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A B S T R A C T

Dielectric properties are fundamental to chemical engineering, enabling applications in separation processes, 
process monitoring, reaction engineering, material characterization, heat transfer, and sensing systems. The 
growing adoption of machine learning in materials science is reflected in Next Research's expanding publication 
record on dielectric properties analysis, feature importance, SHAP, LIME, Random Forest, and XGBoost. How
ever, AI misapplications remain widespread due to a critical but overlooked distinction: while prediction ac
curacy can be validated against ground truth, feature importance lacks equivalent verification, making 
supervised model interpretations unreliable for causal inference. This paper demonstrates these pitfalls by 
comparing supervised models (Random Forest, XGBoost), unsupervised approaches (feature agglomeration, 
highly variable gene selection), and non-target-prediction methods (Spearman's correlation) on a publicly 
available dielectric ceramic dataset. Using a novel leave-top-feature-out approach evaluating consistency and 
dose-response relationships, results show that unsupervised methods produce significantly more stable feature 
rankings, while supervised models exhibit erratic instability, confirming that prediction accuracy cannot serve as 
a proxy for three dimensional feature importance.

Introduction

Dielectric properties play a significant role in various aspects of 
power sources. In energy storage systems such as batteries and super
capacitors, dielectric properties are critical for electrolyte character
ization, determining ionic conductivity and permittivity of electrolyte 
solutions, as well as evaluating separator membranes to optimize charge 
transport and safety. In fuel cells, dielectric measurements help monitor 
membrane hydration levels in proton exchange membrane fuel cells, 
where moisture content directly impacts proton conductivity, and also 
assist in quality control of membrane electrode assemblies during 
manufacturing. For solar energy systems, dielectric properties are used 
to characterize encapsulant materials such as EVA films in photovoltaic 
applications, ensuring long-term durability and minimal energy loss, 
while also supporting fault detection and degradation monitoring in 
solar panels through capacitive sensing techniques. In power electronics 
and conditioning, dielectric properties are essential in capacitor design 
and selection for power inverters and converters, where the dielectric 
constant and loss factor determine energy storage efficiency and thermal 
performance. For renewable energy storage, dielectric heating is applied 
in the processing and drying of electrode materials used in next- 

generation battery manufacturing. The most commonly measured pa
rameters across these applications are the dielectric constant and loss 
factor, which indicate how a material stores and dissipates electrical 
energy, both of which are fundamental to improving the efficiency, 
reliability, and performance of modern power source technologies.

The growing integration of machine learning interpretability 
methods in materials science is clearly reflected in the publication re
cord of the Next Research, which has featured 161 articles on dielectric 
properties analysis, 56 articles on feature importance, 86 on feature 
selection, 43 on SHapley Additive exPlanations (SHAP), 8 on Local 
Interpretable Model-agnostic Explanations (LIME), 158 on Random 
Forest, and 70 on XGBoost, despite the complete absence of ground truth 
against which feature assessments can be validated. This accelerating 
publication trend reflects the materials science community's expanding 
interest in establishing true associations or reliable feature importance 
through data-driven approaches. This paper theoretically discusses the 
complete absence of ground truth in feature assessments derived from 
supervised models, whether or not SHAP or LIME is applied, thereby 
highlighting the need for external feature validation, and empirically 
demonstrates the quality of selected features across three dimensions. 
This stands in contrast to existing studies, which rely solely on cross- 
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validation accuracy under the implicit and unproven assumption that 
high target-prediction accuracy guarantees reliable feature importance, 
notwithstanding the absence of any ground truth for feature assessment.

Despite this momentum, AI misapplications remain widespread, 
largely due to insufficient understanding of supervised learning princi
ples. A critical gap exists between prediction and interpretation: while 
prediction accuracy can be validated against ground truth labels, feature 
importance lacks any equivalent validation reference, making it inher
ently unverifiable. As a result, SHAP-based and LIME-based in
terpretations, which depend entirely on the underlying model, inherit 
this unvalidated nature and should not be treated as objective measures 
of true feature relevance. Moreover, establishing causal associations 
requires systematic evaluation of consistency, plausibility, and dose- 
response relationships, criteria that existing studies frequently over
look. Without such validation, feature importances should be regarded 
as predictive correlations rather than confirmed causal drivers.

