,, with the univariate and bivariate
Canberra components rather than using it as a standalone score. Future work could incor-
porate effect-size measures alongside p-values, such as rank-biserial correlation, stand-
ardized median differences, robust variance ratios, or distributional effect sizes. This
would allow the hypothesis component to express both statistical evidence and practical
magnitude.

The hypothesis component was also limited to Anderson-Darling, Mann-Whitney
U, and Levene tests. Although these tests capture complementary distributional, location,
and dispersion changes, other statistical tests and drift detectors may produce different
sensitivity profiles. Future work should examine additional methods such as Kolmogo-
rov-Smirnov tests, Cramér-von Mises tests, energy distance, maximum mean
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discrepancy, population stability index, and categorical distribution tests, especially for
mixed-type, sparse, and highly imbalanced variables.

Fifth, the present study used equal weighting for S, Sy, and Sy, . Equal
weighting was chosen to preserve transparency and avoid model-specific tuning, but dif-
ferent operational settings may require different weighting schemes. For example, a pipe-
line focused on relational stability may give higher weight to Sp;,, while a pipeline fo-
cused on inferential evidence may give greater weight to Sj,,,,. Future research could eval-
uate adaptive or data-driven weighting strategies, including weights based on historical
drift behavior, model sensitivity, or expert-defined risk priorities.

Finally, the stability bands used in Section 3 are descriptive prioritization bands, not
universal decision thresholds. The same score interval may have different operational
meaning across institutions, data domains, or modeling objectives. Future work should
therefore examine calibration across multiple ETL cycles, multiple institutions, and differ-
ent modeling tasks. Longitudinal evaluation would also allow the framework to be linked
with downstream model-performance degradation, enabling researchers to test whether
high feature instability scores predict reduced model reliability over time.

The present study also did not directly evaluate whether excluding, transforming, or
down-weighting high-instability features improves downstream machine learning per-
formance. Therefore, the practical modeling value of the proposed score is inferred from
its diagnostic behavior and feature-prioritization capability rather than from direct pre-
dictive-performance experiments. Future validation should link S;,;, with downstream
model-level metrics, such as AUC, Fl-score, accuracy, calibration error, prediction stabil-
ity, and performance degradation across recurring ETL cycles. Such experiments would
test whether features with high instability scores are associated with reduced model ro-
bustness and whether stability-aware feature filtering improves downstream perfor-
mance.

Overall, future extensions should focus on multi-cycle validation, effect-size integra-
tion, paired-data testing where applicable, adaptive thresholding, and direct connection
with downstream model performance. These directions would further strengthen the
framework as a stability-aware feature assessment layer for automated machine learning
pipelines.

5. Conclusions

This study extends the Canberra-based feature drift framework with a hypothesis-
informed component for high-dimensional ETL-based machine learning pipelines. The
extension adds an inferential layer to the original descriptive scoring approach, allowing
feature instability to be assessed not only through univariate and bivariate deviations, but
also through statistically supported evidence of distributional, location, and dispersion
change.

The results indicate that the hypothesis component provides additional prioritization
value without replacing the original Canberra-based structure. The highest-priority vari-
ables identified by the baseline framework remained prominent, while the broader rank-
ing was refined by the inclusion of Sj,,,. This shows that the proposed score can preserve
continuity with the original monitoring approach while improving its diagnostic depth.

The comparison with Jensen—Shannon divergence and normalized Wasserstein dis-
tance further showed that the proposed composite score captures information beyond
marginal distributional change. This is important in operational ETL environments, where
instability may appear not only as distributional shift, but also as dependency disruption
or statistically supported changes that are not fully reflected in descriptive summaries
alone.
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From a practical perspective, the framework provides a stability-oriented pre-mod-
eling assessment layer. It does not replace predictive feature selection but supports it by
identifying variables that should be reviewed, monitored, transformed, or potentially ex-
cluded before automated model training. This makes the method particularly relevant for
high-dimensional financial pipelines where manual feature inspection is difficult, and re-
curring data deliveries may introduce subtle but important changes.

Although the framework was developed and evaluated in a financial ETL setting, the
same logic may be useful in other domains where high-dimensional data are received in
recurring batches and feature reliability is important. Potential applications include insur-
ance risk modeling, healthcare data pipelines, fraud detection systems, credit monitoring,
customer analytics, industrial sensor monitoring, and other production machine learning
environments where variables may drift before model performance degradation becomes
visible.

Future work should evaluate the framework across multiple ETL cycles, additional
datasets, and downstream modeling tasks. Further development may include effect-size
integration, adaptive weighting of score components, paired or longitudinal testing when
stable record identifiers are available, and empirical assessment of whether feature insta-
bility scores predict model-performance degradation over time.
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