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Abstract

This paper presents an integrated, scalable Random Forest (SRF)-based predictive framework for estimating the effects of
process interventions, including (i) adjusting operating ranges for continuous process parameters within specified tolerances,
(ii) selecting specific categories for discrete process parameters, and (iii) combining adjustments to both continuous and
discrete parameters. The framework moves beyond linear assumptions by employing a non-linear ensemble approach to
identify critical process inputs and quantify their contributions to predicting the process response. These contributions are
then leveraged to derive optimal operating ranges for continuous parameters and optimal categories for discrete parameters
through a Decision Path Search (DPS) procedure based on tree decision paths. The proposed framework scales to a large
number of process factors with complex non-linear dependencies and enables data-driven process improvement. Missing
values in mixed-type datasets are addressed using an iterative Random Forest—based imputation scheme, while automatic
forest-size optimisation enhances model stability. All preprocessing and modelling steps are embedded within a leakage-safe
pipeline, supported by learning-curve analysis and leakage-sanity diagnostics to guard against overfitting. Across the evaluated
case studies, SRF delivers accurate predictions together with transparent, practitioner-ready operating windows, translating
complex mixed-type manufacturing data into actionable guidance.

Keywords Random forest - Common-cause variation - Predictive analytics - Data augmentation - Small data - Quality
improvement

Introduction

Manufacturing processes exhibit two broad sources of varia-
tion: common-cause variation arising from numerous, often
uncontrollable influences, and assignable-cause variation
associated with specific, identifiable disturbances. Within
Statistical Process Control (SPC), critical-to-quality (CTQ)
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characteristics are monitored against upper and lower spec-
ification limits (USL/LSL), enabling routine adjustments
under common-cause conditions while signalling interven-
tion when assignable causes arise (Montgomery, 2009).
Modern quality improvement therefore prioritises not only
accurate prediction but also actionable factor settings that
plausibly influence responses and can be adjusted to reduce
defects and stabilise CTQs.

In production data, causal analysis is complicated by non-
linear responses, mixed continuous—categorical features, and
missing data—often under small dataset conditions. Non-
linearity may include thresholds and interactions that vary
with other factor levels (Ransing et al., 2013). Invest-
ment casting provides a representative case: in nickel-based
superalloys, shrinkage penalties vary non-linearly with ele-
mental composition (e.g., carbon, titanium, cobalt), with
behaviour dependent on their joint levels (Batbooti, 2023;
Giannetti and Ransing, 2016). These characteristics hin-
der linear correlation analyses and motivate approaches that
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Fig.1 Variation in rejection rate and in the input factor %C for a nickel-
based superalloy (Batbooti, 2023)

capture complex effects while remaining stable under small,
mixed-type datasets.

For instance, carbon content may exhibit ranges that min-
imise shrinkage defects, whereas higher or lower values
increase defect likelihood in ways that depend on other
alloying elements. Figures 1, 2 and 3 illustrate these effects
for investment casting, highlighting skewed coverage, non-
linear trends, and data sparsity that complicate modelling and
increase overfitting risk under small datasets.

Random Forests (RF) provide strong non-parametric base-
lines for tabular prediction (Breiman, 2001), yet stability can
degrade under small, heterogeneous datasets unless prepro-
cessing, imputation, augmentation, and tuning are handled
in a leakage-safe and variance-aware manner. Manufactur-
ing data frequently presents two simultaneous challenges:
extremely small datasets and strong non-linear interactions

among process factors, as illustrated in Figure 3, where
threshold effects cannot be captured by linear screening tools.
These characteristics motivate the need for predictive models
that operate reliably under mixed-type, limited, and non-
linear conditions while still producing interpretable process
insights.

To verify robustness and interpretability, this study evalu-
ates model behaviour using established post-hoc explanation
tools—SHAP (Shapley Additive Explanations) (Lundberg,
2017), LIME (Local Interpretable Model-Agnostic Explana-
tions) (Ribeiro and Singh, 2016), Partial Dependence (PD)
curves (Friedman, 2001), and Individual Conditional Expec-
tation (ICE) plots (Goldstein et al., 2015)—to compare internal
feature effects against well-known explainability baselines.
Furthermore, the study incorporates learning-curve analysis,
leakage-sanity diagnostics (Sasse et al., 2025), forest-size
optimisation, and a compact ablation study to assess vari-
ance, stability, and the contribution of each component.
Beyond prediction, the framework extracts operating win-
dows by deriving optimal and avoidance ranges for each
factor through decision-path aggregation, enabling struc-
tured interpretation of factor settings that improve or degrade
the response. These considerations justify the development
of the proposed scalable Random Forest (SRF) framework
and set the foundation for the study’s objectives.

Aims and objectives

Manufacturing datasets often combine continuous and cat-
egorical factors, include missing data, and remain small
due to cost and logistical constraints. These characteris-
tics make it challenging to model non-linear interactions,
define actionable factor settings, and obtain reliable esti-
mates of uncertainty using conventional analytical tools

%Carbon % Cobalt

Q1 Q2 03 Q4 Q1 Q2 Q3 Q4
Minimum Median Maximum Minimum Median Maximum
0.086 0.095 0.103 0.106 0.113 7.714 7.809 7.847 7.885 8.028

Q1: Avoid; Range: Bottom 25%, {>=0.086 & <=0.095}

Q3 & Q4: Avoid; Range: Top 50%, {~7.847 & <=8.028};

Penal ty Q1 Q2 Qa3 Q4 Penalty Q1 Q2 Q3 Q4
0.8-1 13 3 2 0.8-1 3 3 3 9
0.6-0.8 1 0.6-0.8 1 3
0.4-0.6 0.4-0.6
0.2-04 0.2-04
0-0.2 3 13 9 13 0-0.2 12 12 5 9

Fig.2 Penalty matrices for carbon and cobalt composition (Ransing et al., 2013)
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(a) Carbon variation (%C).

Fig.3 Shrinkage variability versus carbon and cobalt composition

(Breiman, 2001). To address these challenges, this study
introduces an SRF framework designed to provide robust
prediction, interpretable factor limits, and variance-aware
evaluation for mixed and limited manufacturing datasets.
Specifically, the study pursues six objectives: (i) specify a
leakage-safe mixed-type pipeline (Sasse et al., 2025); (ii)
formulate and assess a classification-assisted augmentation
protocol (response quantile binning — SMOTE in feature
space — missForest imputation of masked responses) with
guidance on risks and when not to use it (Chawla et al., 2002;
Stekhoven and Biihlmann, 2012); (iii) formalise a Decision
Path Search (DPS) procedure that aggregates tree paths into
optimal and avoidance ranges as candidate operating win-
dows; (iv) adopt robust reporting (RMSE/NRMSE/MAE/R?
as mean=std with 95% confidence intervals and paired ¢-tests
across folds); (v) integrate learning-curve analysis, a leakage-
sanity check, and forest-size optimisation with seed-stability
auditing; and (vi) benchmark against strong tabular base-
lines (RF, XGBoost, LightGBM, CatBoost) on six datasets,
including a nickel-based superalloy case.

Contributions, scope, and limitations

The study develops and evaluates an SRF-based frame-
work for small, mixed-type manufacturing data along four
axes: (1) an end-to-end, fold-contained pipeline that prevents
information leakage and stabilises estimation under small
dataset conditions; (2) a small-data augmentation protocol
(SMOTE— missForest) tailored to mixed-type regression
with explicit risk guidance; (3) a decision-path mechanism
(DPS) that converts model structure into interpretable opti-
mal and avoidance ranges as testable operating windows;
and (4) an evaluation suite combining uncertainty quantifi-
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(b) Cobalt variation (%Co).

cation, significance testing, learning curves, leakage-sanity
checks, and forest-size optimisation with seed-stability audit-
ing, compared against strong boosting baselines.

The scope is limited to small, mixed-type, observa-
tional manufacturing datasets where non-linear responses
and factor interactions are expected. Limitations are explicit:
causal interpretations are hypothesis-generating rather than
identified; augmentation fidelity may degrade under strong
interactions or rare categories; DPS intervals can shift with
seeds, folds, or mild hyperparameter changes (stability is
quantified); external validity beyond the six datasets should
be established case-by-case; and suggested operating win-
dows must be reconciled with existing USL/LSL and process
safety constraints before deployment (Puthanveettil Madathil
et al., 2025).

Key contributions. (i) A fold-contained, leakage-safe
pipeline for small, mixed-type manufacturing data; (ii) a
classification-assisted augmentation protocol for regres-
sion (SMOTE on feature neighbourhoods after response
quantile binning, followed by mask-Y and missForest
imputation) with explicit when-not-to-use guidance; (iii)
Decision Path Search (DPS) that aggregates tree paths
to output optimal and avoidance operating ranges aligned
with USL/LSL thinking; (iv) a robustness suite (95%
confidence intervals, paired #/Wilcoxon tests, learning
curves, leakage-sanity checks, and seed/forest-size stabil-
ity) reported consistently across six datasets.
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Paper organisation

Section Related work provides a comprehensive review of
related work. Section Methodology (SRF) introduces the
SRF methodology in detail. Section Experimental setup out-
lines the datasets, baseline models, and evaluation protocols.
Section Results reports comparative results with uncer-
tainty, robustness diagnostics, and interpretability analyses.
Section Ablation study presents the ablation study. Sec-
tion Discussion discusses practical implications for industrial
adoption and limitations. Section Conclusion concludes the

paper.

Related work

Research on predictive modelling and causal analysis for
manufacturing tabular data spans four intertwined streams.
First, ensemble methods for tabular learning—particularly
Random Forests (Breiman, 2001) and modern gradient-
boosting libraries (XGBoost (Chen, 2016), Light GBM (Ke et
al., 2017), CatBoost (Prokhorenkova et al., 2018))—provide
strong non-parametric baselines with competitive accuracy
and modest feature engineering. Second, tabular deep learn-
ing and AutoML frameworks (e.g., TabNet (Arik and Pfis-
ter, 2021), auto-sklearn (Feurer et al., 2015), AutoGluon
(Erickson et al., 2020)) automate pipeline search and rep-
resentation learning, although performance can be sensitive
under small dataset, mixed-type, and missing-data condi-
tions. Third, mixed-type imputation methods (missForest
(Stekhoven and Biihlmann, 2012); Known Data Regression
(KDR) (Batbooti, 2023); Factor Analysis of Mixed Data
(FAMD) (L& et al., 2008); and Two-Stage Regression (TSR)
(Serneels et al., 2005)) address pervasive missing data in his-
torical production records, each with distinct assumptions
and small-dataset behaviour. Fourth, post-hoc explainability
methods such as SHAP (Lundberg, 2017), LIME (Ribeiro
and Singh, 2016), and PD/ICE (Friedman, 2001; Goldstein
et al., 2015) clarify feature influence but typically stop short
of producing actionable operating windows. Recent work in
the Journal of Intelligent Manufacturing (JIMS) emphasises
trustworthy, deployable quality analytics through explainable
defect inspection pipelines and adaptive, Al-driven quality
control in production environments (Bordekar et al., 2025;
Liuetal.,2025). A compact contrast of commonly used base-
lines is shown in Table 1.

Ensembles for tabular manufacturing data
Ensemble tree methods are widely adopted for tabular predic-
tion in manufacturing because they accommodate non-linear

responses and heterogeneous feature spaces with modest
feature engineering. Random Forests (RF) aggregate decor-
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related decision trees to reduce variance and improve general-
isation (Breiman, 2001; Ho, 1995). Recent directions include
correlation control among trees (Sun et al., 2024), stratified
sampling for feature selection (Jain, 2023), and robust tuning
to stabilise performance (Liao et al., 2024); evidential trees/-
forests emphasise uncertainty handling for noisy industrial
data (Hoarau et al., 2023). Applications span inspection and
defectidentification (Dugalam, 2024), variable selection, and
rule extraction for anomaly explanation (Kopp and Pevny,
2020; Speiser et al., 2019). Gradient-boosting libraries pro-
vide strong baselines alongside RF: XGBoost and Light GBM
offer efficient, regularised boosting with histogram-based
splits (Chen, 2016; Ke et al., 2017), and CatBoost introduces
ordered-statistics encoding to natively manage categoricals
and missing values (Prokhorenkova et al., 2018). Under
small and heterogeneous datasets, performance is sensitive to
leakage-safe preprocessing and variance controls; CatBoost
mitigates target leakage via ordered boosting, while RF sta-
bility benefits from fold-contained preprocessing and tuned
forest size (Probst et al., 2019).