To address these concerns, this paper identifies key methodological 
deficiencies in applying supervised models for feature evaluation and 
selection. Central to this critique is the distinction between two funda
mentally different types of accuracy: predicting target outcomes and 
identifying important features. While prediction accuracy can be vali
dated against ground truth, feature importance lacks equivalent verifi
cation mechanisms. A widespread misconception assumes that high 
predictive performance guarantees reliable feature importance assess
ments. This assumption is fundamentally flawed, as no guaranteed 
relationship exists between these two forms of accuracy, a disconnect 
that can render feature importance determinations unreliable even 
when predictive performance appears excellent.

This disconnect manifests directly in the inconsistency of feature 
importance rankings across different algorithms. Without ground truth 
for validation, different supervised models inevitably generate varied 
and often conflicting feature importance rankings, leading to model- 
dependent interpretations that are inherently inconsistent and poten
tially misleading. More fundamentally, feature importance in supervised 
models measures a feature's contribution to prediction accuracy rather 
than its actual causal relationship with the target variable. As a result, 
even highly accurate predictive models may produce unreliable feature 
importance rankings [1–9], since model-derived importance scores are 
optimized for prediction performance rather than for identifying true 
underlying relationships [10–20].

The function call explainer = SHAP(model) illustrates this de
pendency explicitly: SHAP is mathematically constrained to operate on a 
given supervised model, meaning its attributions can never exceed the 
reliability of that underlying model's feature-target associations. If the 
base model encodes spurious or unstable relationships, SHAP does not 
correct for this—it faithfully propagates, and can even amplify, these 
biases while presenting them through visually compelling and seem
ingly rigorous outputs. The same logic applies to LIME, which locally 
approximates the same unvalidated model. This creates a false sense of 
methodological rigor: the mathematical sophistication of Shapley values 
or local surrogate models does not compensate for the fundamental 
absence of ground truth in feature importance. In other words, 
explainability tools can make an unreliable result look more trustworthy 
without making it more true. Consequently, whether feature importance 
is derived directly from a supervised model or indirectly through SHAP 
or LIME, all such outputs remain fundamentally unverifiable and should 
not be interpreted as evidence of genuine causal or mechanistic re
lationships. This underscores the necessity of external, model- 
independent validation—such as the three-dimensional feature quality.

Recognizing that no algorithm can flawlessly determine true causal 
associations, evaluation efforts must prioritize two essential criteria: 
consistency and dose-response relationships [21–30]. Consistency refers 
to associations that remain stable across diverse studies, settings, and 
populations, thereby reducing the likelihood that observed relationships 
are artifacts of a specific dataset or modeling choice. Dose-response re
lationships, in turn, reveal systematic and monotonic changes in 

outcomes corresponding to variations in exposure levels, providing 
mechanistic plausibility to observed associations. Despite their critical 
importance, these two criteria have been largely neglected in research 
representing a significant gap that undermines the scientific rigor of 
feature importance analyses in the field.

This paper introduces a novel "leave-top-feature-out" (LTFO) 
approach to address these issues. The method works by: first selecting 
the top n features from the complete dataset (set1), then removing the 
highest-ranked feature to create a reduced dataset, subsequently rese
lecting the top n-1 features from this reduced dataset (set2), and finally 
comparing feature importance ranking orders between the two sets. This 
approach reveals that removing the highest-ranked feature significantly 
impacts the ranking order of remaining features, providing valuable 
insights into the consistency and dose-response relationships among 
variables. LTFO has been validated successfully across diverse domains 
and disciplines employing different datasets to demonstrate its meth
odological robustness [30–39].

This paper demonstrates the fundamental pitfalls of using supervised 
models for feature importance or selection by systematically evaluating 
both consistency and dose-response relationships across multiple 
methodologies. The key contribution is a comprehensive comparative 
analysis between supervised models (Random Forest, XGBoost) with and 
without SHAP or LIME, unsupervised approaches (feature agglomera
tion, highly variable gene selection), and non-target-prediction methods 
(Spearman's correlation) using a publicly available dataset for dielectric 
ceramic design. Through this analysis, the paper reveals that supervised 
models frequently exhibit instability in feature importance rankings due 
to their inherent model-specific architecture and potential label-driven 
errors. In contrast, unsupervised models and non-target prediction 
methods demonstrate significantly greater stability in feature ranking 
orders, primarily because they operate without the influence of label- 
driven biases. This finding represents an important advancement for 
materials science researchers seeking reliable feature importance or true 
association assessments for material property prediction and design.

Methods

This paper employs a publicly available dataset of dielectric ceramic 
design from Mendeley Data [40], which contains 15,172 instances and 
55 features. We utilized the "data.xlsx" file, focusing on the "Dielectric 
Constant" as our target variable and retaining only the relevant feature 
columns. The final dataset had a shape of (15,172, 55) with all features 
being either integers or real numbers. All rows with missing values 
(NaN) were removed. For a fair comparison, default settings are used for 
all feature selection algorithms. For SHAP and LIME, randomly selected 
100 instances are employed rather than full instances.

We implemented multiple feature selection algorithms to identify the 
most significant predictors of dielectric properties: Random Forest 
Importance, where features were ranked by their contribution to vari
ance reduction; XGBoost Importance using the gain-based importance 
metric from gradient boosted trees; Feature Agglomeration (FA), which 
applied hierarchical clustering of features with selection of top features 
across all clusters; Highly Variable Gene Selection (HVGS) ranking 
features by their variance; and Spearman's Correlation ranking features 
by their absolute correlation coefficient with the target variable. Since 
FA, HVGS, and Spearman correlation do not provide built-in predictive 
capability, Random Forest was employed as the downstream model for 
cross-validation in these cases. In addition, four feature selection 
approaches—RF-SHAP, XGB-SHAP, RF-LIME, and XGB-LIME—were 
implemented for comparison.

For model evaluation, we used R-squared as our accuracy metric. 
Based on the leave-top-feature-out approach, we selected the top 10 
features from the full feature set to create a reduced dataset (set1). 
Additionally, we removed the highest-ranked feature from the full set 
and reselected the top 9 features to create a second reduced dataset 
(set2). Both sets were evaluated using 5-fold cross-validation with their 
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respective feature selection algorithms. For FA, HVGS, and Spearman's 
correlation methods, Random Forest was used as the underlying model 
for cross-validation. The results were compiled into a summary table 
saved as "result.csv" containing the method name, cross-validation ac
curacy for both feature sets, along with the top 5 features from set1 and 
top 4 features from set2. For purposes of reproducibility and trans
parency, Python code, dielectric.py is publicly available at GitHub [41].

Results

Table 1 summarizes cross-validation accuracies alongside the top- 
ranked features identified by each algorithm. Overall, the results 
reveal a clear dissociation between predictive performance and the 
consistency and stability of feature importance rankings.

The supervised learning models (RF, XGB, RF-SHAP, XGB-SHAP, RF- 
LIME, and XGB-LIME) achieved high target prediction accuracy, with 
cv10 mean values ranging from 0.931 to 0.988 for most tree-based 
methods (RF, RF-SHAP, and XGB-SHAP). However, despite this strong 
predictive performance, these models exhibited pronounced inconsis
tency and instability in their feature ranking orders, both with and 
without the application of post-hoc interpretability techniques such as 
SHAP or LIME. Specifically, the identity, order, and composition of the 
top 5 and top 4 ranked features varied substantially across RF, XGB, RF- 
SHAP, XGB-SHAP, RF-LIME, and XGB-LIME, indicating that the appli
cation of SHAP or LIME did not reconcile the underlying disagreement in 
feature attribution across algorithms while SHAP and LIME often 
improve target prediction accuracy. Notably, XGB alone showed mark
edly lower and unstable cross-validation accuracy (cv10 = 0.303, 
cv9 = 0.307) coupled with a feature ranking that diverged considerably 
from all other supervised variants, further underscoring the instability of 
feature importance estimation in this model class. Bolded entries in 
Table 1 highlight the specific features whose rankings fluctuated 
inconsistently across these supervised approaches.

In marked contrast, the unsupervised model (FA) and the Spearman 
correlation-based ranking exhibited perfect consistency and stability in 
their feature rankings, with identical top 5 and top 4 feature sets and 
orders reproduced across the cv10 and cv9 evaluation schemes. This 
stability, however, was accompanied by comparatively low and unstable 
predictive accuracy for FA (cv10 = 0.689, cv9 = 0.330) and consistently 
low accuracy for Spearman (cv10 = cv9 = 0.310), suggesting that the 
stability of these rankings does not necessarily translate into strong 
predictive capability.