Tabular deep learning and AutoML

Tabular deep learning aims to learn task-specific repre-
sentations directly from mixed-type features. Architectures
such as TabNet use sequential attention and feature selec-
tion to encourage interpretability and compact embeddings
(Arik and Pfister, 2021). Under small, mixed-type, and
incomplete datasets, performance can be sensitive to regu-
larisation, imputation, and training choices; empirical stud-
ies often find strong tree ensembles competitive when
data are limited (Grinsztajn et al., 2022; Shwartz-Ziv and
Armon, 2022). AutoML frameworks (auto-sklearn; Auto-
Gluon) automate pipeline/model selection but still require
leakage-safe evaluation and uncertainty reporting (Erickson
etal., 2020; Feureretal.,2015). From a process-improvement
perspective, both tabular deep learning and AutoML typically
yield point predictions or attribution summaries rather than
factor-level optimal/avoidance ranges; hence, Table 1 treats
them as baselines while methodological development in this
study focuses on an RF backbone with DPS. Transfer learn-
ing is a complementary direction when related datasets exist
(Giannetti and Essien, 2022; Zhuang et al., 2021).

Mixed-type imputation

Historical manufacturing records routinely exhibit missing
entries across mixed continuous—categorical feature spaces.
Effective imputation should (i) accommodate non-linear
dependencies, (ii) preserve the joint distribution of mixed
types, and (iii) remain stable under small dataset condi-
tions. Common evaluation metrics include normalised root
mean squared error (NRMSE) for continuous variables and
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Table 1 Baselines for tabular manufacturing data

Family / method Mixed Missing data Small dataset Ranges?
RF (Breiman, 2001) v (impute) v —
XGBoost (Chen, 2016) v (impute) v —
LightGBM (Ke et al., 2017) v (impute) v —
CatBoost (Prokhorenkova et al., v v v -
2018)
TabNet (Arik and Pfister, 2021) v (impute) — (prone to overfit under small datasets) —
AutoML (auto-sklearn (Feurer et v (impute) v —
al., 2015); AutoGluon (Erickson
et al., 2020))
DPS (this study) v (impute) v v

T Stability depends on leakage-safe preprocessing, tuning, and variance controls.
¥ ‘Ranges’ indicates whether the method produces factor-level operating windows (optimal/avoidance ranges), as in DPS

Table 2 Mixed-type imputation methods. Abbreviations: MAR = missing at random; MCAR = missing completely at random

Method Mixed types Non-linear Assumptions Small dataset
missForest (Stekhoven and Biihlmann, 2012) v v MCAR/MAR v (RF-based)
KDR (Batbooti, 2023) v — (form-dependent) model form; MAR —
FAMD (LE et al., 2008) v — (latent linear) low-rank structure —
TSR (Serneels et al., 2005) v — (stage-dependent) sequential models —

misclassification rate for categorical variables, computed on
held-out ground truth within leakage-safe cross-validation
(Little, 2002; Oba et al., 2003). A concise comparison of
popular approaches appears in Table 2.

missForest. missForest is an iterative, non-parametric impu-
tation method based on RF regressors/classifiers that sup-
ports mixed data and non-linearities (Stekhoven and Biithlmann,
2012). At each iteration, variables with missing data are
imputed using RF trained on observed entries, cycling until
convergence. Strengths include robust handling of interac-
tions and minimal model specification; limitations appear
with extremely imbalanced categories or when missing-
ness deviates strongly from MCAR/MAR (Little, 2002). In
leakage-safe pipelines, missForest must be fitted within each
training fold.

Known Data Regression (KDR). KDR is a regression-based
strategy used in prior manufacturing studies that imputes
missing entries from variables observed for the same records
(Batbooti, 2023). Itis simple and competitive under moderate
missingness but can be sensitive to model misspecification
(e.g., linear forms under non-linear effects) and may require
separate treatment for categorical targets.

Factor Analysis of Mixed Data (FAMD). FAMD projects
mixed data to a latent space jointly modelling continuous and
categorical variables before reconstructing missing entries
(L&etal., 2008). It is effective when few latent factors capture
variability, but it is sensitive to outliers and to the choice of
latent dimension.

Two-Stage Regression (TSR). TSR uses sequential con-
ditional models (e.g., continuous given categorical, then
categorical given continuous), iterating until convergence.
By decoupling conditional sub-problems, TSR can be prac-
tical in mixed-type settings but may propagate early-stage
biases under strong interactions or rare levels (Serneels et
al., 2005).

Practice for small datasets. Under very small dataset con-
ditions, imputation model variance can dominate. Fold-
contained fitting, conservative hyperparameters, and uncer-
tainty reporting (meanzstd and 95% confidence inter-
vals across folds) are recommended. Because imputation
can induce distributional shift, learning-curve trends and
leakage-sanity checks provide safeguards prior to deriving
optimal/avoidance ranges via DPS.

Explainability vs. operating-window discovery

Post-hoc explainability methods clarify how features influ-
ence predictions but typically do not propose factor ranges
suitable for industrial adjustment. This distinction is increas-
ingly highlighted in JIMS work on explainable inspection
and adaptive quality control, where interpretability supports
trust and decision-making but does not necessarily yield
actionable factor-level operating windows (Bordekar et al.,
2025; Liu et al., 2025). SHAP attributes contributions via
Shapley values under an additive explanation model (Lund-
berg, 2017); LIME fits local surrogate models to approximate
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complex predictors (Ribeiro and Singh, 2016); and PD/ICE
profiles visualise marginal response trends (Friedman, 2001;
Goldsteinetal., 2015). These tools support diagnosis and pri-
oritisation but typically do not output factor-level operating
windows.

Operating-window discovery proposes factor-level inter-
vals (continuous) or categories (discrete) that are optimal
or avoidance candidates, i.e., candidate operating ranges to
be trialled in production. In this study, DPS aggregates RF
decision paths: split constraints are collected and scored to
form per-factor optimal/avoidance ranges across features.
This path-based construction differs from attribution in that
it outputs ranges rather than importance values, aligning with
specification-limit thinking (USL/LSL) and set-point selec-
tion.

Graph-based causal modelling (e.g., Bayesian networks

and directed acyclic graphs) offers a complementary per-
spective by estimating conditional dependence structure
and, in principle, enabling interventional reasoning (Pearl,
2009; Spirtes and Glymour, 2000). Toolkits such as Causal-
Nex operationalise structure learning with tabular data and
domain priors, but under small, mixed-type, and incom-
plete datasets, structure learning can be unstable and typ-
ically yields graphs rather than direct operating windows
(Quantumblack, 2019, 2020). Optimisation-driven diagnos-
tics in rotating machinery (e.g., orthogonal matching pursuit
enhanced via golden jackal optimisation) illustrate modelling
directions relevant to industrial fault detection (Vashishtha et
al., 2025).
Positioning vs. prior art. In contrast to correlation-oriented
attributions (SHAP, LIME, PD/ICE) or graph-learning toolk-
its (e.g., Bayesian networks and CausalNex; see Appendix A),
DPS turns model structure into operating windows by aggre-
gating path constraints from trained trees—yielding ranges
rather than importance values or directed acyclic graph edges.
Relative to RF variants (e.g., extra-trees, rule distillation,
evidential forests), SRF’s distinct contribution lies in: (1)
an end-to-end, fold-contained pipeline tailored to small,
mixed-type data; (2) aregression-safe, classification-assisted
augmentation with guardrails and explicit disablement on
large/clean datasets; and (3) a path-aggregation — win-
dow mechanism designed for practitioner set-points. This
paper does not claim causal identification: DPS windows are
hypothesis-generating and are cross-checked against SHAP
and PD/ICE trends on held-out folds. Multivariate meth-
ods frequently applied in manufacturing are summarised in
Table 3 with applications, strengths, and limitations.

Methodology (SRF)

This section formalises an SRF framework for small, mixed-
type manufacturing datasets with potential non-linear depen-
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dencies and missing data. The approach comprises: (i) a
leakage-safe pipeline that confines preprocessing and model
fitting within cross-validation folds; (ii) a small-data augmen-
tation protocol for regression that couples response-quantile
binning (Mujahid et al., 2024), SMOTE in feature space
(Camacho and Bacao, 2024; Chawla et al., 2002), and
missForest imputation of masked responses (Stekhoven and
Biihlmann, 2012); (iii) automatic forest-size optimisation
with a stability corridor and seed checks; (iv) Decision
Path Search (DPS), which aggregates internal RF decision
paths into interpretable optimal and avoidance ranges (inter-
vals for continuous; categories for discrete) as candidate
operating windows; and (v) a condensed evaluation and
robustness protocol reporting mean=std, 95% confidence
intervals, paired 7-tests, learning curves, and leakage-sanity
diagnostics. Computational considerations are summarised
and briefly discussed. The RF backbone follows standard
ensembles for tabular prediction (Breiman, 2001; Somvanshi
etal., 2024), with tuning guidance informed by small-dataset
stability practice (Probst et al., 2019).

Leakage-safe pipeline: data flow and preprocessing

All preprocessing and model-fitting steps are confined to
cross-validation (CV) training folds to avoid information
leakage. Within each CV split, categorical variables are
encoded using training-fold statistics only; missing values
are imputed via missForest fitted on the training fold and
then applied to the validation fold; optional augmentation is
performed strictly on the training fold; and RF is trained with
forest-size optimisation under a stability corridor. Predictions
and diagnostics are recorded on validation folds. Figure 4
summarises the leakage-safe flow and Algorithm 1 lists the
stepwise procedure. All leakage controls follow standard
fold-contained practice: encoders, imputers, augmentation
steps, and hyperparameter selection are fitted exclusively on
training folds and applied unchanged to validation folds.

Small-data augmentation for regression
(SMOTE— missForest)

A classification-assisted augmentation is employed: the con-
tinuous response is temporarily binned into quantiles to
construct neighbourhoods, SMOTE synthesises feature vec-
tors per bin, and missForest imputes masked responses. This
preserves mixed types and non-linear dependencies while
avoiding direct interpolation of the response. Algorithm 2
lists the steps; Figures 5, 6, 7 and 8 illustrate before/after
distributions for the nickel-based superalloy case.
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train fold only (fit/ transform)

Augment (optional)

CV split Encode categoricals Impute missing (missForest) SMOTE — mask RF fit ' Validate
—_—

(train / validation) (fit on train fold) (fit on train fold) Y — missForest forest-size optimisation predictions / metrics

(train fold only)

DPS: path aggregation

= optimal / avoidance ranges

(use train-fold statistics)

Apply encoding Apply imputation
(use train-fold model)

Validation folds receive only applied transforms fitted on their corresponding train folds (leakage-safe),

Fig. 4 Leakage-safe SRF data flow within each CV fold. All fitting on the training fold, after which predictions and metrics are computed.
(encoding, imputation, optional augmentation, and RF training) occurs DPS aggregates trained-tree paths to produce optimal/avoidance ranges
on the training fold. The validation fold receives only transforms fitted

Response Distribution beforeResampling
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30 4 Response Distribution AfterResampling
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(a) Raw response distribution. (b) After augmentation.

Fig.5 Response distribution before and after augmentation. Bin widths are shown; x-axis: Shrink Penalty (%), y-axis: Frequency. Ticks limited to
<3 significant figures

Algorithm 1: SRF pipeline (fold-contained preprocess- Algorithm 2: Classification-assisted augmentation for
ing, fitting, and diagnostics). regression.
Input: Dataset L Input: Training features X, response Y
Output: Trained SRF model and validation diagnostics Output: Augmented Xpew, Ynew
1 Load L 1 Bin Y into G quantiles (bins) to define neighbourhoods
2 if L is mixed type then ) 2 For each bin, apply SMOTE in feature space to synthesise X
3 ‘ Encode'ca.tegoncal factors (train fold only) 3 Mask Y as missing and run missForest on (X, Y) U (X, NA)
4 if L has missing values then ~ =
5 Impute via missForest (fit on train fold) (Hu et al., 2024; 4 Return (Xpew, Ynew) = (XU X, YUY)

Stekhoven and Biihlmann, 2012)
6 if augmentation enabled then
7 \ Apply SMOTE — mask ¥ — missForest on the train fold

s Optimise forest size with a seed-stability corridor This augmentation strategy is not intended as a theoreti-

9 Fit RF with the selected forest size cally exact surrogate for regression resampling; rather, it is
10 Perform K-fold CV (Hastie and Tibshirani, 2009); record a pragmatic variance-reduction device designed for small,
out-of-fold predictions _ ) mixed-type datasets where conventional regression-based
11 Optionally run DPS on the fitted forest to derive operating A .
windows oversampling is infeasible.