Notably, HVGS occupied an intermediate and favorable position 

between these two extremes: it demonstrated relatively high and stable 
prediction accuracy (cv10 = 0.715, cv9 = 0.716) while simultaneously 
achieving perfect consistency in its top 5 and top 4 feature rankings 
across both cross-validation schemes. This combination indicates that 
HVGS was the only method to reconcile reasonably strong predictive 
performance with fully reproducible feature attribution, distinguishing 
it from both the high-accuracy‑but-unstable supervised models and the 
stable‑but-lower-accuracy unsupervised/correlation-based approaches.

Discussion

This study empirically demonstrates a critical insight for materials 
informatics: high prediction accuracy does not guarantee reliable 
feature importance rankings. Random Forest achieved an accuracy of 
0.988 in CV10 but dropped sharply to 0.391 in CV9, despite strong 
feature inconsistency and instability between the two sets. This dramatic 
decline demonstrates that the single feature removed between CV10 and 
CV9 dominantly drives the target prediction accuracy and exhibits 
feature inconsistency and dose-response.

The overwhelming majority of existing studies have failed to 
recognize that feature importance derived from supervised models, 
whether through intrinsic model attributes or post-hoc explanation tools 
such as SHAP and LIME, lacks any ground truth against which its cor
rectness can be verified, yet such outputs are routinely treated as cred
ible causal insights without validating consistency or dose-response 
relationships. Critically, SHAP and LIME are explanation techniques 
layered on top of an underlying supervised model; they can only redis
tribute or approximate the importance signal already embedded in that 
model, and thus cannot resolve instability that originates from the 
model's own sensitivity to training data composition, hyperparameters, 
or label noise. In other words, no matter how sophisticated the expla
nation method, it cannot manufacture ground truth that does not exist in 
the first place; it can only describe, with greater or lesser fidelity, the 
same ungrounded importance signal produced by the model itself. 
Improving predictive accuracy through better model tuning, or 
improving explanation fidelity through SHAP or LIME, therefore ad
dresses an entirely different problem than establishing which features 
are consistently and causally associated with the target property. This 
systemic omission undermines the scientific integrity of feature impor
tance claims across the field and empirically refutes the widespread 
assumption that high predictive performance, or the availability of a 
sophisticated post-hoc explanation method, validates feature impor
tance interpretations. It is precisely this complete absence of ground 

Table 1 
Cross-validation accuracy and feature ranking orders across algorithms.

method cv10 
mean

cv9 
mean

Top 5 feature rankings Top 4 feature rankings

RF 0.988 0.391 temperature, pellet_diameter, BT_content, BMT_content, 
upper_limits_of_sintering_temp

pellet_diameter, sintering_container_alumina_crucible, 
BT_content, BMT_content

XGB 0.303 0.307 sintering_container_alumina_crucible, pellet_diameter, raw_MgO, 
upper_limits_of_calcination_temp, NaNbO3_content

pellet_diameter, upper_limits_of_calcination_temp, 
calcination_time, ectrode_gold

RF-SHAP 0.988 0.396 temperature, pellet_diameter, sintering_container_alumina_crucible, 
BT_content, BMT_content

pellet_diameter, sintering_container_alumina_crucible, BT_content, 
BMT_content

XGB- 
SHAP

0.979 0.394 temperature, BT_content, pellet_diameter, frequency, 
Lower_limits_of_sintering_temp

pellet_diameter, BT_content, 
sintering_container_alumina_crucible, NaNbO3_content

RF-LIME 0.973 0.97 NaNbO3_content, sintering_container_alumina_crucible, pellet_diameter, 
temperature, BMT_content

sintering_container_alumina_crucible, pellet_diameter, 
temperature, BT_content

XGB- 
LIME

0.931 0.935 NaNbO3_content, BT_content, temperature, 
sintering_container_alumina_crucible, pellet_diameter

raw_MgCO3_5H2O, BT_content, temperature, 
sintering_container_alumina_crucible

FA 0.689 0.33 upper_limits_of_calcination_temp, NaNbO3_content, milling_speed, 
electrode_bonding_temp, Lower_limits_of_sintering_temp

NaNbO3_content, milling_speed, electrode_bonding_temp, 
Lower_limits_of_sintering_temp

HVGS 0.715 0.716 milling_speed, frequency, electrode_bonding_temp, 
binder_removal_firing_temp, temperature

frequency, electrode_bonding_temp, binder_removal_firing_temp, 
temperature

Spearman 0.31 0.31 upper_limits_of_calcination_temp, NaNbO3_content, post- 
calcination_grinding_time, sintering_ramp_rate_C_per_min, 
electrode_bonding_time_min

NaNbO3_content, post-calcination_grinding_time, 
sintering_ramp_rate_C_per_min, electrode_bonding_time_min

Bold entries indicate features with inconsistent and unstable rankings.