Importantly, augmentation is disabled when learning
curves indicate increased variance, unstable convergence, or

@ Springer
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Fig.6 Original factor

distributions for the
nickel-based superalloy dataset
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10 A

distorted response structure. In particular, for small industrial
datasets (e.g., the 60-sample casting case), all reported val-
idation metrics are computed exclusively on real, held-out
observations; synthetic samples are never used for evalua-
tion.

Micro-formulation. Let D = {(x;, y;)}}_; with mixed-type
X; € RP¢ x CPd and y; € R. Define b(y) into G quantiles.
For each bin g, apply SMOTE on {x; : b(y;) = g} to obtain

@ Springer

10.0 4 |

v

2

-

synthetic X; (Chawla et al., 2002); set y; to missing and
run missForest on D U {(X;, NA)} to impute y; (Stekhoven
and Biihlmann, 2012). The augmented set is D,y = D U
{&X), ¥}

Leakage constraints. All steps (binning, SMOTE fitting/syn-
thesis, missForest fitting/imputation) are executed within
each CV training fold and then evaluated on that fold’s val-
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Fig.7 Factor distributions after
augmentation for the
nickel-based superalloy dataset.
Counts are scaled to equal area
to compare shapes; ranges are
clipped to training-fold fences
(Q1-1.51IQR, Q3+1.5IQR)

idation split only. No statistics from the validation fold are

Yo Zr
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used during synthesis or imputation.

Risk mitigation and parameter choices. Unless stated oth-
erwise, G=4 quantile bins and k € [3, 7] are used (selected

60

40

20 4

100 4

75 A

50 1

e

lanobis distance) are discarded. For rare categorical levels,

synthesis is reduced or disabled and missForest is relied

within each training fold). To limit distortion under small ~ gaps, or unstable diagnostics.
datasets, the number of synthetic samples per bin is capped
at the original bin count, continuous features are clipped
to training-fold fences (Q1 — 1.5IQR, QO3 + 1.5IQR), and
synthetic samples failing a distance screen (e.g., large Maha-

upon to borrow strength. Augmentation is disabled if learn-
ing curves show increased variance, widened train—validation

@ Springer
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Fig.8 Per-factor structure before and after augmentation (non-linear carbon vs. near-linear cobalt)

Decision Path Search (DPS) for optimal/avoidance
intervals

DPS converts the internal structure of the trained RF into
operating windows by aggregating decision-path conditions
across trees into optimal and avoidance ranges (intervals for
continuous factors; categories for discrete factors). Leaves
are scored using a penalty-matrix (PM) scaling of predicted
responses; low-penalty leaves contribute to optimal ranges,
and high-penalty leaves to avoidance ranges. DPS is inten-
tionally heuristic: rather than estimating causal effects, it
summarises regions of the feature space repeatedly associ-
ated with low or high predicted penalties across an ensemble
of trees, analogous to consensus rule extraction in ensemble
learning. Figure 9 outlines the procedure, Figure 10 illustrates
path extraction on an example tree, Figure 11 enumerates

@ Springer

overlap cases, and Algorithm 3 lists the pseudo-code (see
Appendix B for full details).

Path extraction and rule formation. Fortree b € {1, ..., B},
collect all leaves. For leaf ¢, its path $, is the conjunction
of split predicates from root to £ (interval bounds for con-
tinuous factors; subsets of levels for categorical). Compute
PMP¢; Tmins Tmax) € [0, 1] from the leaf prediction yy;
let go.25 be the within-tree 25th percentile of leaf penalties.
Leaves with penalties < g »5 are tagged optimal; the remain-
der are tagged avoidance. Each tagged path yields per-factor
intervals/levels.

Interval aggregation and scoring. Aggregate per-factor
path-derived intervals into I (}pt and I 1}""“. For continu-
ous factors, merge or average overlapping elements (e.g.,
mid-quantile bounds); for categorical factors, take a level
mode/consensus. A separation score s s reflects non-overlap
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Fig.9 Flow chart of the DPS
method for selecting optimal
and avoidance limits

For (i=0tontrees)

Y

Collect all leafs of tree

Draw a route from the
leaf to the root node
(Avoid Path)

Y

Build avoid intervals
for every node in the
avoid path (Feature)

Append all avoid
intervals from every
tree (i)

(i)
—_— Draw a route from the
* leaf to the root node
(Optimal Path)
Apply Penalty Matrix
for all leafs l
No * Build optimal intervals
Y for every node in the
y 9 Yes optimal path (Feature)
¥ the value™.
isin the first >
. quartile Y

Append all optimal
intervals from every
tree (i)

'

\ ‘
IF i =the : For (j = 0 to number _ o <
N . forestsize - —Yes » of features ) »| F=Feature[j]
Calculate the MODE of y i R Calculate the MEAN of j=itL
all intervals —No— it '5 —Yes—p| all intervals
(Classification Problem) Laia g (Regression Problem) T
No
IF thereis ™\
Compare optimal {_no number of
and avoid intervals . feature >

between consolidated optimal and avoidance ranges (option-
ally normalised by the overall span).

Complexity and interpretability. Let B be the number of
trees, L, the number of leaves in tree b, and p the number
of factors. Path extraction visits each leaf once, O(Zb Lp);
factor-wise aggregation adds O(p ), Ly,). Outputs are per-
factor intervals or level sets and can be assessed against
USL/LSL,; stability to seeds/folds is quantified by the evalu-
ation protocol.

Stability interpretation. Stability in DPS is assessed in terms
of (i) directional consistency (whether factors identified as
optimal or avoidance remain so across folds and seeds), and
(ii) interval overlap rather than exact boundary coincidence.
Given small-sample variability, exact interval endpoints are
not expected to be invariant; instead, stability is interpreted
through consistent ordering, partial overlap, and agreement

e )

with independent explainability tools (SHAP, PD/ICE) on
held-out folds.

Statistical and robustness protocols

This subsection specifies metrics, uncertainty estimates, sig-
nificance testing, presentation conventions, and diagnostics
for SRF, RF, and boosting baselines across datasets.

Metrics and aggregation. For validation targets {y;}?" | and

predictions {J;}7,,

@ Springer
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Fig. 10 Example regression tree illustrating DPS path extraction for a single factor (% Nb)

Algorithm 3: DPS for deriving optimal and avoidance
operating ranges.

1 FitRFon L; OptimalIntervals <« ;
AvoidanceIntervals < ¢

2 forb =1to B do

3 Leaves < terminal nodes of tree b

4 | PM < PenaltyMatrix(¥, Tinin, Timax)

5 PM g5 < Quantile(PM, 0.25)

6 fori =1,...,nqyes do

7 if PM[i] < PMg)s then

8 Extract path to root; append per-factor intervals/levels

‘ toOptimalIntervals

9 else

10 Extract path to root; append per-factor intervals/levels
to AvoidanceIntervals

1 end

12 end

13 end

14 Consolidate per-factor intervals/levels by merging (continuous)

or mode (categorical)

@ Springer

MAE:%i yi — i,

R*=1- L
Z?":l(yi —y)?

ey

When reported, NRMSE for continuous variables follows
(Oba et al., 2003):

mean((xtrue _ Ximp)Z)

NRMSE =
var(X'rue)

; 2

with X the complete data matrix and X'™P the imputed
matrix. Metrics are computed per fold under K -fold CV with
fixed seeds; dataset-level results are reported as mean=std
across folds (Hastie and Tibshirani, 2009).

Confidence intervals and paired tests. For metric M with
fold-wise values { My} ,le , atwo-sided 95% confidence inter-
val is

SM

VK’

M £ tk_1,0975 ——=

3
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Fig. 11 Overlap cases for
consolidated optimal and
avoidance intervals (operating
windows)

where M is the fold mean and s, the fold standard deviation.
Pairwise comparisons between methods A and B use a paired
t-test over differences D = M ,EA) - M ,EB):

_ D
B sp/VK'

t df =K — 1. “

p-values accompany confidence intervals; practical signifi-
cance is interpreted using effect sizes and confidence interval
overlap.

Learning curves and leakage-sanity diagnostics. Learn-
ing curves are generated by training on increasing fractions
of the training fold (e.g., 10%—100%) and evaluating on
the held-out fold, monitoring (i) monotone error decrease,
(ii) train—validation gap, and (iii) plateau behaviour. A
leakage-sanity check toggles leakage controls: encoders/im-
puters fitted outside CV (deliberate violation) are expected
to yield optimistic validation error, whereas restoration of
fold-contained preprocessing removes this artefact. Label
permutation within folds is used to confirm collapse to near-
chance performance. Diagnostics are summarised by curve
shape and gap width, leakage delta, and seed spread.
Seed-stability and sanity corridor. Variance is audited across
a small set of random seeds, tracking metric spread and
stability of estimated optimal/avoidance ranges. Forest-size
optimisation uses a sanity corridor: accept larger forests only
if improvements exceed a minimal threshold and remain sta-

L11

Case 1
Minimal importance score
Avoid factor
(Original range is selected)

Optimal
Interval

Case 2
Minimal importance score
Optimal factor
(Optimal range is selected)

Case 3
Score proportion to non-overlap area
Optimal factor
(Optimal range is selected)

Case 4
Score proportion to non-overlap area
Avoid factor
(Avoid range is selected)

ble across seeds; otherwise, prefer the smaller size. For DPS,
seed-stability analysis tracks variability in derived optimal
and avoidance ranges across random seeds and CV folds,
reporting overlap patterns and factor ranking consistency
rather than exact interval equality.

Reproducibility. CV splits, seeds, and hyperparameter search
ranges are fixed and reported. Preprocessing, imputation,
augmentation, and model fitting are performed within CV
folds; no validation statistics are used during training. Met-
rics, confidence intervals, and tests use out-of-fold predic-
tions only.

Computational complexity and scalability

Let n denote training samples in a CV training fold,
P=Dpc+pa the number of features, B the RF trees, myy fea-
tures considered per split, L leaves in tree b, K folds, G
response bins, kK the SMOTE neighbourhood size, I miss-
Forest iterations, and | M| variables with missing data. With
augmentation, n’ denotes the training-fold size after augmen-
tation.

Time complexity per module.

e Encoding. O(n ps); one-hot expansion increases effec-
tive dimensionality.

o Imputation (missForest). QI >",cr( By nmyy logn);
parallelisable over v.

@ Springer



Journal of Intelligent Manufacturing

e Augmentation. Neighbour synthesis across bins: O(nk);
subsequent missForest on n’ as above.

e RF training. O(B n' myy logn'); a forest-size grid mul-
tiplies cost by |S| (tempered by the sanity corridor).

e DPS. Traversal: O( _, Ly); aggregation: O(p ), Lp).

e Evaluation. K -fold CV multiplies training cost by K; a
10-step learning-curve schedule adds &~ 5.5x one fit on
the training fold.

Memory footprint and implementation notes.

e Memory grows with n’; cap the augmentation ratio (e.g.,
n'/n < 6).

e missForest footprint is linear in n’ x | M| and tree depth.

e RF/DPS storage scales with total nodes ), Lj; discard
per-tree caches after interval consolidation.

e Exploit parallelism across trees, missForest target vari-
ables, and CV folds; keep all transforms fold-contained;
clip skewed features within training folds; exclude highly
imbalanced categorical levels from synthesis.

Scalability summary. For small datasets (tens to low hun-
dreds of records; mixed p), runtime is dominated by miss-
Forest and RF, both parallelisable. For moderate n’ and B
in the few hundreds, end-to-end training and DPS extrac-
tion remain practical under K -fold CV; extended profiling is
provided in Appendix C.

Experimental setup

This section describes the experimental design used to
assess SRF against strong tabular baselines under leakage-
safe validation. The setup covers: (i) datasets, includ-
ing one industrial case (nickel-based superalloys (Bat-
booti, 2023)) and five public tabular benchmarks (Concrete
(Yeh, 1998), Energy Efficiency (Tsanas and Xifara, 2012),
Power Plant (Tiifekci, 2014), Student—Mathematics and
Student—Portuguese (Cortez, 2008)); (ii) baselines and
hyperparameters, where RF, XGBoost, LightGBM, and Cat-
Boost are configured within comparable search envelopes;
and (iii) evaluation and reproducibility, specifying K-fold
cross-validation with fold-contained preprocessing/imputa-
tion/augmentation, metric aggregation with confidence inter-
vals and paired tests, diagnostics (learning curves and leakage
sanity), compute environment, and artefact availability.

Datasets
SRF and baselines are evaluated on six tabular datasets span-
ning sample sizes, feature types, and missing data patterns:

one small industrial case (nickel-based superalloy casting)
and five public benchmarks. The industrial dataset targets

@ Springer

shrinkage penalty using elemental composition variables;
the public datasets include continuous-only tasks (Concrete,
Energy Efficiency, Power Plant) and mixed-type educational
records (Student—Mathematics, Student—Portuguese). In
the raw public files of Table 4, no missing entries are present;
the industrial dataset exhibits a small proportion of missing
values.

Rationale for dataset mix. Concerns regarding generalisabil-
ity are addressed by combining a real industrial case (small
dataset, process physics, limited missing data) with public
benchmarks that vary in dimensionality and scale. Although
SRF is designed for small data, the inclusion of Power Plant
serves as a stress test for scalability and robustness of the
leakage-safe pipeline at larger dataset size.

Missing-data stress tests. To evaluate imputation under con-
trolled conditions, additional experiments inject artificial
missingness (MCAR and MAR) at nominal rates (e.g., 10%
and 20%) into the public datasets, restricted to features (not
targets) and applied within each training fold only. Impu-
tation quality is summarised with NRMSE for continuous
variables and misclassification rate for categoricals (when
present), following the protocol in Section Statistical and
robustness protocols. Full per-variable statistics are reported
in Appendix B.

Baselines and hyperparameters

SRF is compared with RF (Breiman, 2001), XGBoost
(Chen, 2016), LightGBM (Ke et al., 2017), and CatBoost
(Prokhorenkovaetal.,2018). Eachlearneris trained under the
same outer cross-validation protocol and fold containment.
Categorical handling follows each learner’s recommended
practice: RF/XGBoost/LightGBM are trained on training-
fold encodings (Cohen-Shapira, 2024); CatBoost uses native
ordered statistics for categoricals with built-in missing han-
dling. Hyperparameter envelopes are kept compact to bal-
ance reproducibility with variance control on small datasets
(Probst et al., 2019). Table 5 summarises the search spaces
executed within cross-validation folds.

Early stopping and inner validation. When supported
(boosted trees), early stopping is triggered using a valida-
tion split carved only from the training portion of each outer
cross-validation fold; the outer validation fold is never used
for early stopping or tuning. Seeds for early stopping are
fixed for reproducibility.

Evaluation and reproducibility

All results are computed under a leakage-safe K-fold
cross-validation protocol with fixed random seeds and fold-
contained preprocessing, imputation, and (when enabled)
augmentation. Unless otherwise stated, K=10 and metrics
are aggregated from out-of-fold predictions only.
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Table 4 Datasets. n = instances; p = features used in experiments

Dataset n P Types Missing data Target Source

Nickel (industrial) 60 16 Continuous 0.6% Shrink penalty (%) (Batbooti, 2023)
Concrete (UCI) 1030 8 Continuous 0.0% CS (Yeh, 1998)

Energy Efficiency (UCI) 768 15 Continuous 0.0% HL (heating load)* (Tsanas and Xifara, 2012)
Power Plant (UCI) 9568 4 Continuous 0.0% PE (Tiifekci, 2014)
Student—Mathematics (UCI) 395 32 Mixed 0.0% G3 (Cortez, 2008)
Student—Portuguese (UCI) 649 32 Mixed 0.0% G3 (Cortez, 2008)

f When modelling HL (heating load), CL (cooling load) is not used as a feature

Table 5 Learners and hyperparameter envelopes. RF/SRF grids reflect the sensitivity sweeps used in the results archive. CatBoost uses native

handling of categorical features and missing values

Method Key hyperparameters Search envelope (within Categorical / missing
CV) handling
SRF (RF backbone) n_estimators {50, 100, 200, 300} Train-fold encoding; miss-

min_samples_leaf

RF (baseline) n_estimators
max_features

min_samples_leaf

XGBoost n_estimators,
learning rate
max_depth,
subsample,
colsample_bytree

reg_lambda
LightGBM

num_leaves,
max_depth

learning_rate,
feature_fraction,

bagging_ fraction

CatBoost iterations, depth
learning_rate,

12_leaf_reg

{1,2,3,5}

{100, 300, 500}

(/P> 0.5}

{1,2,5)

{300, 600, 900}, {0.05, 0.1}
3,6}, 10.7,0.9}, {0.7,0.9}

Forest within fold;
augmentation

Train-fold encoding;
missForest within fold

Train-fold encoding;
missForest within fold

{0, 1}

{31, 63}, {—1, 6} Train-fold encoding;
{0.05, 0.1}, {0.7, 0.9}, missForest within fold
{0.7, 0.9}

{500, 1000}, {4, 6}
{0.03,0.1}, {1, 3}

Native ordered target
statistics; native missing
handling

Cross-validation and seeds. For each dataset, a shuffled K -
fold split is generated with a fixed seed; the same splits are
used for all methods (SRF, RF, XGBoost, LightGBM, Cat-
Boost). SRF stability audits additionally evaluate a small seed
set {100, 200, 333, 444, 555, 666, 777, 888, 999, 1000}, mon-
itoring metric spread and the stability of derived opti-
mal/avoidance ranges.

Leakage-safe pipeline containment. Within each cross-
validation training fold: (i) categorical encoders are fitted and
applied; (ii) missForest is fitted and applied to impute missing
values; (iii) if augmentation is enabled, SMOTE— mask-
Y —missForest is performed; and (iv) models are trained with
hyperparameters chosen within the envelopes of Table 5. The
validation fold receives only transforms fitted on the training
fold and is never used to fit encoders/imputers/augmenta-
tion or to select hyperparameters. This enforces no peeking
throughout the pipeline.

Metrics, confidence intervals, and paired tests. Per-fold
regression metrics include RMSE (primary), with MAE and
R? reported where space allows. Dataset-level summaries
report mean-=standard deviation across folds and two-sided
95% confidence intervals using Student’s 7-distribution. Pair-
wise significance is assessed via a paired ¢-test on fold-wise
metric differences between SRF and each baseline; p-values
accompany confidence intervals in the main results table
(Section Results). Practical significance is interpreted using
absolute effect sizes alongside p-values. In addition, paired
significance is assessed via the Wilcoxon signed-rank test on
fold-wise metric differences (see Appendix D for full paired-
test tables).

Diagnostics: learning curves and sanity checks. Learning
curves are produced by training on increasing fractions of
each training fold (10%—-100%) and evaluating on the held-
out fold, inspecting (i) monotone trends, (ii) train—validation
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five per cent confidence intervals and full paired-test tables
appear in Appendix D.
Significance highlights.

e Nickel (industrial, small): SRF improves over RF
(0.019 vs. 0.051; p=0.010), while remaining slightly
above XGBoost (0.016; p=0.021).

e Student—Portuguese (mixed type, small): SRF attains
the lowest mean RMSE (1.232); differences vs. RF and
the best booster are not significant at 0.05 (p=0.919,
p=0.281).

e Student—Mathematics: SRF equals RF under the
leakage-safe fold gating (both 1.602).

e Energy Efficiency / Concrete / Power Plant: on these
larger, continuous-only datasets, boosted trees lead. SRF
equals RF by design (conservative reversion), and trails
the best booster on Concrete and Power Plant (p<10~3),
while Energy Efficiency is borderline vs. LightGBM
(p=0.056).

Across small, mixed-type datasets (Nickel, Student—
Portuguese), SRF matches or betters strong boosters while
preserving a leakage-safe pipeline; on large, continuous
benchmarks (Concrete, Power Plant), boosted trees lead
as expected. Learning curves are produced by training on
increasing fractions of each training fold and evaluating
on the held-out fold. Curves are inspected for monotone
validation-error decrease, train—validation gap, and plateau
behaviour indicative of bias—variance balance. A leakage-
sanity check toggles controlled violations (NoiseOnly,
TargetAsFeature, PermutationY) relative to the
Baseline leakage-safe pipeline. Figures 12 and 13 sum-
marise these diagnostics per dataset. To mitigate circularity,
DPS intervals were re-checked on non-augmented out-
of-fold predictions using the same cross-validation splits;
observed ranges were consistent with SHAP and PD/ICE
trends.

Learning curves and leakage sanity

DPS vs. SHAP and PD/ICE

Operating-window discovery via DPS is contrasted with
attribution and marginal-response views (SHAP and PD/ICE)
on two representative tasks: the industrial Nickel case and
the public Student—Mathematics dataset. As shown in Fig-
ure 14, DPS produces optimal/avoidance ranges suited to
operating-window selection, while SHAP beeswarm plots
confirm global factor priority and PD/ICE reveal non-linear

and interaction structure.! Figures 14a—14d display DPS
ranges and SHAP summaries.

Three recurrent observations emerge. (i) Factor-priority
agreement: top variables by the DPS separation score (Fig-
ure 15, Table 7) generally coincide with highest-magnitude
SHAP features. (ii) Interval plausibility: for leading factors,
PD/ICE often exhibit flat or U-shaped regions where vali-
dation error is reduced; DPS optimal intervals typically lie
within those regions. (iii) Interaction sensitivity: where ICE
traces disperse strongly, DPS intervals may narrow relative
to PD medians, reflecting conditional paths discovered in the
ensemble; corresponding avoidance ranges often align with
PD regions of steep slope.

Imputation and robustness

Two robustness aspects are consolidated: (i) mixed-type
imputation accuracy (missForest in SRF vs. KDR) under
simulated missing data; and (ii) compact sensitivity/stabil-
ity diagnostics for the RF backbone (hyperparameter sweeps
and seed variance). Benchmark imputation is assessed quan-
titatively (NRMSE/categorical error); explicit preservation
of causal/graphical structure is not evaluated and is left for
future work.

For imputation fidelity, a large casting dataset with 20,720
observations and 37 factors (mixed types) is used to simu-
late increasing proportions of missing entries. Missingness
levels of 5%—60% are created by random removal (features
only), and imputed values are evaluated against held-out
ground truth within leakage-safe cross-validation. Prior work
reports KDR as competitive on this dataset (Batbooti, 2023).
Figure 16 contrasts KDR and SRF/missForest across miss-
ingness levels: SRF/missForest sustains a lower NRMSE
trajectory on quantitative variables and a lower misclassi-
fication rate on categorical variables, indicating improved
reconstruction of mixed, non-linear dependencies (Batbooti,
2023; Stekhoven and Bithlmann, 2012). Because the public
benchmarks in Table 4 contain no missing entries, imputa-
tion comparisons focus on the industrial dataset and this fully
observed manufacturing dataset used solely for simulation.”

Figure 17 condenses robustness diagnostics. For Nickel
(nickel-based superalloy case), a compact hyperparameter
sweep (forest size vs. RMSE) and seed-to-seed dispersion are
shown; the sanity corridor accepts larger forests only when
improvements exceed a minimal threshold and remain stable
across seeds. For Student—Mathematics, fold-wise RMSE
dispersion and a learning curve are provided.