Y. Takefuji                                                                                                                                                                                                                                       Next Research 13 (2026) 102457 

3 



truth that necessitates an external, independent validation framework 
capable of assessing feature importance through criteria, such as con
sistency and dose-response behavior, that are not themselves derived 
from the model being evaluated.

While SHAP and LIME often improve model predictions, as demon
strated in Table 1, they cannot examine feature consistency or dose- 
response relationships on their own, since both methods rely solely on 
a given supervised model and therefore inherit its unvalidated and 
potentially unreliable feature importance estimates. External feature 
validation frameworks, such as LTFO, are consequently needed to 
independently verify these relationships.

Feature importances derived from supervised models, whether ob
tained directly from model-internal metrics or through post-hoc ex
plainers such as SHAP and LIME, are inherently skewed because these 
models optimize for prediction accuracy rather than true causal asso
ciations. Much of this instability stems from label-driven errors, as su
pervised models are guided by target values that may contain 
measurement noise or experimental variability, and SHAP or LIME ex
planations inherit this same label-driven bias because they are computed 
relative to the predictions of the very model that was fit to those noisy 
labels. Existing studies have treated prediction-optimized importance 
scores—including SHAP values, which are often presented as offering 
greater theoretical rigor through their basis in cooperative game 
theory—as causally validated associations, a conflation that this paper 
both theoretically critiques and empirically exposes. When the top- 
ranked feature is removed under the leave-top-feature-out framework, 
supervised models such as Random Forest and XGBoost produce almost 
entirely different feature importance rankings, generating inconsistent 
and potentially misleading structure-property interpretations. This 
instability would be expected to propagate directly into any SHAP- or 
LIME-based explanation of these same models, since both techniques 
operate on the model's fitted decision boundaries rather than on any 
independent, label-free structure in the data. That existing studies have 
overwhelmingly failed to apply cross-algorithm consistency 
checks—and have similarly failed to test whether SHAP or LIME ex
planations remain stable when the model is retrained under a leave-top- 
feature-out design—represents a critical gap that this paper directly 
addresses.

The two validation criteria most consequentially neglected by 
existing studies are feature consistency and dose-response relationships. 
Consistency, defined as the stability of feature importance rankings 
across different algorithms and dataset configurations, has been almost 
entirely absent from published analyses, including those relying on 
SHAP and LIME, which are typically computed for a single fitted model 
on a single dataset split without any cross-algorithm or cross- 
configuration comparison. Dose-response relationships, which require 
that removing a truly important feature produces predictable and pro
portional changes in model performance, have been similarly over
looked despite representing a fundamental criterion for inferring causal 
associations; notably, SHAP and LIME are not designed to test this cri
terion at all, since they quantify each feature's contribution to a given 
prediction rather than the causal consequence of the feature's removal 
from the modeling process. The collective failure to enforce these 
criteria means that a potentially substantial proportion of reported 
structure-property relationships in the materials science 
literature—including many explanations attributed to SHAP or 
LIME—may reflect modeling artifacts rather than genuine physical 
mechanisms. This paper addresses this failure both theoretically and 
empirically, demonstrating that supervised models, and by extension the 
post-hoc explainers built upon them, fail these criteria while unsuper
vised and correlation-based methods satisfy them.

In contrast, unsupervised and correlation-based methods demon
strated substantially stronger empirical support for genuine structure- 
property relationships. Feature Agglomeration, Highly Variable Gene 
Selection, and Spearman's correlation all maintained identical or nearly 
identical feature rankings across both validation sets, satisfying the 

consistency criterion that existing studies—including those relying on 
SHAP or LIME as their principal interpretability tool—have routinely 
ignored. These methods achieve stability precisely because they operate 
independently of target labels, avoiding the label-driven biases that 
systematically distort supervised importance rankings and that are 
consequently inherited, rather than corrected, by SHAP and LIME. A 
particularly striking finding emerged from Feature Agglomeration, 
where removing the top-ranked feature actually decreased predictive 
accuracy from 0.689 to 0.330. This counterintuitive result reveals that 
the highest-ranked feature was in fact substantially responsible for the 
model's predictive performance, directly demonstrating that structural 
feature importance and predictive contribution are analytically distinct 
quantities that existing studies, including those relying on SHAP- or 
LIME-based rankings, have problematically conflated.