1 SHAP follows (Lundberg, 2017); PD/ICE follow (Friedman, 2001;
Goldstein et al., 2015).

2 Leakage-safe practice is followed: imputation models are fitted
within cross-validation training folds; metrics are computed on held-
out ground-truth entries.
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training fraction) for SRF under leakage-safe CV across six datasets. Curves generally show
decreasing validation error with more data and a modest train—validation gap on the smallest datasets
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Fig. 13 Leakage-sanity diagnostics (validation RMSE by test condition). Baseline is the fold-contained pipeline; NoiseOnly and
PermutationY degrade performance as expected; TargetAsFeature produces spuriously optimistic errors, confirming the effectiveness

of leakage controls when disabled
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contextualise DPS ranges
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Fig. 15 DPS-based factor prioritisation via the separation score (opti-
mal/avoidance), which reflects non-overlap between consolidated opti-
mal and avoidance ranges

Per-dataset practical notes

For the Nickel case, DPS-derived optimal/avoidance ranges
align with specification-limit practice (USL/LSL) and con-
centrate within low-penalty regions suggested by PD/ICE.
For Student—Mathematics, DPS intervals (Figure 14b) pri-
oritise the same top factors highlighted by SHAP (Fig-
ure 14d), while the learning curve (Figure 12) indicates ade-
quate data support for the selected configuration. Extended
XAI panels for Concrete, Energy Efficiency, Power Plant,
and Student—Portuguese appear in Appendix F; additional
robustness summaries are provided in Appendix C. These
materials document supporting analyses and visualisations;
the main performance claims in Section Results rely exclu-
sively on the leakage-safe protocol with strong baselines and
paired tests.

Ablation study

This section isolates the contribution of SRF components
under the same leakage-safe protocol as Sections Experi-
mental setup—Results. Starting from a baseline RF, the study
adds (i) small-data augmentation, (ii) forest-size optimisation
within a stability corridor, and finally (iii) the interpretabil-
ity layer (DPS). DPS does not modify predictions; its effect
is interpretability only (optimal/avoidance ranges). To verify
pipeline integrity, a leakage variant is also reported in which
augmentation is (incorrectly) applied before cross-validation
splitting; this yields spuriously optimistic RMSE and serves
as a control for fold containment.

@ Springer

Predictive components: effect sizes and significance

For each dataset and step in Table 8, improvements over
the preceding configuration are tested using paired z-tests
on fold-wise RMSE differences.

Summary highlights.

e Nickel: augmentation yields a large reduction (0.051—
0.024). Forest-size optimisation further reduces error
(0.024—0.020); the final RMSE (0.019) is below RF.

e Student—Portuguese: gains are modest but consistent
(1.250— 1.232; non-significant), aligning with the small,
mixed-type setting.

e Student—Mathematics/Energy Efficiency/ Concrete
/Power Plant: augmentation is not beneficial; SRF con-
servatively reverts to the RF backbone, yielding parity
with RF under the leakage-safe protocol.

Augmentation fidelity checks

To address concerns about synthetic-data fidelity, three diag-
nostics are applied within each training fold:

1. Nearest-neighbour realism: for each synthetic point,
compute its distance to the nearest real neighbour (stan-
dardised feature space). Flag and discard outliers above
a fold-calibrated threshold (e.g., O3 + 1.5IQR).

2. Distribution alignment: maximum mean discrepancy
(MMD) between real and synthetic feature marginals
and selected low-order interactions is computed per fold;
alignment is required to improve or remain unchanged
when augmentation is enabled.

3. Generalisation safeguard: train on augmented train-
ing folds but evaluate exclusively on real validation
folds. This rejects any synthetic-only benefit and ensures
improvements reflect better modelling of real data.

These checks mitigate overfitting to artificially dense regions
and support the neutral/negative decisions for augmentation
on Power Plant and Concrete.

Sensitivity to augmentation hyperparameters

Sensitivity is profiled for the number of response bins G and
SMOTE neighbourhood size k within training folds:

e Bins (G): G=4 (quartiles) balances local fidelity with
variance. Larger G increases variance and widens confi-
dence intervals under small datasets; smaller G reduces
local adaptivity. Stability corridors in Appendix C justify
G=4 for all datasets.

e Neighbourhood (k): k € [3,7] yields similar means
with minimal variance. Extreme k values degrade real-
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Table 7 Nickel (industrial): DPS-derived operating windows. Intervals are consolidated from DPS decision-path aggregation on the SRF model

Factor %C %Al %B %Co 9%Cr J%Fe 9%Mo 9%Nb
Range type Optimal Optimal Avoidance Optimal Avoidance Optimal Optimal Optimal
LSL 0.096 3.129 0.0079 7.780 15.084 0.092 1.632 0.759
USL 0.111 3.262 0.0108 7.979 15.321 0.194 1.705 0.885
Factor %Ta %Ti %W Yo Zr % Al+Ti %N %0 Ta/Ti
Range type Avoidance Avoidance Optimal Optimal Optimal Optimal Optimal Avoidance
LSL 1.504 3.113 2.379 0.0223 6.277 17.490 4.883 0.4785
USL 1.631 3.230 2.541 0.0405 6.477 34.843 21.462 0.5133
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Fig. 16 Imputation accuracy under simulated missing data. Panels (a,b): KDR; panels (c,d): SRF/missForest. SRF/missForest maintains lower
error across missing data levels on both quantitative and categorical variables (Batbooti, 2023; Stekhoven and Biihlmann, 2012)
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Fig. 17 Robustness diagnostics. Panels (a-b): Nickel sensitivity and seed-stability computed within fold-contained CV; the sanity corridor selects
forest sizes where gains saturate and remain stable. Panels (c—d): Student—-Mathematics CV dispersion and learning curve

ism; recommended defaults are reported in Appendix C
per dataset.

e DPS sensitivity: varying the leaf-penalty threshold (e.g.,
020—035) shifts window endpoints modestly while sep-
aration scores remain stable; the default Q5 is reported,
with robustness ranges in Appendix F.

Leakage controls: sanity variant

The leakage setup in Table 8 applies augmentation before
cross-validation splitting. The resulting RMSE values (right-
most column) are markedly optimistic relative to the leakage-
safe pipeline, confirming the necessity of fold-contained
preprocessing. Additional toggles (TargetAsFeature,
PermutationY) replicate the sanity trends in Figure 13.
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DPS as an interpretability layer

DPS operates post-fit and does not alter predictions, hence
identical RMSE/R? for “SRF without DPS” vs. “SRF with
DPS” in Table 8. Validation focuses on interpretability qual-

1ty:

1. Range stability: across seeds/folds, the overlap of
consolidated optimal/avoidance intervals is summarised
(e.g., Jaccard/IoU) per factor; stability scores appear
alongside DPS separation in Figure 15 and Appendix F.

2. Alignment with attribution: high-separation DPS fac-
tors typically coincide with top SHAP features (Fig-
ure 14), while PD/ICE supports interval plausibility.
Divergences are discussed per dataset and attributed to
interaction structure.

3. Actionability: DPS ranges are reported against existing
USL/LSL (Table 7) to enable direct operating-window
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Table 8 Ablation of SRF components across six datasets. Entries are RMSE / R? (mean across cross-validation folds).

Leakage setup (RMSE)

+ Forest opt. SRF without DPS SRF with DPS ARMSE vs. RF % A vs. RF

+ Augmentation

Baseline RF

Dataset

0.012
1.15
0.95
0.31
2.50
4.10

-62.7%
0.0%

-0.032
0.000

0.019/0.871

0.019/0.871

0.020/0.830

0.024/0.750

0.051/0.269
1.602 /0.848

Nickel

1.602/0.848
1.232/0.833
0.573/0.997
3.299/0.962
5.133/0.903

1.602/0.848
1.232/0.833
0.573/0.997
3.299/0.962
5.133/0.903

1.630/0.846
1.233/0.834
0.635/0.996

1.640/0.842
1.240/0.835
0.620/0.996
3.420/0.961
5.400/0.899

Student—Mathematics

-1.4%
0.0%
0.0%
0.0%

-0.018
0.000

1.250/0.834
0.573/70.997

3.299/0.962
5.133/0.903

Student—Portuguese

Energy Efficiency

0.000
0.000

3.410/0.960
5.370/0.895

Power Plant

Concrete

(i) Small, mixed-type datasets (Nickel; Student—Portuguese) benefit most from augmentation plus forest-size optimisation; (ii) on large, clean, continuous datasets (Power; Concrete; Energy)

augmentation is neutral or adverse, so SRF conservatively defaults to the RF backbone; (iii) the leakage probe demonstrates spuriously optimistic errors if augmentation is applied outside

cross-validation; all reported SRF results use the leakage-safe pipeline

Forest opt. = automatic forest-size selection. DPS is interpretability only (no effect on RMSE/R?). Rightmost columns quantify SRF’s change vs. baseline RF and show a leakage probe where

augmentation is (incorrectly) applied before cross-validation splitting

proposals; deployment requires process-safety reconcil-
iation (see Appendix G).

Summary. Across six datasets, augmentation provides the
largest accuracy gains when n is small and the response is
non-linear; forest-size optimisation contributes incremental
but stable improvements; DPS supplies practitioner-ready
optimal/avoidance ranges with unchanged RMSE/R?. The
leakage sanity check confirms that SRF’s improvements stem
from proper fold-contained design rather than data leakage.

Discussion

This discussion synthesises the empirical results with three
focal points: the contribution of individual SRF components
(from the ablation study), robustness to missing and small
data, and comparative positioning against ensemble base-
lines and attribution methods. The aim is to highlight both
practical advantages and methodological limitations of SRF
in industrial contexts. The discussion emphasises:

e Operating-window discovery (DPS): converts forest
paths into optimal/avoidance ranges—actionable set-points
rather than post-hoc attributions.

e Leakage-safe integration: encoders, missForest, and
augmentation are fitted only within cross-validation
training folds; leakage sanity confirms gains are not due
to peeking.

e Stability corridor for forest size: variance-aware selec-
tion that stabilises performance without over-tuning on
small datasets.

Overview of findings

Results across six datasets demonstrate that the proposed
SRF framework combines predictive performance with inter-
pretability under challenging conditions of small sample
sizes, mixed-type features, and missing data. On the indus-
trial nickel-based superalloy dataset, SRF reduced RMSE by
more than half relative to the baseline RF, while producing
stable optimal and avoidance ranges through Decision Path
Search (DPS). On public educational datasets, SRF achieved
performance comparable to, or exceeding, strong boosting
baselines. On larger continuous-only datasets, gradient-
boosting methods retained an advantage, yet SRF remained
competitive without sacrificing interpretability. The abla-
tion study confirmed that augmentation provides the most
pronounced benefits in small, noisy datasets, forest-size opti-
misation delivers incremental stability gains, and DPS con-
tributes interpretability without altering predictive accuracy.
Leakage-sanity experiments further validated that improve-
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Table 9 Comparison of SRF with boosting baselines and attribution methods

Method Accuracy on large datasets Interpretability (operating Missing-data handling
windows)
Random Forest (RF) Moderate; degrades on Variable importance only External imputation

XGBoost / LightGBM
CatBoost

TabNet / AutoML

small datasets

High (continuous, large
datasets)

High; robust with
categoricals

Competitive; less

Feature importance;
PD/ICE

Feature importance;
PD/ICE

Limited (post-hoc only)

External imputation

Native categorical and
missing support

Relies on

sample-efficient on small
datasets

SHAP / LIME / PD/ICE Diagnostic only (not a

predictor)

SRF (proposed) Competitive on small/mixed
data; near-boosting on

large datasets

preprocessing/imputation

Attribution scores; marginal
trends

Not applicable (post-hoc)

missForest within a
leakage-safe pipeline

Optimal/avoidance ranges
(DPS)

ments were attributable to fold-contained design rather than
hidden information leakage.

Handling missing and small data

Industrial records often contain missing entries due to mea-
surement errors or incomplete tracking. Simulated missing-
data experiments showed that missForest within SRF achieved
lower NRMSE and lower categorical misclassification rates
than Known Data Regression (KDR), Factor Analysis of
Mixed Data (FAMD), and Two-Stage Regression (TSR), par-
ticularly at 40-60% missingness levels, where KDR and
FAMD degraded sharply. Augmentation further mitigated
small-dataset limitations by synthesising plausible feature
vectors while allowing missForest to impute responses in a
distribution-consistent manner. Together, these mechanisms
support reliable modelling when sample sizes are too small
for deep learning approaches and too heterogeneous for sim-
ple imputations.