The leave-top-feature-out framework also enabled rigorous evalua
tion of dose-response relationships. Supervised models exhibited irreg
ular and inconsistent performance changes upon feature removal, 
incompatible with genuine dose-response behavior; because SHAP and 
LIME explanations are derived from these same unstable models, any 
dose-response narrative constructed from SHAP or LIME values would 
be equally unreliable, even though such narratives are rarely tested 
empirically in the literature. In contrast, HVGS not only maintained 
near-perfect stability in feature rankings (0.715 versus 0.716) but also 
demonstrated consistent and interpretable accuracy changes, providing 
converging evidence that its identified features, including milling speed, 
frequency, electrode bonding temperature, and binder removal firing 
temperature, genuinely govern dielectric behavior. This convergence of 
consistency and dose-response evidence represents a substantially more 
rigorous validation standard than prediction accuracy alone—or than 
the explanatory sophistication offered by SHAP and LIME—a standard 
that supervised models, and the post-hoc explainers built upon them, 
systematically fail to meet.

These findings carry direct practical implications for the materials 
science community. Researchers employing SHAP values, LIME, or other 
supervised model-derived importance metrics to guide experimental 
design or identify processing-structure-property linkages must recognize 
that such interpretations are model-dependent and unvalidated against 
any causal ground truth. It is particularly important to emphasize that 
adopting SHAP or LIME does not, by itself, resolve the inconsistency and 
instability documented in this study: these tools may enhance the 
transparency or local interpretability of a given model's predictions, and 
in some cases modestly improve perceived explanatory plausibility, but 
they operate downstream of the same unstable model and therefore 
cannot correct for ranking instability that arises from the model-fitting 
process itself. Without complementary evaluation using consistency 
and dose-response criteria, reported feature importances—regardless of 
whether they are derived from raw model metrics or from SHAP and 
LIME—may reflect modeling artifacts rather than genuine material 
physics. These results therefore advocate for a paradigm shift in mate
rials informatics practice, wherein feature importance validation is 
treated as a distinct and mandatory analytical step that is not conflated 
with predictive performance evaluation or with the use of increasingly 
popular post-hoc explanation tools such as SHAP and LIME.

A significant limitation of this study is its focus on a single dielectric 
ceramic dataset, which constrains immediate generalizability. Future 
work should systematically extend this leave-top-feature-out validation 
framework across diverse material classes, including piezoelectrics, 
thermoelectrics, and structural alloys, to determine whether the 
observed superiority of unsupervised methods generalizes beyond 
dielectric ceramics, and should explicitly test whether SHAP- and LIME- 
based rankings remain unstable under the same leave-top-feature-out 
protocol in these additional material systems. Additionally, developing 
hybrid frameworks that integrate the predictive power of supervised 
models—potentially augmented with SHAP or LIME for local 
interpretability—with the causal stability of unsupervised approaches 
represents a promising research direction, separating the two 
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analytically distinct tasks that are currently conflated in existing studies. 
Establishing standardized community protocols that explicitly mandate 
evaluation of consistency and dose-response relationships, rather than 
relying on the presence of a SHAP or LIME analysis as a proxy for 
interpretive rigor, will be essential for ensuring that machine learning- 
derived insights genuinely advance structure-property understanding 
and accelerate responsible materials discovery.

This paper aims to provide an external feature validation tool that 
examines feature consistency and dose–response relationships alongside 
cross-validation accuracy—that is, three dimensions of 
evaluation—whereas existing studies typically rely on cross-validation 
accuracy as a single dimension, which is insufficient to substantiate 
reliable feature importance. From a feature engineering perspective, the 
ideal outcome is one in which higher predictive accuracy coincides with 
a consistent, physically ordered set of features. Feature grouping stra
tegies, such as separating process history from chemical composition, 
can be applied as a preprocessing step to narrow the hypothesis space of 
candidate features prior to applying this three-dimensional validation 
framework.
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