Comparative performance and interpretability

Compared with modern boosting algorithms (XGBoost,
LightGBM, CatBoost), SRF showed clear benefits on mixed-
type and small datasets, while lagging behind boosters on
large continuous-only tasks. This reflects a design trade-off:
SRF prioritises robustness and interpretability in conditions
where boosting can overfit or where data scarcity limits
reliable tuning. Unlike SHAP, LIME, and PD/ICE, which
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provide attribution scores or marginal profiles, DPS directly
outputs actionable operating windows in the form of opti-
mal and avoidance ranges. For practitioners, this aligns with
specification-limit thinking (USL/LSL) and supports imme-
diate testing in production. DPS-derived ranges also showed
strong consistency with SHAP and PD/ICE trends, reinforc-
ing plausibility while adding operational clarity. A concise
comparison is provided in Table 9, which contrasts SRF
with strong boosting baselines and attribution methods across
accuracy, interpretability, and missing-data handling. The
table highlights how SRF is competitive in small, mixed-type
conditions, uniquely offers actionable operating windows
through DPS, and integrates missForest imputation within
a leakage-safe pipeline.

Practical implications for manufacturing

The integration of augmentation, leakage-safe validation,
and DPS interpretation addresses three recurring industrial
needs: (i) reliable prediction when only tens of observa-
tions are available, (ii) rigorous uncertainty quantification
to avoid overconfident conclusions, and (iii) factor-level
ranges that translate directly into process adjustments. In
the nickel-based superalloy case, DPS intervals for elements
such as carbon and titanium aligned with practical tolerance
windows, providing immediate guidance for defect reduc-
tion. These examples illustrate how SRF can bridge data-
driven modelling with domain-specific decision-making in
manufacturing settings constrained by small or incomplete
datasets. Because DPS intervals are derived from out-of-fold
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structure and reported with seed/fold stability, they provide
actionable set-points with quantified uncertainty and reduce
the risk of tuning to sampling artefacts.

Limitations and future directions

Despite its advantages, SRF remains subject to important lim-
itations. First, the augmentation protocol is most effective in
small-dataset settings and can become redundant or slightly
adverse in large, clean datasets, as seen with the Concrete and
Power Plant benchmarks. Second, the fidelity of augmented
samples is not guaranteed under extreme sparsity of categor-
ical levels or strong feature interactions. Third, DPS intervals
are hypothesis-generating rather than causal guarantees;
boundaries may vary with cross-validation folds, random
seeds, or hyperparameter settings. Finally, SRF focuses on
static tabular data; extending the approach to dynamic,
streaming, or temporally correlated datasets requires further
development. DPS yields decision-consistent operating win-
dows from predictive structure; causal identification would
require interventions or identifiable causal models.

Future directions include combining SRF with transfer
learning to exploit related datasets, integrating ensemble-
based uncertainty estimates with Bayesian calibration, and
exploring hybrid causal-discovery pipelines that align DPS
outputs with graphical models. These avenues could further
strengthen scalability and industrial adoption, particularly in
domains where interpretability and small-data reliability are
paramount.

Conclusion

This study presented an SRF framework for predictive mod-
elling in small, mixed-type manufacturing datasets. The
framework integrates a leakage-safe pipeline, a classification-
assisted augmentation strategy, automatic forest-size opti-
misation, and a DPS mechanism for operating-window
discovery. Evaluation across six datasets, including an indus-
trial nickel-based superalloy case, demonstrated that SRF
achieves competitive predictive accuracy relative to strong
boosting baselines while offering practitioner-oriented inter-
pretability.

Key findings can be summarised as follows. First, aug-
mentation combined with missForest substantially improves
performance on small and noisy datasets, while forest-size
optimisation stabilises variance and mitigates overfitting.
Second, DPS translates ensemble structure into interpretable
optimal and avoidance ranges, providing actionable guidance
beyond feature-attribution tools. Third, robustness diag-
nostics confirmed that observed improvements stem from
fold-contained design rather than data leakage, with con-
sistent behaviour across random seeds and cross-validation
folds. Finally, comparative analysis showed that SRF is most
effective in conditions where boosting methods exhibit insta-
bility and deep learning approaches require larger sample
sizes.

While the proposed framework is motivated by manufac-
turing applications and validated on an industrial investment
casting dataset, this dataset remains relatively small. The
additional public benchmark datasets are therefore used
primarily to demonstrate methodological robustness under
mixed-type and limited-data conditions, rather than to claim
broad industrial generalisability. As a result, applicability
to other manufacturing contexts should be interpreted cau-
tiously and confirmed through future studies involving larger
and more diverse industrial datasets.

Several limitations merit attention. Augmentation sensi-
tivity increases under extreme sparsity of categorical levels,
DPS-derived ranges are hypothesis-generating rather than
causally identified, and gains diminish on large, continuous-
only datasets. The classification-assisted augmentation should
therefore be viewed as a conditional stabilisation mecha-
nismrather than a universally applicable resampling strategy,
and its use must be justified on a dataset-by-dataset basis.
Future work will explore integration with transfer learn-
ing and causal-graphical approaches, as well as extensions
to dynamic or streaming manufacturing data. Overall, SRF
advances the toolkit for industrial predictive modelling by
balancing accuracy, interpretability, and robustness under
small-data constraints.
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Table 10 Comparison between CausalNex and SRF

Algorithm

SRF

CausalNex

Domain Expertise

Non-Linear Interaction Within Features

Causal Relationships

Optimal Operating Range

Computational Cost

Minimum Dataset Size

Minimal domain knowledge requirements.

Point of strength: dealing with the
non-linearity in data.

Generates importance ranking and causal
relationships for provided response
range.

Provides the optimal operating range for
the given thresholds.

High performance and computationally
efficient; more suitable for real-time
defect prediction and heterogeneous
datasets.

According to testing on several datasets, it
is suggested to use at least 350 samples
in order to achieve reasonable accuracy.

High dependency on domain knowledge
as a result of hybrid learning with data
and domain expertise.

Can handle non-linearity in the data.

Provides a generic cause for the overall
process.

No optimal range is given.

Computationally expensive.

Based on the performed benchmarking, it
is suggested to use at least 1000 samples
in order to achieve reasonable accuracy.

Appendix A. CausalNex

CausalNex (Quantumblack, 2020), is a hybrid learning tech-
nique with data and domain expertise that helps encode
substantial domain knowledge in models to ensure the correct
causal relationship is found while avoiding spurious relation-
ships. CausalNex, which uses Bayesian analysis, converts
continuous data into ordered categories (e.g. very low, low,
medium, high, very high). Table 10 presents a comparison
between SRF algorithm and CausalNex. Because the deliver-
ables of each algorithm are different (e.g. regarding whether
or not it provides an optimal range), a numerical comparison
between the two could not be conducted. Nonetheless, Table
10 highlights some differences between the two approaches
and identifies the areas where the SRF has an advantage over
CausalNex.
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Appendix B. Full Pseudocode and Variable
Glossary

This appendix provides an expanded pseudocode for the core
components of the SRF framework referenced in the main
text (Algorithms 4-9). Each algorithm includes inputs/out-
puts, leakage controls, and computational notes. Detailed
DPS procedure is described in Algorithm 9. A consolidated
glossary of symbols is provided in Table 11. Figures 18 and
19 describe the steps used in Algorithm 7.
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Algorithm 4: SRF: Fold-contained pipeline for mixed-
type tabular regression

Input: Labeled dataset L = {(X, y)} with continuous/categorical
features, K (folds), seeds S
Output: Trained forest(s), out-of-fold predictions, diagnostics,
optional DPS ranges
1 for outer foldk =1, ..., K do

2 Split L — (Lffa)in, Li’;{) using seed s¢; no record overlap.
(k)

train
and impute train/val with that fitted

3 Fit categorical encoder on L and transform both train/val.

. (k)
4 Fit missForest on L ;.

imputer.

5 if augmentation enabled then

6 Inside the training fold only: call Algorithm 5 to obtain
(Xt/rain’ yt,rain)‘

7 end

8 | for seeds € Sdo

9 Train RF on L‘(fa)in (or augmented set) across a small grid
of Nestimators and Mieaf.

10 Select forest size within a stability corridor: prefer the

smaller model unless the larger one yields a consistent,
seed-stable improvement above a minimal threshold.

11 end
L®

train

12 With the selected configuration, refit RF on and predict

Li’;} store out-of-fold predictions.

13 Optionally run DPS (Algorithm 6) on the fitted forest to
obtain optimal/avoidance ranges.

14 end

15 Aggregate metrics from out-of-fold predictions; compute
mean=sd, 95% Cls, paired tests.

16 Leakage controls: all encoders, imputers, augmentation, and
tuning are fit inside training folds; validation folds are never
used for fitting or model selection.

17 Complexity: dominated by missForest and RF training; per-fold
time (XB n’ My log n/) for RF and O(I Y vem Bonmy logn)
for missForest.

Algorithm 5: Classification-assisted augmentation for
regression (quantiles — SMOTE in feature space —
missForest)

Input: Training-fold features X, response y, bins G (e.g.,
quartiles), SMOTE «, per-bin cap p
Output: Augmented (Xpew, Ynew)

1 Compute bins b(y) € {1, ..., G} by response quantiles.

2 for each bin g do

3 Let 7, = {i : b(y;) = g}; apply SMOTE in feature space to
(X; :i € Ig}) with k-NN;

4 Limit synthetic count in bin g to < p - |1 |; drop syntheses
with large Mahalanobis distance; clip continuous features to
training-fold fences.

5 end

6 Form (X , ¥ = NA) from all bins, concatenate with (X, y), and
run missForest to impute §

7 Return Xpeyw = X U X and Ynew = Y U’;.

8 Notes: choose G=4 for very small dataset; reduce synthesis for
insignificant categories; disable if learning curves/variance
worsen.

9 Leakage: execute entirely inside the training fold.

Algorithm 6: DPS: Decision Path Search for opti-
mal/avoidance operating ranges

Input: Trained RF with B trees; per-leaf predictions y,; penalty
scaling (Tmin» Tmax)
Output: Per-factor optimal and avoidance ranges; separation
scores
1 fortreeb=1,..., Bdo
2 Collect leaves {¢}; for each leaf get prediction y, and decision
path P, (intervals for continuous; level sets for categoricals).
3 Map ¥ to penalty PM; € [0, 1] using (Tmin, Tmax); compute
within-tree go 25.
4 Tag leaf as optimal if PM, < qo .25, else avoidance; append
per-factor conditions from % into the corresponding pool.
5 end
6 For each factor f, merge overlapping optimal (and avoidance)
intervals; for categorical f, take level modes.
7 Compute a separation score s ¢ (e.g., non-overlap fraction of
optimal vs avoidance over total span) and rank factors.
8 Output: consolidated optimal and avoidance ranges by factor; s ¢
ranking; overlap cases as in interval taxonomy.
9 Complexity: path extraction O(}_, L); aggregation
O(p Zb Lp).

@ Springer



Journal of Intelligent Manufacturing

Table 11 Variable glossary for Algorithms 4—-6

Algorithm 7: SRF Missing Imputation Technique

Symbol Meaning
X,y Feature matrix and response vector in a fold
K Number of outer cross-validation folds

S Set of random seeds for stability auditing

G Number of response bins (quantiles) for augmentation
k SMOTE neighborhood size

0 Per-bin synthesis cap (ratio)

B Number of trees in the random forest

My Features considered at each split

Ly Number of leaves in tree b

Penalty scaling bounds (low=good; high=bad)

Sf DPS separation score for factor f

Input: Imbalanced training X, Target response Y
Output: Over-sampled Xy, Ynew
1 Calculate quartiles for response column
2 Categorise original samples based on response quartiles
3 Xnew, Ynew =SMOTE(X, Y); // Generate new samples
using SMOTE
4 Mark response values for the new generated samples as missing
5 Correct response value Y., with missForest iterations for all
data
6 return X,.,, View

Algorithm 8: Penalty Matrix (PM) Algorithm (Ransing
et al., 2013)

© Missing Imputation D

| Compfrison
¥ v
(2023) L ﬁj@tWork) P,
] ] v ¥ v
[ KDR J [ FAMD ] ( TSR )
[ | J

Applying SMOTE and
missForest sequentially to |
generate a new novel called
"SMOTE-Forest" for

augmentation y

J

KDR is well performed in order

to FAMD and TSR techniques

o

¥
SMOTE-Forest perform
better than KDR

Fig. 18 SRF Missing Imputation Technique vs. Other Techniques

-
(st
\

T

Step 1: Convert the problem e
temporary to classification by ..Da‘:se‘"
| following the below procedure ) N
h g ~—»| Step 2: Return the problem

l back to Regression
» - \
/ split the response values to four
different quartiles and, l
Categorise the original samples pE——
\_based on the response quartiles | ( Assign all the original data |
;f,/ | with it original response. /‘

Mark the response values for the

[Ql (0'25%9 (Qz (25750%)] [QZ‘ (50'75%9 E?A (75'100%3 new generated samples as
\ l I ‘ MISSING

Generate new synthetic samples using
SMOTE algorithm for each category to
create canditate that well balanced

Correct the response values with
missForest iterations on all ata

Fig. 19 SRF Regression oversampling technique
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1 Function PenaltyMatrix(f’, Thmin, Thipax) ¢

2 D=0,E=1
// For lower the better case (LB), while
D=1 and E=0 for higher the better
(HB)

3 V < size of (f’)

4 PM < Array of zeros(V)

5 for j=1 — V do

6 if ¥ < Thyi, then

7 | PM=D

8 else if ¥ > Thyax then

9 | PM=E

10 else

w ||| M= e

12 end

13 end

14 return PM

15 End Function
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Algorithm 9: Detailed DPS Procedure

1 Fit a Random Forest on the training set L

2 Optimal-Intervals=[]

3 Avoidance-Intervals=[]

4 forb =11t Bdo

5 Leafs = Collect all terminal nodes of tree b
6

PMpeafs < PenaltyMatrix(l?, T hiin, T hipay) (from
Algorithm 8)

PMgos < Quartile(PMpeqfs,0.25)

8 Optimal-Leaf=[]

9 Avoidance-Leaf=[]

=

10 fori =1, ..., njeqrs do

11 if PM[i] < PMg)s then

12 Optimal-Leaf < leaffi]

13 Draw a route from leaf[i] to root node

14 Optimal-Intervals[] <— Append all optimal interval for
each factor // factor split threshold
value

15 else

16 Avoidance-Leaf < leaf[i]

17 Draw a route from leaf[i] to root node

18 Avoidance-Intervals [] <— Append all avoidance
interval for each factor // factor split
threshold value

19 end

20 end

21 end

N

2 Optimal-Interval=[] // estimate the optimal
intervals for every factor

23 Avoidance-Interval=[] // estimate the avoidance

intervals for every factor

24 for j=1ton do

5 | f < X[j]

26 if f is quantitative then

27 Optimal-Interval[ j ]= mean(Optimal-Intervals[ j])

28 ‘ Avoidance-Interval=[ j]= mean(Avoidance-Intervals[ j])

29 else

30 Optimal-Interval[ j]= mode(Optimal-Intervals[ j])

31 Avoidance-Interval=[ j ]= mode(Avoidance-Intervals| j ])

32 end

33 end

3¢ Compare optimal and avoidance intervals

Appendix C. Hyperparameter Grids, Sensitiv-
ity Corridors, and Compute Profile

This appendix consolidates technical details that complement
Sections Statistical and robustness protocols, Computational
complexity and scalability, and Baselines and hyperparame-
ters: (i) full hyperparameter grids explored for all learners, (ii)
extended sensitivity and seed-stability steps for the RF/SRF
backbone, and (iii) compute environment and runtime pro-
file.

Table 12 Hyperparameter grids used in cross-validation sweeps. Val-
ues shown are all candidates tried inside CV

Method / Parameter Grid values

RF / SRF

n_estimators {50, 100, 200, 300, 500}
max_features {/P, 0.5, auto}
min_samples_leaf {1,2,3,5}

XGBoost
n_estimators

learning_rate

{300, 600, 900}
{0.03, 0.05, 0.1}

max_depth {3,6,8}
subsample {0.7,0.9, 1.0}
colsample_bytree {0.7,0.9, 1.0}
reg_lambda {0, 1,5}
LightGBM

num_leaves {31, 63, 127}
max_depth {-1,6, 10}
learning_rate {0.03, 0.05, 0.1}
feature_fraction {0.7,0.9, 1.0}
bagging_fraction {0.7,0.9, 1.0}
CatBoost

iterations {500, 1000}
depth {4,6, 8}
learning_rate {0.03, 0.05, 0.1}
12_leaf_reg {1,3,5}

C.1 Full Hyperparameter Grids

Table 12 reports the full set of hyperparameter candidates
evaluated during cross-validation (CV). The grids cover key
structural, learning, and regularization parameters for each
model, ensuring systematic search across comparable con-
figurations while maintaining computational efficiency.

Sensitivity and Seed-Stability Tests
Sensitivity analyses extend Figure 17 in the main text. For
each dataset, RMSE was tracked against forest size and seeds

to audit stability. Representative additional panels are given
in Figures 20 and 21 (Nickel, Concrete, and Power Plant).
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Fig.20 Seed-stability
diagnostics: RMSE mean=sd
per seed (10-fold CV). Panels
show variance across seeds for
Nickel, Power Plant, Concrete,
and Energy Efficiency datasets

Fig.21 Extended sensitivity
tests: RMSE vs. forest size
(error bars = fold sd) with
separate lines for
min_samples_leaf
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C.3 Compute Environment and Runtime Profile
Experiments were run on a workstation with 32 cores
(Intel Xeon Silver), 128 GB RAM, and Ubuntu 22.04,
Python 3.13, scikit-learn 1.5, CatBoost 1.2, LightGBM 4.2,
and XGBoost 2.0. Parallelisation was enabled across CV
folds and RF trees. Typical wall-clock times per dataset under
10-fold CV were:

e Nickel (60— 360 records after augmentation): ~3 min-
utes.

Concrete (1030 records): A&7 minutes.

Energy Efficiency (768 records): 26 minutes.

Power Plant (9568 records): ~40 minutes.
Student—Mathematics (395 records): &5 minutes.
Student—Portuguese (649 records): &6 minutes.

Runtime was dominated by missForest iterations and forest
training; DPS extraction added < 5% overhead. Augmenta-
tion was capped at n’/n < 6 to control memory footprint.

Appendix D. Extended Statistics: Per-Fold
Summaries & Paired Tests

This appendix presents fold-wise metrics, confidence inter-
vals, and paired ¢-tests for all datasets and methods. Results
are programmatically exported from the evaluation pipeline
and correspond to the main-text summaries. Pairwise sig-
nificance is assessed via a paired ¢-test and Wilcoxon
signed-rank test on fold-wise metric differences.

D.1 Per-fold CV Statistics (All Datasets)

Table 13 summarizes the cross-validated performance for
each dataset and model. Values are mean=+std across K folds
with two-sided 95% CIs, computed from out-of-fold predic-
tions under the leakage-safe protocol.
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Table 13

statistics by dataset, model, and

metric.

Cross-validated
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Dataset Model Metric K Mean=+Std 95% CI

Concrete BaselineRF R? 10 0.903+0.025 [0.886, 0.921]
Concrete CatBoost R? 10 0.927£0.018 [0.914, 0.940]
Concrete LightGBM R? 10 0.931+0.019 [0.918, 0.945]
Concrete SRF R? 10 0.903£0.025 [0.886, 0.921]
Concrete XGBoost R? 10 0.933+0.017 [0.921, 0.945]
Concrete BaselineRF RMSE 10 5.133+0.707 [4.627, 5.638]
Concrete CatBoost RMSE 10 4.45940.639 [4.002, 4.916]
Concrete LightGBM RMSE 10 4.333+0.702 [3.831, 4.835]
Concrete SRF RMSE 10 5.133+0.707 [4.627, 5.638]
Concrete XGBoost RMSE 10 4.26440.640 [3.806, 4.721]
Energy Efficiency BaselineRF R? 10 0.997+0.001 [0.996, 0.997]
Energy Efficiency CatBoost R? 10 0.996£0.007 [0.991, 1.000]
Energy Efficiency LightGBM R? 10 0.997+0.003 [0.994, 0.999]
Energy Efficiency SRF R? 10 0.997+£0.001 [0.996, 0.997]
Energy Efficiency XGBoost R? 10 0.996+0.007 [0.991, 1.000]
Energy Efficiency BaselineRF RMSE 10 0.573+0.090 [0.509, 0.637]
Energy Efficiency CatBoost RMSE 10 0.536+0.280 [0.336, 0.737]
Energy Efficiency LightGBM RMSE 10 0.5224+0.175 [0.397, 0.648]
Energy Efficiency SRF RMSE 10 0.573+0.090 [0.509, 0.637]
Energy Efficiency XGBoost RMSE 10 0.569+0.267 [0.378, 0.759]
Nickel BaselineRF R? 10 0.269+0.556 [-0.129, 0.667]
Nickel CatBoost R? 10 0.906+0.053 [0.868, 0.943]
Nickel LightGBM R? 10 0.898+0.062 [0.853, 0.943]
Nickel SRF R? 10 0.871£0.086 [0.810, 0.933]
Nickel XGBoost R? 10 0.910+0.056 [0.870, 0.950]
Nickel BaselineRF RMSE 10 0.051+0.034 [0.026, 0.075]
Nickel CatBoost RMSE 10 0.017+0.005 [0.013, 0.020]
Nickel LightGBM RMSE 10 0.017+0.005 [0.013, 0.021]
Nickel SRF RMSE 10 0.019+0.006 [0.014, 0.023]
Nickel XGBoost RMSE 10 0.016+0.005 [0.012, 0.020]
Power Plant BaselineRF R? 10 0.962+0.008 [0.957, 0.968]
Power Plant CatBoost R? 10 0.957+0.006 [0.952, 0.961]
Power Plant LightGBM R? 10 0.960+£0.006 [0.956, 0.965]
Power Plant SRF R? 10 0.962+0.008 [0.957, 0.968]
Power Plant XGBoost R? 10 0.966+0.006 [0.961, 0.970]
Power Plant BaselineRF RMSE 10 3.29940.312 [3.076, 3.522]
Power Plant CatBoost RMSE 10 3.54340.231 [3.378, 3.708]
Power Plant LightGBM RMSE 10 3.3874+0.234 [3.219, 3.554]
Power Plant SRF RMSE 10 3.29940.312 [3.076, 3.522]
Power Plant XGBoost RMSE 10 3.1524+0.239 [2.981, 3.323]
Student—Mathematics BaselineRF R? 10 0.848+0.106 [0.773, 0.924]
Student—Mathematics CatBoost R? 10 0.852+0.105 [0.777, 0.926]
Student—Mathematics LightGBM R? 10 0.83540.108 [0.758, 0.912]
Student—Mathematics SRF R? 10 0.848+0.106 [0.773, 0.924]
Student—Mathematics XGBoost RMSE 10 1.602+0.551 [1.208, 1.996]
Student—Portuguese BaselineRF R? 10 0.834£0.065 [0.788, 0.880]
Student—Portuguese CatBoost R? 10 0.823+0.090 [0.759, 0.887]
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Table 13 continued

Dataset Model Metric K Mean=+Std 95% C1

Student—Portuguese LightGBM R? 10 0.80540.088 [0.742, 0.868]
Student—Portuguese SRF R? 10 0.833+0.091 [0.769, 0.898]
Student—Portuguese XGBoost RMSE 10 1.250+0.292 [1.041, 1.459]
Student—Portuguese CatBoost RMSE 10 1.280+£0.428 [0.974, 1.586]
Student—Portuguese LightGBM RMSE 10 1.343+0.347 [1.095, 1.592]
Student—Portuguese SRF RMSE 10 1.23240.402 [0.944, 1.519]
Student—Portuguese XGBoost RMSE 10 1.299+0.402 [1.011, 1.587]

Values are mean=sd across K -folds with two-sided 95% Cls computed as x £ 1x_1,0.975 ﬁ from out-of-fold

predictions under the leakage-safe protocol. For R? (bounded on [0, 1]), Cls are reported with truncation to

[0, 1]

D.2 Paired Tests (All Datasets)

Table 14 reports paired ¢-tests across folds for SRF vs. each
baseline per dataset and metric. Negative ¢-values indicate
SRF is lower than the baseline on the given metric; for
RMSE (lower is better), negative is favourable for SRF; for
R? (higher is better), positive is favourablefor SRF.

@ Springer



Journal of Intelligent Manufacturing

Table 14 Paired 7-tests by dataset, metric, and comparison

Dataset Metric Comparison n pairs t-stat p-value Direction
Concrete R? SRF vs BaselineRF 10 - - identical
Concrete R? SRF vs CatBoost 10 -6.030 <1073 higher_is_better
Concrete R? SRF vs LightGBM 10 -9.143 <1073 higher_is_better
Concrete R? SRF vs XGBoost 10 -8.082 <1073 higher_is_better
Concrete RMSE SRF vs BaselineRF 10 - - identical
Concrete RMSE SRF vs CatBoost 10 6.053 <1073 lower_is_better
Concrete RMSE SRF vs LightGBM 10 9.484 <1073 lower_is_better
Concrete RMSE SRF vs XGBoost 10 8.073 <1073 lower_is_better
Energy Efficiency R? SRF vs BaselineRF 10 - - identical
Energy Efficiency R? SRF vs CatBoost 10 -0.933 0.375 higher_is_better
Energy Efficiency R? SRF vs LightGBM 10 -2.039 0.072 higher_is_better
Energy Efficiency R? SRF vs XGBoost 10 -0.742 0.477 higher_is_better
Energy Efficiency RMSE SRF vs BaselineRF 10 - - identical
Energy Efficiency RMSE SRF vs CatBoost 10 1.645 0.134 lower_is_better
Energy Efficiency RMSE SRF vs LightGBM 10 2.188 0.056 lower_is_better
Energy Efficiency RMSE SRF vs XGBoost 10 1.257 0.240 lower_is_better
Nickel R? SRF vs BaselineRF 10 3.542 0.006 higher_is_better
Nickel R? SRF vs CatBoost 10 -1.512 0.165 higher_is_better
Nickel R? SRF vs LightGBM 10 -1.472 0.175 higher_is_better
Nickel R? SRF vs XGBoost 10 -2.359 0.043 higher_is_better
Nickel RMSE SRF vs BaselineRF 10 -3.243 0.010 lower_is_better
Nickel RMSE SRF vs CatBoost 10 1.546 0.156 lower_is_better
Nickel RMSE SRF vs LightGBM 10 1.477 0.174 lower_is_better
Nickel RMSE SRF vs XGBoost 10 2.786 0.021 lower_is_better
Power Plant R? SRF vs BaselineRF 10 - - identical

Power Plant R? SRF vs CatBoost 10 6.740 <1073 higher_is_better
Power Plant R? SRF vs LightGBM 10 -1.078 0.309 higher_is_better
Power Plant R? SRF vs XGBoost 10 -17.864 <1073 higher_is_better
Power Plant RMSE SRF vs BaselineRF 10 - - identical

Power Plant RMSE SRF vs CatBoost 10 -7.077 <1073 lower_is_better
Power Plant RMSE SRF vs LightGBM 10 1.223 0.252 lower_is_better
Power Plant RMSE SRF vs XGBoost 10 16.130 <1073 lower_is_better
Student—Mathematics R? SRF vs BaselineRF 10 - - identical
Student—Mathematics R2 SRF vs CatBoost 10 -0.192 0.852 higher_is_better
Student—Mathematics R? SRF vs LightGBM 10 0.941 0.371 higher_is_better
Student—Mathematics R? SRF vs XGBoost 10 0.141 0.891 higher_is_better
Student—-Mathematics RMSE SRF vs BaselineRF 10 - - identical
Student—Mathematics RMSE SRF vs CatBoost 10 -0.488 0.637 lower_is_better
Student—Mathematics RMSE SRF vs LightGBM 10 -1.613 0.141 lower_is_better
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Table 14 continued

Dataset Metric Comparison n pairs t-stat p-value Direction
Student—Mathematics RMSE SRF vs XGBoost 10 -0.568 0.584 lower_is_better
Student—Portuguese R? SRF vs BaselineRF 10 -0.025 0.981 higher_is_better
Student—Portuguese R? SRF vs CatBoost 10 0.946 0.369 higher_is_better
Student—Portuguese R? SRF vs LightGBM 10 2.071 0.068 higher_is_better
Student—Portuguese R? SRF vs XGBoost 10 1.925 0.086 higher_is_better
Student—Portuguese RMSE SRF vs BaselineRF 10 -0.105 0.919 lower_is_better
Student—Portuguese RMSE SRF vs CatBoost 10 -1.147 0.281 lower_is_better
Student—Portuguese RMSE SRF vs LightGBM 10 -2.363 0.042 lower_is_better
Student—Portuguese RMSE SRF vs XGBoost 10 -1.859 0.096 lower_is_better
I:S'z;eolsfof:‘;"i‘::Eﬁgg‘me Dataset Mean diff (SRE—RF) 3 PWilcoxon Cohen’s d
differences (SRF — Baseline Nickel ~0.031822 0.011468 0.005859 ~1.001
RF) across six datasets (10-fold
CV). Concrete 0.000000 - - 0.000
Energy Efficiency 0.000000 - - 0.000
Power Plant 0.000000 - - 0.000
Student—-Mathematics 0.000000 - - 0.000
Student—Portuguese —0.018000 0.919000 - —0.045

Negative mean difference indicates SRF lower RMSE (better). Both a paired ¢-test and Wilcoxon signed-rank
test are reported. “—” = not applicable (identical OOF predictions)

D.3 Paired Tests (Wilcoxon + t-test) across datasets

Table 15 presents paired comparisons between SRF and RF
using fold-wise RMSE differences. Mean differences (nega-
tive favour SRF), along with t-test, Wilcoxon test, and Cohen,
indicate performance gaps and their statistical significance
across datasets.

D.4 Reproducibility Notes

All metrics are computed from out-of-fold predictions under
a K-fold cross-validation protocol with fixed seeds and fold-
contained preprocessing (encoding, missForest imputation),
optional augmentation (quantile-binning — SMOTE in fea-
ture space — missForest), and model fitting. No validation

fold information is used for fitting or hyperparameter selec-
tion. Confidence intervals are two-sided 95% using Student’s
t distribution. Paired tests compare fold-wise SRF and base-
line metrics using the same splits.

Appendix E. Leakage Sanity and Learning
Curves

This appendix consolidates two diagnostic families across
all datasets: (i) leakage sanity experiments that verify the
fold-contained pipeline does not leak information, and (ii)
learning curves that characterise generalisation as training
size increases.

Table 16 Leakage sanity check:

validation RMSE (mean + sd) Dataset Baseline NoiseOnly PermutationY TargetAsFeature

under four conditions. Concrete 5.143£0691  17.1854+0849 18160+ 1320  0.151 4 0.091
Energy Efficiency 0.589 + 0.093 10.307 + 0.428 10.710 + 0.533 0.083 £+ 0.034
Nickel 0.051 £ 0.034 0.079 £ 0.022 0.079 £ 0.032 0.014 £ 0.012
Power Plant 3.303 £ 0.310 17.402 £ 0.217 17.667 £+ 0.258 0.039 £ 0.041
Student—Mathematics 1.624 + 0.548 4.702 £ 0.592 4.634 £ 0.595 0.088 £ 0.066
Student—Portuguese 1.254 + 0.293 3.284 + 0.525 3.308 £ 0.413 0.105 £ 0.058

Baseline is leakage-safe; NoiseOnly and PermutationY collapse performance; TargetAsFeature produces

spuriously optimistic errors
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E.1 Leakage Sanity

Each panel reports validation RMSE under four conditions:

Baseline (leakage-safe),NoiseOnly, Permutationy,
and TargetAsFeature. Performance collapses to chance

when label information is destroyed and appears spuriously

optimistic only when TargetAsFeature is enabled, con-

firming the efficacy of leakage controls. Table 16 reports a
leakage sanity check using validation RMSE under four con-

ditions. Baseline is leakage-safe, NoiseOnly and Permutation

degrade performance, while TargetAsFeature shows artifi-

cially optimistic results to confirm correct leakage control.

Fig.22 Full learning-curve

Nickel_PipelineFoldSafe: Learning Curve

E.2 Full Learning-Curve Panels

Figure 22 reports the extended learning curves generated
under the fold-contained (PipelineFoldSafe) protocol for all
six datasets. Each panel shows validation RMSE against the
proportion of training data used (10%—100%), averaged over
10 CV folds.

Appendix F. Extended SHAP and DPS Visual-
izations
This appendix provides per-dataset interpretability panels

that complement the main text: (i) SHAP summaries for
feature attribution (additive Shapley explanations for tree
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ensembles), (ii) DPS-derived optimal/avoidance operating-
window visualizations aggregated from decision paths.

F.1 SHAP (Feature Attribution)

Figure 23 shows the extended SHAP summary plots for all
six case studies. The plots explain how each input factor (fea-
ture) influences the model predictions. Each dot represents
an individual data point. The color of each dot indicates the
original factor value from the dataset, with red representing
high factor values and blue representing low factor values.
The position of each dot along the horizontal axis gives the
SHAP value, which is calculated from the trained model and
measures the contribution of that factor to the predicted out-
put. Positive SHAP values increase the prediction, whereas
negative SHAP values decrease it. Factors with larger spreads
of SHAP values have a stronger effect on the model output
and are therefore more important.

F.2 DPS Operating-Window Ranges

For each case study, the Figure 24 shows the original operat-
ing range and the discovered optimal or avoid range for each
factor. The full-height bar represents the original operating
range considered in the case study, while the shorter colored
segment shows the range identified by the analysis. Cyan seg-
ments indicate optimal operating ranges, and black segments
indicate ranges to avoid. Each panel corresponds to one fac-
tor, with the vertical axis showing the factor value and the
horizontal positions separating the original range from the
discovered range.
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Fig.23 Extended SHAP
summary plots for all six
datasets
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Fig.24 DPS-derived optimal/avoidance operating-window ranges for all six datasets

F.3 SHAP (Bar Plots)

The SHAP bar plots in Figure 25 report the mean absolute
SHAP values calculated across the validation predictions for
each dataset. These values represent the average magnitude

of each factor’s contribution to the model output and provide
a global ranking of factor importance.
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Fig.25 SHAP bar plots across six datasets
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Appendix G. Extra Comparison ‘Figures &
Tables’

This appendix retains prior visualisations and tables for trans-
parency while the main text focuses on the leakage-safe
protocol and strong baselines.

G.1 Scatter/Regression Plots

Figure 26 reproduces the predicted—observed scatter for the
industrial nickel-based superalloy dataset using the SRF
model.

Random Forest Regression Model
R2 is: 0.813 RMSE is: 0.000699

£ 0.15 A

dicted Response

5 0.10 1

s

Pre

0.05

0.00 4

0.00 0.05 0.10 0.15 0.20 0.25
Actual Response

Fig.26 SRF scatter: predicted vs. observed (Nickel)

G.2 Student Performance: Fold-wise RMSE and
Method Comparison

Table 17 lists raw 10-fold RMSE values for the Student Per-
formance datasets (Mathematics, Portuguese). In the updated
results (Table 6), all methods are re-evaluated under a single
leakage-safe protocol with confidence intervals and paired
tests.

Table 18 presents a comparison that includes SVM, NN,
Naive Bayes (NV), Decision Tree (DT), RF, and SRF. These
figures come from a non-unified evaluation context and may
not reflect the leakage-safe pipeline or tuned booster base-
lines used in the main results.

Figure 27 reproduces the panels contrasting SRF predic-
tions with a reference regression plot from the public report
on the Student dataset. This paper provides unified SHAP,
PD/ICE, DPS comparisons and cross-validated metrics in
Section DPS vs. SHAP and PD/ICE and Appendix F.
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Table 17 RMSE for 10-fold CV

on Student Performance ! 2 3 4 > 6 ’ 8 o 10 Mean
(Math/Portuguese) RMSEyvenn 176 112 165 230 113 189 208 179 144 135 165
RMSEpo 129 152 099 092 1.85 .52 072 111 099 1.18 1.21
Table 18 RMSE comparison .
for different algorithms (Student Algorithm SVM N v DT RF SRE
Performance) RMSEpan 2.09 2.05 2,01 1.94 175 1.65
RMSEport 1.35 1.36 1.32 1.46 1.32 1.21
[
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(a) SRF prediction.

Fig.27 Student Performance: regression panels for Mathematics
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